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Urbanization offers opportunities for better lives and amenities globally, yet it brings considerable
challenges. The combination of the network congestions, the inequity complaints, the unbalanced
supply and demand of traffic resources, and gaps in integrating traffic needs with emerging
technologies are converging to expand our understanding of smart traffic systems from a holistic
point of view. To address these challenges, it is necessary to develop smart, cooperative, and
equitable next-generation transportation systems. These systems need to integrate the machine
intelligence to accomplish three key tasks: capturing real-time, accurate traffic information
through sensors, integrating advanced data processing and analytical tools, and providing

trustworthy services to roadway users without discrimination.

This dissertation explores the customization of vital technologies and requisite methods for
constructing trustworthy next-generation traffic systems. Specifically, the thesis advocates for a
tripartite framework that aligns trustworthiness across three essential components: the data,
methodological, and system levels, which denotes the intelligent transportation systems that are
more cooperative, accurate, reliable, and less discriminatory. These systems and methods exploit

the combination of tailored machine learning methods, along with distributed computing systems,



to propose promising solutions for three key tasks: 1) Cooperative Traffic Perception — develop a
privacy-aware cooperative sensing system through learning cross-sensor visual representations. A
pioneering edge-empowered cooperative multi-camera perception system has been proposed and
tested based on Internet of Things architecture. 2) Multimodality Data Fusion — pertain to
advancing the customization of machine learning and feature fusion methodologies for multimodal
data representations, with the aim of providing accurate and timely future traffic information for
both roadway users and managers. Currently, the traffic forecasting approaches face obstacles such
as limitations supporting multiple sensor modalities, insufficient traffic domain knowledge
integrations, and poor generalization across heterogeneous traffic network structures. The works
develop customized representation learning methodologies to predict traffic patterns of different
scales and input formats. These proposed methods have outperformed sixteen cutting-edge
machine learning approaches in predicting route speeds for hundreds of users, parking lot
occupancy for nineteen lots, and network-scale congestion in cities worldwide. 3) Demonstrating
Pilot Cooperative and Equitable Traffic Infrastructure Systems for mobility, safety, and equity
enhancement. The systems utilize customized representation learning and edge computing
approaches to address critical transportation needs. These include developing a human-machine
cooperative automatic traffic signal assistance system for Vulnerable Road Users (VRU) and
creating a vehicle recognition framework that takes unbalanced data samples into consideration.
The outstanding performance of these representation learning methods significantly enhances both
inter and intra-cooperation within traffic systems, from the perspectives of sensors, data, system,
and their methodologies. Furthermore, advancements in the precision, generalization and privacy
preservation underscore the substantial benefits of integrating transportation domain needs into
machine learning and advanced computing research, which is pivotal for the future development

of trustworthy smart traffic systems.
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Chapter 1. Background and Introduction

1.1 BACKGROUND

1.1.1 ADVANCEMENT OF SMART TRANSPORTATION SYSTEMS

Urbanization, while affording numerous opportunities globally, simultaneously presents con-
siderable challenges due to escalating demands and limited resource in urban regions. Fortu-

nately, the advent of the fourth industrial revolution, propelled by transformative technolo-



gies such as Artificial Intelligence (AI), Information and Communication Technologies (ICT),
and the Internet of Things (IoT), has enhanced the capability of urban Cyber-Physical Systems
(CPS) for advanced perception, interaction, and control among users, vehicles, and infrastruc-
ture systems. As urbanization and technological evolution coalesce amid shifting societal and
political landscapes, current limitations - traffic network congestions [3], discrimination com-
plaints [4], data biases and privacy issues [5], imbalanced network resource distribution in rural
and urban regions [6], and the integration gaps between domain knowledge and technologies
applications [7] - collectively push our holistic understanding of smart cities and future traffic
systems.

The integration of Al and IoT technologies has empowered cities with more intelligent sens-
ing and adjustment capabilities. This has enabled cities to collect data through various sensors
and utilize automated analysis technologies to make better decisions and improve multiple per-
spectives such as safety, efficiency and equity. A smart city can be primarily divided into three
layers: the technology/sensor base, the middle layer responsible for data fusion and mining, and
the broad application layer that most residents interact with [8]. Intelligent Transportation Sys-
tems (ITS), a significant component of smart cities, aim to provide innovative services related to
various modes of transport and traffic management. They enable users to be better informed,
making their use of transport networks safer, more coordinated and more efficient [9]. Daily
commuters can access real-time traffic information and adjust their travel plans, while traffic
management agencies can automatically acquire and analyze dynamic traffic data using edge
sensors and Al algorithms. Big traffic data helps build robust prediction and controlling models
to optimize traffic flow and help more diverse users. By 2025, ITS is expected to reduce com-

mute time by over 15% on average, depending on the city’s scale, transit system construction,



and commuting patterns [10].

1.1.2 TRAFFIC PERCEPTION SENSORS AND TECHNOLOGIES

Data collection and analysis constitute essential elements of smart and cooperative traffic sys-
tems, as they furnish vital information for numerous traffic services, including traffic flow pre-
diction and traffic signal timing optimization [11]. Typically, these operations encompass two
phases carried out on distinct platforms. The initial phase involves data gathering through an
assortment of sensors, each boasting unique advantages and adaptability to different circum-
stances. Vision-based sensing systems, like RGB cameras, are predominantly employed in ITS
due to their extensive coverage, scalable deployment, and mature analytical algorithms [12].
Cameras hold a crucial role in contemporary data collection frameworks as they provide visual
data analogous to human observations, which is convenient for manual examination. Further-
more, the maturity of vision-based analysis algorithms and tools facilitates a swift automated
analysis process. With the advent of IoT technologies, cameras find utility in numerous I'TS
applications, including traffic enforcement, parking space monitoring, traffic flow estimation,
vehicle tracking, vehicle reidentification, and collision avoidance [13].

Additionally, automotive radars have found wide application in parking assistant systems
and automated speed-camera enforcement, where only coarse object features are necessary [14].
Meanwhile, Light Detection and Ranging (LiDAR) presents more precise distance measure-
ments and denser data points by deploying laser pulses, rendering it suitable for 3D reconstruc-
tion, albeit at a higher cost [15]. In terms of price and scalability, magnetic sensors outshine the
others, yet they remain susceptible to fluctuations induced by passing heavy vehicles. Recent ad-

vancements in sensing technologies have diversified data collection alternatives, leading to system



deployment decisions based on factors such as cost, accuracy, and application scenarios. Con-
sequently, sensor fusion, which involves the amalgamation of multiple sensors, is a preferred
strategy to tackle complex situations. Autonomous Vehicles (AVs), for instance, integrate radar,
LiDAR and cameras in their perception systems for superior 3D scenario reconstruction. Here,
radar can be employed to perceive depth information. And LiDAR provides 3D information,
cameras contribute detailed target data, such as surfaces and categories. However, the variety of
sensor types, massive data volume, and diverse analysis tasks require precise and efficient data
processing and modeling capabilities, presenting many challenges to researchers. Given the es-
calating demand for autonomous vehicles and intelligent data-driven services, the choice, de-
ployment, and integration of suitable sensors, attuned to the requirements of specific tasks, are

progressively becoming pivotal to the success of I'TS.

1.1.3 MACHINE LEARNING AND EDGE COMPUTING FOR TRAFFIC DATA ANALYTICS

The expansion of urban areas has led to the construction and upgrading of transportation facil-
ities such as roadways and transit centers. Monitoring these regions is crucial to ensure traffic
safety and efficiency, and transportation agencies and commuters also require real-time traffic
information to make informed decisions. To sense traffic, various sensors such as cameras, radars
and LiDARs are installed, and different regions may require distinct sensing tasks, such as ve-
hicle counting and pedestrian tracking. So, the multimodality data refers to data that comes
from different sources or modalities, such as images, videos, sensor data, text, and audio [16].
In transportation systems, multimodality data can come from various sources, including: traffic
cameras, GPS and trajectory data, social media data, users’ attributes data, weather data transit

data. [17]



Presently, traffic managers and agencies depend on cloud servers for data processing. Stan-
dard cloud computing-based traffic sensing systems have two distinct stages - data collection and
transmission, followed by data analysis on cloud servers [18]. Yet, with broader monitoring cov-
erage and diverse sensing tasks comes heightened data volume and workload on the computing
platform. This demand necessitates increased computer resources and transmission bandwidth,
particularly with the growing number of sensors. AVs, reliant on onboard computing with
weaker processing power compared to cloud platforms, exacerbate this issue [19]. Although
enhancing computing power by adding more devices or upgrading existing ones is a solution,
it is challenging to align the server-side computing power with growing traffic data within the
current framework. Additionally, data processing delays can be significant and intolerable for
time-sensitive applications such as traffic safety monitoring and anomaly detection.

Current research in this domain has primarily focused on refining the accuracy of algorith-
mic frameworks. However, this trajectory raises a concern: the unique characteristics inherent
to transportation applications might be overshadowed or undervalued. As the data volumes
in ITS applications burgeon, there’s a discernible shift toward the urgent requirements of effi-
ciency, privacy, and reliability [20]. This evolution underscores a mounting demand for profi-
cient algorithms and frameworks to adeptly handle the expanding data volumes. Emphasizing
the increasing need for algorithmic efficiency, especially in systems lacking high-performance
computing capabilities, highlights the urgency to decrease their reliance on such infrastructures
[21]. Achieving this mandates a focus on algorithmic efficiency and the repercussions on privacy
when integrating data processing algorithms in ITS. This perspective becomes even more im-
portant when implementing methodologies that leverage deep learning; these typically require

greater computational resources than conventional machine learning algorithms using hand-



crafted feature descriptors. Additionally, employing high-resolution imagery and feature pyra-
mids to amplify object detection precision results in augmented computational operations and a
concomitant dip in inference speed. Prioritizing the creation of efficient algorithms can reduce
dependency on high-end computing hardware, consequently amplifying the accessibility and
scalability of intelligent systems within I'TS applications.

The adoption and integration of edge computing technology are becoming increasingly promis-
ing solutions [21]. Edge computing, a distributed computing technology, enables data process-
ing and analysis at the network edge, closer to the data generation source. Unlike traditional
cloud computing, which relies on centralized data processing and storage in remote data cen-
ters, edge computing leverages the computing power and storage capacity of edge devices such
as sensors, mobile devices, gateways and even moving platforms. By processing and analyzing
data locally, edge computing reduces latency, improves data privacy and security, and enables
real-time decision-making in time-sensitive applications. Therefore, reducing dependency on
high-performance computing machines by adopting cost-eftective edge computing approaches

and improving algorithm efficiency and data privacy are crucial.

1.1.4 LEARNING MULTIMODALITY DATA REPRESENTATIONS FOR TRAFFIC TASKS

Machine learning (ML), especially with the advent of deep learning techniques, is revolution-
izing transportation. A noteworthy branch of deep learning that has significantly impacted
this area is representation learning. Representation learning is crucial in traffic research com-
munity, as it enables machines to understand and create a compact representation of complex,
high-dimensional data. The learned representations or features can enhance the performance of

downstream tasks. The necessity for representation learning stems from the inherent complex-



ity, high-dimensionality, and lack of structure in raw data common in real-world applications.
Traditional ML algorithms often necessitate handcrafted features or representations. This ap-
proach can be labor-intensive and may fail to capture the most relevant information in the data.

In contrast, representation learning empowers machines to autonomously discern the most
pertinent and discriminative features from the raw data, bypassing the need for human inter-
vention. This is made possible through neural networks capable of hierarchically representing
the data. This strategy is particularly effective when dealing with complex, multi-modal data
prevalent in transportation systems. The multimodal data collected by diverse sensors can be
harnessed to learn effective representations encapsulating key traffic pattern features. By uti-
lizing varied data sources like loop detectors, images, videos, weather conditions, and attribute
data, traffic managers can attain a more comprehensive understanding of traffic patterns, cul-
minating in more accurate predictions and enhanced decision-making. In recent years, Rep-
resentation learning has been used in transportation to perform tasks such as traffic prediction,
routing optimization, and vehicle detection [22, 23]. By learning the underlying structure of the
data, representation learning algorithms can extract and fuse more diverse and accurate insights
from the heterogeneous data. These improvements can lead to more precise results, reduced

emissions, and better overall transportation efficiency and reliability.

1.2 CHALLENGES OF CUSTOMIZING TRUSTWORTHY INTELLIGENT TRANSPORTATION SYS-

TEMS

With the encouragement of urbanization, transportation agencies have been using various sen-
sors to monitor newly constructed transportation facilities, including high-resolution cameras,

LiDAR and radar sensors that require larger transmission bandwidth and more computing re-



sources to collect information. Despite the significant benefits that advancements of sensor and
machine learning technologies have brought to traffic tasks in ITS, emerging challenges have
hindered its next-step development and large-scale implementation, as previously highlighted in
studies such as [24, 25, 26, 27]. Today, there is a growing demand for more detailed and diverse
information for both the public and transportation agencies and roadway users.

Obviously, with the rapid expansion of the sensor network and increased sensing tasks, the
centralized computing framework may not be able to keep up. Besides, the insufficient cross-
sensor cooperation hugely limited the network-scale data collection and information estimation.
Further, the machine learning community is also challenged by the problem of multimodal-
ity data format, unbalanced training data, the algorithms’ reliability and robustness which can
lead to poor generalization ability in transferring algorithms to real-world application scenarios.
Additionally, ITS applications’ data quality is not always stable due to adverse environmental
conditions that affect traffic sensing. To address these issues, this dissertation aims to design
customized representation learning algorithms that can be adapted to edge devices for ITS ap-
plications. Specifically, four challenges related to traffic perception, modeling, and applications

for roadway infrastructures is involved.

1.2.1 INSUFFICIENT MULTI-SENSOR COOPERATION

With the rapid development of video processing and communication technology, different types
of sensors are widely deployed in the current ITS. However, current perception systems, e.g., the
broad-coverage traffic surveillance systems, have not been fully exploited: the installed cameras
are separated and only can extract information from their own Field of Views (FoVs). Although

video processing methodologies have been well-investigated by previous researchers, most of



them focus on the traffic parameters estimation and video analysis from a single-camera input
[28, 29, 30, 31]. In most cases, the cross-camera traffic information, i.e., link travel time, link
speed, origination and destination distribution, still can not be obtained automatically. Manu-

ally extracting and summarizing them are time-consuming and labor-intensive for most agencies.

1.2.2 LIMITED MULTIMODALITY DATA FEATURE EXTRACTION AND FUSION APPROACHES

Transportation data comes from various sources, including RGB cameras, radars, GPS location
sensors, and even weather sensors. To effectively analyze this data, machine learning algorithms
must be able to extract relevant features from multiple modalities and fuse them to make accu-
rate predictions. A crucial requirement is to build a unified framework to handle various traffic
data modalities. This is motivated by practical demands, as the types of trafhic sensors used by the
Department of Transportations contain a broad spectrum, including magnetic loops, surveil-
lance cameras, on-board sensors in vehicles, and cell phone applications, among others, and they
vary region by region. The collected data could contain traffic attributes, static road attributes,
and beyond.

In general, the collected traffic data can be naturally divided into two types w.r.t. the data
acquisition/storage modality: the GPS grid modality and the detector graph modality 32, 33].
The GPS grid modality data [34, 35, 36] mainly resort to the GPS signal of a large fleet of probe
vehicles. It usually divides the city map into tractable regular grids, then summarizes the road
and traffic attributes into each grid cell. On the other hand, in the detector graph modality
data, the traffic flow parameters are mainly measured by the loop detectors, which are then sum-
marized into a topological graph based on the road network connection [37, 38, 39]. Current

solutions are only designed based on one specific type of modality, for example, the Spatial—



temporal Grid Model (SGM) are specialized in the GPS grid modality and the Spatial-temporal
Graph Sequential Model (SGSM) are specialized in the detector graph modality. The attempt
to simultaneously fuse and use two types of modalites has not been forthcoming. With the in-
creasing complexity of measurable traffic parameters within one city, developing an all-inclusive
model to support both data types will naturally reduce the system development labor, scales up

the prediction in urban networks, and pave the way for future data fusion.

1.2.3 DISCRIMINATIVE MODELING ABILITY FOR TRAFFIC MINORITIES

With the increasing application of deep learning technologies for taffic tasks, domain experts
have raised several concerns related to model biases and effectiveness [40, 41]. Those concerns are
especially crucial when applying traffic perception technologies [42, 43, 44]. Object recognition,
one of the most fundamental traffic perception tasks, imposes the key challenges into following
two perspectives:

Real world data are naturally imbalanced with sample bias. The complexity and vari-
ability of traffic systems present unique challenges, particularly when viewed through the lens
of deep learning [45]. Within these systems, certain events occur with high frequency, such as
vehicles stopping at red lights. These frequent events, happening predictably and consistently,
contribute to the standard rhythms of urban trafic. Conversely, other events, such as traffic
accidents, road closures, and instances of jaywalking, occur with far less predictability and fre-
quency. Despite their irregular occurrence, these events can significantly impact the overall flow
and efficiency of the traffic system when they do take place. This distribution of event frequency
becomes particularly impactful when considering visual object recognition in traffic surveillance

systems, which employ deep learning techniques. Neural networks in these systems have shown
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impressive proficiency in accurately classifying common objects like pedestrians and vehicles,
which frequently appear in the traffic environment. Nevertheless, these systems often struggle
when it comes to less frequently seen objects or individuals, such as wheelchair users or other
Vulnerable Road Users (VRU). This poses significant concerns regarding traffic equity, as the
systems might not equally serve all road users. Further challenges arise from sample imbalancesin
both real-world scenarios and the training data used to ’teach’ these surveillance systems. These
imbalances can lead to the misclassification of unexpected objects, such as animals straying into
the road. For example, a surveillance system might misidentify a bear or an elephant as a pedes-
trian or a vehicle due to their uncommon appearance in the traffic environment. Such mis-
classifications can lead to impractical results and even pose potential safety hazards [46]. Thus,
addressing these issues remains a crucial challenge for researchers.

Deep-learning models are likely to amplify the biases present in the training data [47,
48, 49, 5s0]. Another challenge immediately arises — how does the neural network capture fea-
tures from the imbalanced distributions? Will the initial sample bias of the dataset be amplified
by the learning procedure? Unfortunately, several state-of-the-art (SOTA) methodologies pes-
simistically indicate that the performances of the neural network for the majorities in a training
set always surpasses that of the minorities [51, 52]. Similar research conclusions can be found
in many of the existing Al applications in traffic perceptions, including pedestrian and disabil-
ity user recognition [44], vehicle and truck classification [53] and AVs’ road user detection and
classification [54]. The fascinating performances reported in the previous research heavily re-
lies on the model performance for the majority class instead of the results for the minority class.
However, in real-life situations, the ignorance to the tail classes can cause minority objects to be

misclassified, which can cause detrimental equity and safety concerns that could result in lethal
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consequences.

1.2.4 LIMITED RELIABILITY & ROBUSTNESS IN OPEN-WORLD SCENARIOS

The transportation tasks, e.g. video-based traffic perception, are always designed with sufficient
training data. However, transportation is a diverse and plural society. Currently, the visual per-
ception tasks using in real world, for both AVs and surveillance systems, are dedicated to some
certain targets, i.e., traffic sign recognition, vehicle recognition and non-motorized users detec-
tion [13]. Mostly, the AVs can easily distinguish the traffic signs in the region where the real
classes and distributions of signs are close to the training data. Meanwhile, some of the traffic
signs in various regions and countries are different, i.e., the school zone alert sign can always
be seen in downtown regions but they are infrequent in most of the rural areas, on the other
hand, the alert signs for the existences of deer and bears can be easily found in rural regions
instead of cities. In order to deploy Autonomous Vehicles (AVs) in real-world scenarios, it is
crucial for the object recognition algorithms to be generalized enough to distinguish all entities
on the roads, including signs, road users, and traffic facilities. If the neural network is trained to
learn a specific distribution, such as signs in downtown areas, it might result in seemingly opti-
mistic performance metrics (since the training and testing datasets are closely related), but the
effectiveness and scalability of the algorithm could be compromised. Such an algorithm could
face overfitting issues and may not perform adequately in other regions. Therefore, it is benefi-
cial to combine several specific tasks with similar backbone architectures to address real-world
challenges. The gaps identified above provide the motivation for this study to investigate more
advanced technologies, including sensor fusion solutions to improve system robustness under

challenging lighting conditions, along with novel methods to handle system reliability, especially
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in uncommon situations.

1.3 RESEARCH OBJECTIVES

1.3.1  DEFINITION OF TRUSTWORTHINESS IN ['TS

Trustworthy ML refers to the development and application of machine learning models that are
reliable, transparent, interpretable, fair, and accountable [55, 56]. The idea is to create models
that humans can trust to make decisions or take actions, particularly in high-stakes domains like
healthcare, finance, or autonomous systems. Specifically, there are four key elements of trust-

worthy ML:

Explainability: This refers to the ability to understand and interpret the internal work-

ings of a machine learning model and how it makes its decisions or predictions.

* Fairness: This means that the ML model should not be biased or discriminatory, partic-

ularly with respect to sensitive attributes like race, gender, or age.

* Privacy: In the context of machine learning, this refers to the protection of sensitive data

used to train the model or make predictions.

* Robustness: This refers to a model’s ability to maintain performance when faced with

adversarial inputs, changes in the input distribution, or other challenging conditions.

While the conventional evaluation criteria for Trustworthy ML — explainability, fairness, pri-
vacy, and robustness — are undeniably critical, they may not comprehensively encapsulate the

unique needs and challenges inherent in ITS. ITS are characterized by their operation within
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complex, dynamic real-world environments abundant with uncertainties. Consequently, sim-
ply ensuring the robustness of a model may be insufficient. Additional factors such as real-time
adaptability, cooperative behaviors, and resilience to a plethora of traffic uncertainties warrant
consideration.

To transform the notion of trustworthiness from Al methodology into a comprehensive,
system-wide standards in traffic systems, this dissertation proposes a reimagining of the con-
ventional understanding of trustworthiness. It advocates for a tripartite framework that aligns
trustworthiness across three essential levels: the data, methodological, and system levels. When
evaluating the trustworthiness of systems such in ITS, these three levels become crucial. Each
level is associated with specific criteria, cumulatively forming a set of nine fundamental crite-
ria 1.1. These criteria collectively provide a comprehensive framework for assessing trustwor-
thiness across multiple aspects of the system, thereby facilitating a more nuanced and robust
evaluation of its overall trustworthiness.

Data Level: This pertains to the quality and handling of data used in the ML model.

* Unbiased data acquisition: This ensures that the data collected accurately represents
real-world conditions, without favoring any particular outcome. This is critical in trans-

portation systems to ensure accurate predictions and decisions.

* Privacy: Refers to the safeguarding of personal information. In transportation systems,
this might involve protecting the identities of individuals in video data, or anonymizing

GPS data collected from vehicles.

* Security: This ensures that the data used and produced by the system is protected from

unauthorized access, manipulation, or malicious attacks.
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Nine Evaluation Criteria of Trustworthy Machine Learning and Advanced Computing for ITS

Figure 1.1: Proposed nine evaluation criteria of trustworthy ML and advanced computing methods for ITS.

Methodology Level: This involves the actual algorithms and models used for machine learn-
ing.

* Explainability: The decision-making process of the model should be understandable to
humans. This is important in I'TS to justify decisions like routing strategies, traffic light

timings, etc.

* Efficiency & Effectiveness: The model’s performance should be accurate and timely.
For instance, a high-precision model could accurately predict traffic conditions or detect

obstacles for autonomous vehicles in real-time manner.

* Robustness: The model should be able to handle variations or changes in the input data
or environment. In ITS, a robust model might successfully handle adverse weather con-

ditions, traffic variations, etc.
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System Level: This considers how the model interacts with the broader transportation sys-

tem and society.

* Cooperation: The system should work well with other systems and with human users.
For instance, an autonomous vehicle should cooperate smoothly with human-driven ve-

hicles and pedestrians.

* Ethical and Social considerations: The system should consider the potential impacts on
society and ensure its usage is responsible. This might involve considering the system’s

impact on traffic congestion, pollution, accessibility, etc.

* User non-discrimination: The system should serve all users equitably, regardless of who
they are. In transportation, this might mean ensuring that the system is accessible and

useful for users of all demographics and abilities.

This nine-criteria framework provides a comprehensive way to evaluate and ensure the trust-
worthiness of machine learning and advanced computing applications in traffic systems, and
they are also the key research targets link each chapters for this dissertation.

With the trustworthy ML and advanced computing methods, my general research tar-
get is to build future cooperative and equitable traffic infrastructure systems. As Fig-
ure 1.2, In this dissertation, the author merges the proposed principles of trustworthi-
ness in ML with traffic tasks, thereby indicating that through the adaptation of novel
methods, traffic systems can become more cooperative, equitable, accurate, and privacy-
preserving. Specifically, the objects include improving the sensor cooperation for large-

scale traffic perception, customizing representation learning for traffic pattern fusion and
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prediction, enhancing the equity and robustness of connected and autonomous infras-
tructure systems, and promoting traffic infrastructure systems to a more scalable and cost-
effective edge computing architecture. These goals coalesce towards the ultimate aim of
constructing more intelligent, efficient, and equitable traffic infrastructure systems. Such
advancements stand to substantially improve traffic mobility, safety, equity, and accessi-

bility, thereby benefiting all road users.

1.3.2 IMPROVING THE SYSTEM COOPERATION FOR LARGE-SCALE TRAFFIC PERCEPTION

This research emphasizes building a cooperative perception system for large-sacle traffic
data collection. The central goal is to devise algorithms that recognize and re-identify objects
using multiple sensors across diverse locations with privacy-preserving manner. Faced with chal-
lenges such as fluctuating lighting conditions, vehicle occlusions, and differing driving orienta-
tions, the goal is to propose novel representation learning algorithms that consistently re-identify
the same traffic objects across the sensor network by extracting all their distinctive features. By
leveraging sensor and feature fusion methodologies, the overarching goal is to enhance the sens-

ing scale, accuracy, and efficiency within ITS.

1.3.3 MITIGATING THE PERCEPTION SYSTEM B1As AND ENHANCING THE ACCURACY AND

RELIABILITY

As we steer towards the revolution of connected and autonomous infrastructure systems, there’s
an increasing emphasis on their robustness and bias. The primary objective here is rectifying
biases in traffic perception models empowered by ML. A shift towards designing systems

specifically for Vulnerable Road Users (VRU) is aimed at enhancing safety and equity. This
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involves:

* Harnessing new perception technologies for improved VRU detection, tracking and pose

estimation.
* Analyzing system accessibility and affordability.

* Evaluating model fairness and potential biases.

Collaborative initiatives with community stakeholders to ensure an non-discriminatory

design.

1.3.4 CUSTOMIZING REPRESENTATION LEARNING FOR TRAFFIC SYSTEM MODELING

This research objective with a focus on spatial-temporal traffic input, are to develop and
optimize algorithms that can effectively extract and fuse features from various data sources

to accurately predict traffic patterns. The technical objectives include:

* Developing new representation learning methods that can effectively capture the com-
plex spatial and temporal dependencies in traffic data. This will involve exploring the use
of novel deep learning architectures, such as graph neural networks and attention-based

models, that can capture the relationships between spatial and temporal features.

* Investigating the impact of incorporating external factors, such as weather data and social
events, on traffic pattern prediction. This will involve developing new fusion methods
that can integrate data from multiple sources, including traffic cameras, GPS data, and

external data sources, to improve the accuracy of traffic pattern prediction.

19



* Customizing the representation learning process to the specific characteristics of traffic
data, such as traffic patterns during rush hours and seasonal variations. This will involve
developing new techniques for adapting the representation learning process to the specific
characteristics of traffic data and investigating the impact of these techniques on traffic

pattern prediction accuracy.

* Developing new methods for uncertainty quantification in traffic pattern prediction. This
will involve exploring techniques for estimating uncertainty in model predictions and us-

ing this information to inform decision-making processes.
1.3.5 PROMOTING THE CONNECTED AND AUTONOMOUS TRAFFIC INFRASTRUCTURE SYS-
TEMS TO EDGE COMPUTING ARCHITECTURE

Considering the pivotal role of efficient traffic infrastructure systems, this research emphasizes
leveraging the Internet of Things (IoT) capabilities. The focus lies in traffic sensing, data pro-

cessing, and communication. The main objectives encompass:

* Investigating efficient methodologies for traffic sensing and processing via edge devices.

Weighing the merits of edge computing in traffic systems against established centralized

models.

* Crafting strategies for optimal resource allocation in edge-centric structures, ensuring re-

liable and efficient traffic systems.

Seamlessly merging new edge-based systems with the existing infrastructure.
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1.4 DISSERTATION ORGANIZATION

This dissertation investigates three key tasks for building novel infrastructures, including percep-
tion, operation, and building real demo systems. The contributions can be divided into three
finished components: 1) proposing novel multimodal data representation learning system
for cooperative traffic perception. 2) Learning multimodal data representations to im-
proving traffic operations for roadway users and managers. 3) Demonstrating pilot coop-
erative and equitable infrastructure systems for mobility, safety and equity enhancement.
The overall framework is depicted in Figure 1.3, which consists of nine chapters, including the
introduction and literature review. In Figure 1.3, the purple blocks indicate the key work theme
of the dissertation, and the gold blocks represent the completed works. The figure also includes
the chapter number and topic. A summary of each chapter, except for the first, is provided
below.

Chapter 2 Literature Review Representation learning is a machine learning technique that
involves automatically learning useful representations or features from raw data, which can then
be used for various downstream tasks such as classification, clustering, and prediction. This tech-
nique has gained prominence in transportation, aiding in traffic prediction, object detection,
and other tasks. This chapter delves into representation learning in transportation, touching on
spatial-temporal data modeling, visual & LiDAR-based traffic object recognition, cooperative

perception visuals, multi-modality data for unbalanced distributions, and edge Al in I'TS.

PART I. LEARNING REPRESENTATIONS FOR COOPERATIVE TRAFFIC PERCEPTION

Chapter 3 Cooperative Multi-camera Vehicle Tracking and Traffic Surveillance with Dis-

tributed Edge Artificial Intelligence. To track vehicles across multiple cameras and help pub-
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lic agencies collect link travel time and speed information, an Edge-empowered Cooperative
Multi-camera Sensing (ECoMS) System is proposed. ECoMS system presents a novel algorith-
mic and edge-server cooperative system construct to push edge computing and multi-camera
re-identification workflow serving for traffic sensing based on Internet of Things (IoT) archi-
tecture. On the algorithm side, ECOMS system proposes a light-weight edge-based computer
vision framework for vehicle detection, tracking, and features selection process in a real-time
manner. Then, by only sending the objects’ representations to the server, the high-bandwidth
data transmission and the heavy post-processing system can be abandoned. Furthermore, a hi-
erarchical clip-based deep vehicle re-identification framework is proposed and integrated into
the ECoMS system, and significantly outperforms other state-of-the-art methods by 4%-8% on
Rank-1 accuracy. Finally, to balance the accuracy level of different camera pairs, a collaborative
cross-camera traffic information estimation framework based on kernel density estimation with
kernel smoother is implemented, which can get the precise and reliable link and region traffic
information and distributions (less than 1.o1 KL distance). By maximizing the cooperation of
the computational resources, orchestrating the data transmission and integrating road network
graph features in the system, the ECoMS can precisely model the network-scale traffic informa-
tion in a flexible, cost-eftective, and scalable workflow. To the author’s best knowledge, ECoMS
is the first multi-camera vehicle tracking and traffic monitoring system based on IoT architec-

ture.
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PART II. LEARNING MULTIMODALITY DATA REPRESENTATIONS FOR TRAFFIC PREDIC-

TION AND OPERATION

Chapter 4 Predicting the User’s Customized Trip Speed by Learning the Trajectory and
Individual Attributes Representations. Customized path-based speed prediction is an event-
tul tool for congestion avoidance, route optimization and travel time prediction for navigation
apps, cab-hailing companies and autonomous vehicles. However, the path-based speed predic-
tion is very challenging since the speed is always changing in different path locations and is jointly
affected by lots of complicated factors. This chapter presents a novel deep learning framework
for customized path-based speed prediction. A Path-based Speed Prediction Neural Network
(PSPNN) is designed to achieve speed predictions for a given path and attributes information.
A hierarchical Convolutional Neural Network (CNN) and deep Bidirectional Long Short-Term
Memory (Bi-LSTM) structure for different kinds of feature extraction are applied for multiple
levels: the path cell, sub-path and the whole path. The method narrows down the prediction
unit from road segments to customized path cells (mean length: 59.52m) and achieves a mean
absolute error (MAE) of 1.94 m/s and Mean Absolute Percentage Error (MAPE) of 18.14%,
showing the potential of serving rigorous data-driven applications. So far, PSPNN is the first
made-to-order path-based speed prediction algorithm and can help both travelers and managers
to obtain large-scale bespoke paths speed information in advance.

Chapter s Predicting the Parking Pattern for Trucks and Multi-model Hubs by Learn-
ing Attributes and Spatial-temporal Representations. Managing and estimating the avail-
ability information of parking lots is of great importance to travelers and managers. However,
the task is very challenging since the occupancy rate is affected by various factors, including

spatial-temporal features, parking lot attributes features, and environmental changes. Previous
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studies mostly focus on the short-term prediction by capturing the historical sequential depen-
dencies among inputs and outputs, which leads to low estimation accuracy for long-term pre-
diction and limited scalability for real deployment in parking lots. To address the challenges, a
comprehensive framework for real-time Smart Parking Information Management and Predic-
tion (SPIMP) System is proposed in this chapter. Three types of data sources, including his-
torical sequential data, real-time sequential data, and attributes category data, are sufficiently
integrated into a customized Parking Availability Prediction (PAP) neural network by represen-
tation learning and heterogeneous feature embedding. Specifically, instead of using parking lot
property information and environmental data directly, the authors design an Attributes Tensor
Embedding Component (ATEC) to integrate the intra-class affection and inter-class represen-
tations and correlations by two steps of customized embedding process. To balance the impact
of the indiscriminate features for various prediction targets, this study proposes a multi-factor
attention mechanism to learn the weights and help the PAP achieve a stable performance for
time-various tasks. From extensive experiments on two real-world large-scale datasets collected
in China and USA (including 19 urban parking and 2 truck parking lots), PAP achieves superior
prediction results on both urban parking (6.69% average MAPE) and truck parking prediction
(7.63% average MAPE) for five prediction time slots (smin, 1omin, 3omin, th and 2h). Fur-
thermore, even with limited training data, PAP still shows better transferability and adaptability
for various types of lots. The proposed SPIMP is selected and used as a pilot test bed by the
Washington State Department of Transportation (WSDOT) for truck parking management.
Chapter 6 Integrating the Traffic Science with Representation Leaning for City-scale
Network Congestion Prediction. Recent studies on traffic congestion forecasting have paved

a promising path toward the reduction of potential economic loss. However, at the city-wide
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scale, current approaches face substantial hurdles, such as being unable to support the multi-
ple sensors modalities, insufficient congestion fluctuation and propagation modeling, and weak
generalization to heterogeneous traffic network structures. To address these pitfalls, this chapter
investigates how to integrate the missing urban planning domain priors into a general sequence
prediction model, and proposes the Traffic-informed Transformer (TinT). To prevent receptive
field bias, a novel mixture of long and short range information routing mechanism is proposed
with the traffic-informed tokenization. To capture the unbalanced traffic flow propagation, an
original anisotropic graph aggregation is developed to differentiate the traffic fluctuation based
on orientations. Extensive results demonstrated TinT’s outstanding performance over other
state-of-the-art models and its broad applicability to multiple data modalities in six well-known

cities.

PART III. DEMONSTRATING P1LOT COOPERATIVE AND EQUITABLE TRAFFIC INFRAS-

TRUCTURE SYSTEMS

Chapter 7 Cooperative Traffic Signal Assistance System for VRU. To serve the users in an
unbiased and automated way, a novel cooperated signal phase and timing (SPaT’) services infras-
tructure — Vision Enhanced Non-motorized Users Services (VENUS) smart node is proposed.
With customized up-to-date computer vision algorithms and an artificial intelligence pipelines
on the edge, VENUS smart node can collect necessary active-user information (including loca-
tion, class, pose direction and mobility status), and generate directional crossing request for ev-
ery pedestrian and cyclist in real time. Meanwhile, the improved communication system makes
the VENUS node a reliable information hub to share the SPal” messages and carry interactions

to/from the signal controller, connected vehicles and user personal information devices (i.c., cell
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phones, wearable devices) through various protocols. Based on extensive experimentation, 1076
testing users from six intersections, the VENUS sensing achieves 90.24% accuracy on directional-
aware crossing trigger generation and 89.87% accuracy on mobility status estimation for normal
users and four types of disabled persons. Furthermore, the VENUS smart node is fully compati-
ble with the connected vehicles environment, and improves the signal system at low cost, mainly
due to its flexibility and adaptability with existing infrastructure. The VENUS smart node is the
first connected infrastructure architecture that integrates traffic sensing, data processing and in-
formation dissemination together for the self-operating indistinguishable signal services based
on edge computing.

Chapter 8 Enhancing-Minority Vehicle Recognition System Empowered by Vision-LiDAR
Representation Fusion and Edge Al Leveraging micro high-speed pulse LIDAR mounted
overhead of travel lanes, this chapter proposes Compact LIDAR Empowered Vehicle Enhancing-
minority Recognition (CLEVER) system, a real-time cost-effective vehicle detection and clas-
sification framework that is empowered by edge Artificial Intelligence (AI). Based on the cus-
tomized minority-enhancing vehicle classification deep neural network, the CLEVER system
outperforms cutting-edge LIDAR -based vehicle classification methods up to 15.98% true-positive
rate in classifying ten types of vehicles. Furthermore, by highly integrating the hardware, the
pre-processing algorithm and the classification neural network into an edge computing node,
the CLEVER system only consumes 10% of the cost, 10% to 20% of energy compared to other
scanning LiDAR systems and works perfectly in a plug-and-play mode with a negligible sub-
second inference time (212ms to 459ms). The proposed CLEVER system offers an affordable
end-to-end solution that can benefit traffic operators by collecting more accurate and reliable

vehicle classification data streams and that can lead to a more efficient and flexible ITS.
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Chapter 9 Final Remarks and Envisioning the Future.

2.8



Chapter 2. Literature Review

2.1 REPRESENTATION LEARNING OVERVIEW

Representation learning techniques can be broadly categorized into two types: unsupervised
and supervised learning [23, 57]. In unsupervised learning, the algorithm learns to extract fea-
tures from raw data without the need for labeled data. Autoencoders are a common type of un-
supervised learning algorithm thatlearn to encode input data into a lower-dimensional represen-

tation and then decode it back to the original input [58]. In supervised learning, the algorithm
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learns to map input data to output labels based on a labeled training dataset. Convolutional
neural networks (CNNs) and recurrent neural networks (RNNSs) are commonly used super-
vised learning algorithms that are particularly effective for image and sequence data, respectively
[59, 60].

Representation learning boasts several advantages, making it a cornerstone for tasks rooted
in learning-based paradigms. Firstly, it acts as a catalyst in amplifying model accuracy and in
mitigating overfitting issues [61]. This enhancement arises from the innate proficiency of rep-
resentation learning algorithms to autonomously navigate through vast data expanses, singling
out and extracting the most salient features. These are not just any features, but ones that have
been distilled from the data. Once identified, these features become instrumental in amplify-
ing the precision of tasks they’re associated with. Secondly, representation learning doesn’t just
improve models — it makes them more transparent. It somehow boosts the interpretability of
machine learning models [62]. By translating raw data into meaningful and structured feature
representations, it sheds light on the often convoluted decision-making process of models, clar-
ifying the logic that steers a model’s predictions [63]. This attribute of "transparency’ is not just
a luxury but a necessity, especially in sectors like safe-related decision making where a wrong
prediction can be life-altering. Lastly, the benefits of representation learning extend to the ro-
bustness and versatility of models. It carves out pathways for models that are not just effective
but are resilient and adaptive [64]. By training models to recognize and use features that have
broad applicability across diverse tasks and datasets, representation learning ensures these mod-
els are not pigeonholed into narrow functionalities. Instead, they can be generalized and adapt
to new, previously unseen data with efficacy. This adaptability becomes the bedrock of success

in domains where data might be at a premium or in situations demanding rapid model recali-
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bration to cater to evolving scenarios [58].

Despite the many advantages of representation learning, there are also several disadvantages
associated with this technique. One major challenge is the need for large amounts of labeled data,
particularly in supervised learning. Without sufficient labeled data, representation learning al-
gorithms may not be able to learn meaningful features. Another challenge is the difficulty of
interpreting learned representations [65]. While representation learning can improve model in-
terpretability, the learned features themselves may not be easily interpretable by humans. This
can make it difficult to understand why a model is making certain predictions or to diagnose
model errors [66]. Finally, representation learning can be computationally expensive, partic-
ularly when dealing with large datasets or complex models. This can make it difficult to scale
representation learning algorithms to real-world applications.

In this chapter, the discussion will be focused on the overview and mechanism of representa-
tion learning and their applications in transportation, including the representation learning for
spatial-temporal data modeling and forecasting, learning visual & LiDAR representations for
traffic object recognition, learning visual representations for cooperative perception and learn-
ing multi-Modality data representations for unbalanced data distributions, together with learn-

ing representations on distributed edge devices in I'TS.

2.2 LEARNING SPATIO-TEMPORAL REPRESENTATIONS FOR TRAFFIC FORECASTING

Spatial-temporal traffic pattern learning and forecasting are critical tasks in transportation man-
agement and planning. Accurately forecasting traffic conditions can help reduce congestion, op-
timize routes, and improve safety [67, 68]. With the advent of smart city technologies, there is an

abundance of data available that can be leveraged to develop accurate traffic prediction models.
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Spatial-temporal data, which describes the location and movement of objects over time, is partic-
ularly useful for this task [69]. However, modeling this type of data is challenging due to its high
dimensionality and complex dependencies. Representation learning, a technique for automati-
cally learning useful features from data, has shown promise in improving spatial-temporal data
modeling. In this section, the use of representation learning for spatial-temporal data modeling,

focusing on its application to traffic prediction will be further discussed.

2.2.1 TRAFFIC PARAMETERS PREDICTION BY REPRESENTATION LEANING

Traffic parameters prediction is a challenging problem due to the complex impacts of traffic
flow [69]. Traffic patterns are affected by a wide range of factors such as road network topology,
weather conditions, time of day, and events such as accidents or road closures [70]. To accu-
rately predict traffic, it is necessary to model the complex relationships between these factors.
Traditional approaches to traffic prediction have relied on statistical models such as autoregres-
sive integrated moving average (ARIMA) or regression-based models such as support vector re-
gression (SVR) [71]. While these methods can be effective in some cases, they have limitations
in capturing the complex spatial-temporal patterns of traffic flow. Representation learning has
emerged as a promising technique for traffic prediction as it can capture the complex spatiotem-
poral patterns in traffic data. In recent years, a variety of representation learning methods have
been developed specifically for spatiotemporal data modeling [70, 72].

CNNs have been widely used in computer vision tasks such as image classification, object
detection, and segmentation [73, 74]. CNNs are also well-suited for spatiotemporal data mod-
eling as they can capture spatial patterns across multiple time steps. In the context of traffic

prediction, CNNs can be used to extract spatial features from traffic flow data, which can then
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be used to predict future traffic patterns. One popular approach to using CNN: for traffic pre-
diction is to use a 3D CNN, which operates on 3D spatiotemporal data (x, y, time) [75, 76, 77].
3D CNNs have been shown to be effective in capturing the complex spatiotemporal patterns in
traffic data. For example, in a recent study, a 3D CNN was used to predict traffic flow in the city
of Hangzhou, China. The results showed that the 3D CNN outperformed traditional methods
such as ARIMA and SVR.

RNNS are another popular ML method for extracting the spatiotemporal data representa-
tions [78, 79]. RNNs are well-suited for modeling temporal sequences as they can capture the
dynamics of time-series data. In the context of traffic prediction, RNNs can be used to model
the temporal dependencies between traffic flow data across multiple time steps.One popular
approach to using RNN:s for traffic prediction is to use a Long Short-Term Memory (LSTM)
network, which is a type of RNN that is designed to capture long-term dependencies in time-
series data [27, 80]. LSTMs have been shown to be effective in capturing the complex temporal
patterns in traffic data. For example, in a recent study, an LSTM was used to predict traffic flow
in the city of Los Angeles, USA. The results showed that the LSTM outperformed traditional
methods such as ARIMA and SVR.

Graph Neural Networks (GNNs) have shown great potential for learning spatial-temporal
patterns in traffic data modeling. GNNSs can represent traffic data as graphs, where nodes are
locations and edges are connections between locations. GNNs can learn spatial relationships
between locations and incorporate temporal information to make predictions. GNNs can also
handle missing data, noise, and irregular data structures. One example of using GNNGs for traf-
fic prediction is STGCN (Spatial-Temporal Graph Convolutional Network) proposed by Yan

et al. (2018) [81]. STGCN uses a GNN to learn spatial relationships between traffic sensor
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locations and temporal patterns in traffic data. The GNN consists of several layers of spatial-
temporal convolutional filters that operate on a graph representation of traffic data. STGCN
can make accurate predictions for multiple traffic parameters, such as traffic volume, speed, and
occupancy. Another example is AGCN (Adaptive Graph Convolutional Network) proposed
by Li et al. (2018) [82]. GCRNN is designed to model the spatial-temporal dependencies in
traffic data using a GNN with RNNs. GCRNN can handle irregularly spaced and missing data
and achieve state-of-the-art performance in traffic prediction tasks.

Autoencoders are unsupervised neural networks that can learn compressed representations of
data. Autoencoders consist of an encoder that maps input data to a low-dimensional representa-
tion, and a decoder that maps the low-dimensional representation back to the original data [83].
Autoencoders can be used for feature extraction, data denoising, and dimensionality reduction.
One application of autoencoders in traffic prediction is the stacked autoencoder Levenberg-
Marquardt model proposed by Yang et al. (2016) [83]. The stacked autoencoder Levenberg-
Marquardt model uses a convolutional autoencoder to learn spatial-temporal patterns in traffic
data. Besides, the proposed can encode the input traffic data into a low-dimensional representa-
tion and decode the representation to make traffic predictions. In 2020, the variational autoen-
coder (VAE) is proposed by Boquet et al., which can handle missing data, noise, and irregular
data structures and achieve state-of-the-art performance in traffic prediction tasks [84].

In addition to the above studies, there have been many other studies exploring the use of rep-
resentation learning for traffic prediction. These studies include deep learning-based methods
such as autoencoders [85], variational autoencoders [84], and generative adversarial networks
[86], as well as graph-based methods such as graph convolutional networks [87] and graph atten-

tion networks [88, 17]. These studies demonstrate the great potential of representation learning
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in improving the performance of traffic prediction in ITS. Liao et al. proposed a deep spatiotem-
poral residual network (DSRN) for traffic prediction, which combines CNNs and RNNs to
capture both spatial and temporal features of traffic data [89]. The DSRN model was evaluated
on real-world traffic datasets and achieved better prediction accuracy than traditional time series
models.

In summary, representation learning is a powerful approach for spatial-temporal data mod-
eling, especially for traffic prediction under complicated impacts. Various deep learning tech-
niques have been developed to learn meaningful representations of traffic data, including CNN,
RNN, GNN, and autoencoders. These techniques can handle the complexities of traffic data,
such as spatial relationships, temporal dependencies, missing data, noise, and irregular data struc-
tures. By learning informative representations of traffic data, deep learning models can make ac-
curate predictions for various traffic parameters, such as traffic volume, speed, and occupancy.
However, there are still challenges in applying representation learning to traffic pattern learning
and forecasting, such as data scarcity, high-dimensional data, and model interpretability. Future

research can focus on developing more efficient and interpretable models for traffic prediction.

2.2.2 PARKING PATTERN PREDICTION BY LEANING REPRESENTATIONS

Based on the literature review, the parking prediction methodologies based on machine learning
have been made great progress. Combining the characteristics and skills of the neural network
with the features and challenges of the parking perdition problem, several customized neural
network is designed to complete the forecasting task. Generally, current researches mainly use
existing machine learning models, i.e, CNN [90, 91], RNN [92, 93, 94, 95], and made some im-

provements to adopt to the real parking challenges. These models always include several features
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extraction parts: spatial features extraction, temporal features extraction, and attribute informa-
tion. Some of them also consider the traffic parameters as part of the input, but not well-used
[94]. The output of the model is usually sequence-based occupancy level. There is no doubt
that these approaches have achieved impressive prediction results.

Among all the state-of-art methods, several of them are worth discussion in detial. Zhang
et.al. (2020) [90] proposed a Semi-supervised Hierarchical Re-current Graph Neural Network
(SHARE) in the top artificial intelligence conference (AAAI-20). They designed three features
extraction modules, including spatial auto-correlation, dynamic temporal features and the scarcity
of information about real-time parking availability and integrated these three features setinto the
SHARE. Then, SHARE achieved impressive result for city-wide parking availability prediction
on two real dataset. Another research group proposed a large-scale urban parking prediction
methods based on Graph-Convolutional Neural Networks (GCNN) and stacked LSTM [94],
which had the ability to incorporate the traffic speed and weather condition, achieved testing
MAPE of 10.6% when predicting block-level parking occupancy for 30 minutes advanced pe-
riod. Alsoin 2019, aresearch group in Google proposed a parking difficulty estimation method-
ology for parking prediction [96]. The original idea is transform the continuous occupancy
value and other category and app information into probability distributions representing the
parking difficulties. A customized reward matrix and a two layer feed-forward deep neural net-
work model is implemented to finish the classification task. This work shows impressive adapt-
ability in many cities and inspired the researchers a lot. Instead of using the sequential data
to train the prediction network directly, an simple representation features transfer procedure is
used here. Only a simple procedure can make the model achieve both good prediction result as

well as stronger transferability.
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As previous research mentioned [94, 92], parking availability information is not only closely
related with historical pattern, the attributes information and the variance of prediction time
slots (i.e., s minutes ahead and 2 hours ahead) also shows significant impact to the utility level.
So, another key issues worth to review is current hybridizing attention and LSTM networks
combination for sequential data related research. In general, the attention architecture com-
bined with RNN can be divided into two tasks: sequence data classification and prediction.
For the sequential classification, attention approaches, and other feature representation extrac-
tion models are integrated into the sequential neural network models for global pattern learning,
including linear-attention mechanism [97, 98, 99], multi-head attention [100, 101], soft atten-
tion [102], gating mechanism [103, 104], Fully Convolutional Network (FCN) [105] and the
hybrid approaches [106, 107]. Furthermore, the previous research successfully indelicate the
mentioned attention combination with RNN structure can significantly improve the global
features extraction. However, for the sequential prediction tasks, limited research have been
published, and most of them are using basic attention model in a brute-force way, i.c., adding
an attention layer after the input for filtering the low impact sequence record [99]. In general,
The classification tasks always more rely on universal patterns and show less dependency on the
local sequential correlations [108, 69], while prediction is rely on both features, and even more
impact on historical dependency. So in this research, a new parking oriented, especially with
the potential for involving attributes information impacts on multi-timescale prediction task is
necessity.

However, even the some of the parking prediction methods have been investigated be re-
searchers, challenges are still obvious. Generally, parking prediction are often affected by three

types of information, spatial and temporal features, attributes features and environmental fea-
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tures. Current cutting-edge parking prediction are mainly used in the urban area, which they
pay more attention to integrated the spatial-temporal features [90, 95]. Also, at present, with-
out the attributes pattern integration, parking prediction methods overemphasize short-term
feature extraction (i,e, s minutes or 1o minutes ahead) and ignore long-term prediction, which
is not suitable for general use of parking prediction and management. To proposed a method
for general parking utility prediction, the attributes information, especially the long term pat-
tern (workday or weekend, night time or day time, weather condition) significantly impact the
prediction result [109, 110, 90]. How to eftectively integrated the heterogeneous information
sources, including spatial-temporal features, the attribute features and environmental informa-

tion, which becomes a new topic for neural network design and algorithm development.

2.3 LEARNING VisUAL & LIDAR REPRESENTATIONS FOR TRAFFIC OBJECT RECOGNI-

TION

Traffic perception is one of the most critical tasks in Intelligent Transportation Systems (ITS).
It involves analyzing the traffic data collected by various sensors and cameras to obtain real-time
traffic status information from stationary and mobile platforms. In recent years, there has been
a surge in research on representation learning and computer vision techniques for traffic per-
ception, including video-based object detection, tracking, and crowd monitoring. Besides the
video sensors, the LIDAR is also being implemented by many agencies to perception the 3-D in-
formation. This section aims to provide a comprehensive review of the recent developments in
learning visual and LiDAR representations for traffic perception, including the state-of-the-art

models used, datasets, evaluation metrics, and success applications.
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2.3.1 LEARNING VISUAL REPRESENTATIONS FOR TRAFFIC OBJECT RECOGNITION

Vision-based object recognition has always been a critical topic in the traffic research community.
The recognition task can be easily defined as a classification task [13], and the visual inputs can be
an on-board (moving) camera or surveillance (static) camera [13, 111]. The popular applications
can be found almost everywhere in the ITSs and AVs, which include vehicle recognition [42],
traffic facility and sign recognition [5 1, 112], user type recognition [113], road surface detection
[114] and etc.

Currently, the vision-based object recognition task is always modeled by supervised learning
process. The key target here is to learn a mapping function that analyzes the training data and
produces an inferred mapping, which can then be used for matching new examples in real life.
The traffic-related classification methods can be divided into traditional machine-learning ap-
proaches and deep-learning approaches. The machine-learning approaches include support vec-
tor machines (SVMs) [115], k-nearest neighbors algorithm (k-NN) [116], decision trees (DT)
and random forest (RF) [117], and all of them elucidate improvements to the computational
scalability [118, 119], reduced sizing for training data [119], easy handling of missing values
[120], robustness to outliers in input spaces (except SVM) [121], and good interpretability (ex-
cept SVM) [121]. Due to the improvements outlined above, the classical machine-learning
methods have been widely tested, and obvious disadvantages are found including 1) low accu-
racy levels, 2) poor ability to extract linear combinations and non-linear correlations of features
[122] and 3) limited capacity to deal with high-dimensional features [122].

With the development of deep learning methodologies and improvement in computational
power, CNNs architecture present remarkable advantages for visual recognition tasks, not only

in the traffic research community. Back in 2012, Krizhevsky, Sutskever, and Hinton proposed
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the AlexNet [123], which can classify images into 1000 object categories. The original AlexNet
contained eight layers, with five convolutional layers (the first, second and the fifth were com-
bined with max-pooling layers) and three fully connected layers. Furthermore, the AlexNet was
also the first neural network trained by GPUs, which later inspired more researchers to employ
the deep neural networks and GPUs to accelerate deep learning. After AlexNetand CNN-based
architecture proclaimed promising results for image classification tasks, the golden age of deep
learning began. In the following years, several well-known CNN-based deep neural networks
have been suggested, including Visual Geometry Group (VGG) [124], Residual neural network
(ResNet) [125], MobileNet [126], EfficientNet [127] and etc. Cascading the downstream tasks
based on the backbones’ outputs becomes popular for various traffic application.

With the powerful deep neural network backbones, the features contained in the images are
capable of being extracted. Therefore, the downstream traffic tasks based on image and video
inputs have become a main focus for researchers. These tasks include vehicle classification [128,
43, 129], traffic light recognition and status classification [130], road user classification [44] and
sign recognition [131]. It is evident that the backbones used to complete downstream tasks,
especially for classification, tend to have high accuracy for categories with a plethora of train-
ing samples. Although many experiments have achieved approximately 100% accuracy on some
datasets, those algorithms are not effective for many minority targets, i.e, the non-motorized
users [42]. Since minority classes have fewer tests and images, many researchers held on to com-
mon categories in the training and testing set to achieve higher accuracy. Meanwhile, some
studies identified the challenges and attempted to use basic techniques, i.c., balance data aug-
mentation or two phase-training to improve the accuracy for the minority classes. However, in

general, the previous researchers did not have a deep understanding of the data imbalance in the
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real world, and without optimizations or improvements for the minority class, an increased bias
in the backbones is inevitable. To achieve an equal and effective traffic perception for all road

users, the debiased research for current deep learning schemes is necessary.

2.3.2  LEARNING LIDAR REPRESENTATIONS FOR TRAFFIC OBJECT RECOGNITION
LiDAR SENSORS AND TECHNOLOGIES

Based on the operating mechanisms, LIDAR can be generally divided into two types: continuous-
wave and pulse-based [132, 132]. Continuous-wave LiDAR calculates the phase difference be-
tween the reflected light and the reflected light to calculate the target distance, achieving ultra-
precise results, e.g., error less than o.1mm [133]. To avoid multiple matches in one phase, mea-
surement frequency needs to be low enough for phase distinguishing (always less than soHz)
and thus this type of LiIDAR is suitable to scan stationary or slow-moving objects [133, 134].
Pulse LiDAR sends out laser pulses at a high frequency and then detects corresponding reflec-
tive information [135, 132]. By contrast, pulse LIDAR controls pulse frequencies and the pulse
energy is relatively concentrated in space. Therefore, pulse LIDAR is able to detect fast-moving
objects even in challenging conditions (rainy or snowy conditions), reaching ultrahigh detection

frequency (up to 1okHz), fast post-processing time and reliable accuracy (less than 1% error)

[132].

2.3.3 CLASSIFICATION SYSTEMS AND METHODOLOGIES UsING LIDAR

According to the application scenario, the use of LiDAR in traffic sensing can be divided into
two categories [132]: vehicle-mounted and infrastructure-mounted. For LiDAR installed on

vehicles, related research investigates 3D object detection [144], object tracking [145], collision
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warning [146], 3D view segmentation [147], etc. The purpose of the first category is for au-
tonomous vehicles to obtain accurate and detailed environmental information for vehicle con-
trol. The second category focuses on identifying and detecting vehicles passing by fixed infras-
tructures, in order to generate traffic flow information for traffic operators. This paper summa-
rizes a list of related studies in Table 2.1, including their LIDAR system information, classifica-
tion methodology, venue, and publication year.

The earliest research that used LIDAR sensors to classify vehicles can be traced back to 2001.
Harlow and Peng proposed a rule-based vehicle classification method based on the laser range im-
age system at the time [136]. Due to technological and price constraints, this system was difficult
to deploy, but it fully validated the possibility of classifying vehicles based on LiDAR sensing.
For the first time, Lee and Coifman used LiDAR to classify vehicles in the form of side-fire [137].
This system used two LiIDAR sensors, each scanning the road at 37Hz with 360° rotation. The
vehicle information was extracted from the obtained 3D point cloud, and vehicles were classi-
fied by pre-defined rules. From the experiment, the rule-based classification method and system
had good accuracies (75.6% on motorcycles and 99.8% on passenger vehicles), and researchers
used it to validate the performance of vehicle classification stations. However, the limitations of
this rule-based classification system were also very straightforward. The classification accuracies
heavily relied on the rules customized for pre-defined scenarios, and thus the parameters can not
be easily generalized. The expensive hardware, brute-force classification method, and limited
classification categories significantly restrict its scalability.

With the development of LIDAR technologies and the advent of Al algorithms, vehicle recog-
nition using LiDAR data is closely combined with machine learning classifications methodolo-

gies. LIDAR sensors with more beams, longer detection range, faster scanning speed, and ad-
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justable frequency are used for vehicle detection and classification. Meanwhile, learning-based
methods, including decision trees, Density-based Spatial Clustering of Applications with Noise
(DBSCAN), k-Nearest Neighbor (k-NN), Support Vector Machine (SVM), and neural net-
works are implemented into the vehicle classification system based on LiDAR input [139, 140,
141, 142, 143].

In spite of their capacities, current SOTA systems are facing various challenges. Table 2.1
shows the VLP-16 LiDAR is the most popular sensor in the research community. Even re-
searchers claim this LIDAR sensor is much cheaper than other models. Two thousand dollars
per unit without post-processing system significantly limits its real-world deployment [139], es-
pecially in small municipalities with limited budgets. Previous research always used two or more
LiDAR sensors in their experiments to obtain more reliable and precise data, and thus the system
price is often doubled or even tripled. Furthermore, the LIDAR sensing output is in a 3D point
cloud format. A heavy post-processing architecture is required to transform the raw input to
practical classification pipeline formats. Additionally, the implemented classification algorithms
are generally out of date, brute-force, and ignore the unbalance class distribution in the real appli-
cation [140, 142]. Even though deep learning-based classification models are gaining promising
and encouraging results on a wide range of tasks, a customized LiDAR-oriented vehicle recog-
nition model is missing, not to mention a model that can answer imbalanced datasets and that
supports real-time processing [142]. As summarized in the Introduction Section, several key
issues, including affordable LiDAR integration, plug-and-play data processing algorithms, and

customized online minority-care classification methods, are worth investigating in this research.
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2.4 LEARNING VISUAL REPRESENTATIONS FOR COOPERATIVE TRAFFIC PERCEPTION

In the traffic area, many surveillance cameras have been installed. It would be advantageous to
use these surveillance cameras for traffic information extraction and estimation comparing with
other specialized hardware. The data from these cameras have been used extensively to handle
vehicle detection problems. Right now, if people want to collect information through different
cameras, a large amount of brute-force human labor work is necessary. However, vehicle Re-ID
researches have escalated in the past few years and now they are booming.

Generally, the multi-camera cooperative traffic sensing system includes three cascading com-
ponents: single-camera multi-object detection, single-camera multi-object tracking, and cross-
camera object re-identification. Currently, the deep learning-based approaches are popular for
vehicle detection and show promising results. Such models can be divided into two categories,
two-stage detector (i.e., Fast R-CNN [148], Faster R-CNN [149] and Mask R-CNN [150])
and single-stage detector (i.c., You Only Look Once (YOLO) [15 1], Single Shot Detector (SSD)
[152]). In general, a two-stage detector can achieve better accuracy with region proposal net-
works. At the same time, the single-stage algorithms show much faster processing speed and
lower false positive error. Considering the balance of edge-capable processing capacity and the
real-time detection accuracy, the YOLOv4, TinyYOLOv4 and MobileNet-SSD are propitious
and encourage running on edge devices. For single-camera tracking algorithms, the algorithms
can be divided into online and offline. Deep SORT [153], and MOANA [154] are well-known
as online tracking frameworks with light structure and dependable performance. To achieve
more accurate and reliable object tracking results with lower ID switches and better performance

in high occlusion areas, Tracklet Net Tracker (TNT) [155] has been proven to be a dependable
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and high-precision tracking algorithm by many state-of-art frameworks with offline design.

For cooperation perception, object RelD is the fundamental task, which refers to the efforts
of associating a particular object across different observations. As for vehicle ReID, the process
is to identify and match the target vehicle in different sensors. When a target vehicle appears,
vehicle ReID will tell if the vehicle has been observed by other sensors, such as cameras, radars
and other wireless sensors. Generally, vehicle ReID methods can be divided into two categories:
sensor-based and vision-based methods [156]. The early-stage vehicle ReID research matches
vehicle signatures detected by multiple traffic sensors. The sensor types include magnetic sen-
sors, inductive loop detectors [157], wireless sensors (GPS, RFID, WiFi and Bluetooth MAC
address) [158, 159, 160], and even sensor fusion and hybrid methods [161, 162]. So, the vehicle
Re-ID technology breaks the ice that each camera installed at different locations works isolated.
Besides sensors-based approaches, with the increase in computation power, vision-based meth-
ods emerged and have shown a lot of potential. With the vehicle Re-ID, the surveillance cameras
can be used together to detect and track the same object at different locations. The emergence
and boom of vehicle Re-ID technology are because (1) the increasing public safety and video in-
formation extraction needs and (2) the extensive use of surveillance camera networks in the road
network, university campuses, parking garages and streets. With the vehicle Re-ID technology,
spot a query vehicle or track the vehicle cross multiple cameras in the surveillance networks that
can be done accurately and efficiently. In the remaining part of the literature review, I will focus
on vision-based approaches, which includes the classic-feature-based methods and deep-feature-
based methods.

Visual-based vehicle ReID algorithms based on classical features generally use traditional em-

pirical rules. They extract and identify differentiated features in different images, which are then
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used to match the same target objects. These traditional features include license plate number,
color, texture, size, and the Histogram of Oriented Gradients (HOG). The main advantage of
classical feature-based methods is that it is easy to interpret and explain the matching results
[163, 164, 165, 166]. However, the accuracy of classical feature-based approaches is limited
since traditional features may not be sufficient for vehicle RelD across different cameras. Since
different feature extraction approaches may be used for different camera views, the matching
between different features is not a simple linear relationship. When multiple features are used,
sophisticated algorithms are needed to fuse them. Also, lots of manual work is needed to label
a large number of outline features and key-point features. Currently, traditional feature-based
methods have gradually faded away.

The rapid development of CNNs in recent years has dramatically promoted research topics on
vehicle recognition. The task of vehicle RelD and retrieval with traffic cameras has always been
a challenging subject. The focus of the former researchers tried to extract vehicle features based
on the whole image. However, the sizes of vehicles in surveillance cameras are generally not large
enough to support these methods, which leads to a bottleneck for vehicle ReID. Therefore, some
researchers have started to pay attention to local scales. Commonly used ideas for extracting
local features are vehicle key-point localization and region segmentation. Based on the key-point
localization and alignment results, some methods extract the features of the key part of the object
and make a detailed comparison to achieve good results [163, 167, 168, 169, 170, 171].

Since 2018, metric learning has become more and more popular in vehicle RelD research
[172, 173, 174, 175]. Key target of using metric learning for ReID task is to maximize inter-class
similarity and minimize intra-class differences. The challenges comes from subtle inter-class dif-

ferences and significant intra-class differences in vehicles. For example, the same vehicle looks
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different due to variations in lighting conditions, background, and orientation. Meanwhile,
different vehicles with the same brand and color can look similar. Therefore, using appearance
features alone may not be enough. To address this, [172, 176] introduced spatial-temporal fea-
tures and information from roads, routes, trajectories, and vehicle attributes to vehicle ReID
research. Specifically, deep networks are used to learn features with the purpose of maximiz-
ing the distance between different classes, while minimizing the distance within the same class.
In particular, the triplet constraint is introduced for learning feature embedding, based on the
principle that “samples belonging to the same vehicle ID are closer than samples belonging to
different IDs.” This triplet constraint has been widely used for pedestrian ReID and face recog-
nition tasks. Based on triplet loss, [172] customized the temporal-attention model that fuses the
inter-class features (different models, brands, years of manufacture, etc.) as the ranking module
to improve the generalization ability of the vehicle representations. Besides, some related works
focus on the hybrid features, the combination of deep features, empirical features and related

traffic information, and achieve reliable results for vehicle ReID tasks on the public datasets

[177].

2.5  LEARNING MULTI-MODALITY DATA REPRESENTATIONS FOR UNBALANCED DATA Di1s-

TRIBUTIONS

Learning representations of multi-modality data is a significant and challenging problem in the
field of machine learning, particularly when dealing with unbalanced data distributions. The un-
balanced data distribution poses a significant challenge to traditional learning methods, which
are not capable of recognizing the small number of rare data points. Multi-modality data repre-

sents data with multiple and diverse characteristics, such as images with different orientations,
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resolutions, and colors [178]. The mechanism of learning multi-modality data representations
involves integrating different modalities into a unified feature space that captures the most rele-
vantinformation for a given task. One approach to learning multi-modality data representations
is to use deep learning models that can learn hierarchical features and capture complex relation-
ships between different modalities minimize the distance between intra-class samples [179, 180].
These models can be trained using various loss functions, such as triplet loss, contrastive loss, or
cross-entropy loss, which aim to maximize the distance between inter-class samples and mini-
mize the distance between intra-class samples [181, 178].

Several state-of-the-art methods have been proposed to learn multi-modality data representa-
tions for unbalanced data distributions. One of the most popular approaches is to use transfer
learning, which involves pre-training a deep neural network on a large dataset and then fine-
tuning it on a smaller dataset [182, 178]. This approach has been shown to be effective in im-
proving the accuracy of models trained on unbalanced data distributions. Another approach
is to use ensemble learning, which involves combining the outputs of multiple models trained
on different modalities [183]. This approach has been shown to be effective in improving the
robustness of models to different types of data distributions.

Besides, the few-shot Learning is a branch of Meta Learning in the field of supervised learning
to deal with the unbalanced datasets. Meta Learning, also known as learning to learn, decom-
poses the dataset into different meta-tasks in the meta training phase, and then targets to learn a
more generalized model when the category changes [184, 185]. In the meta testing phase, when
facing a limited-sample or new category, the classification can be completed without need to
retrain or change the existing model. Formally, the few-shot training set contained many cat-

egories, with each including multiple samples. During the training phase, C categories with K
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samples in each category (total C'* K data), will be randomly selected from the training set, and
a meta-task will be constructed as the input of the model’s support set; a batch of samples are
extracted from the remaining data in the model as the prediction object (batch set). This task is
known as the C-way K-shot problem, and it requires the model to learn how to distinguish the
C categories from C K data [184].

During the training process, each training (episode) will sample different meta-tasks and con-
tain different category combinations [184]. The mechanism enables the model to learn similar
parts of different meta-tasks, such as how to extract important features when comparison sam-
ples are similar. The models learned through the learning mechanism can also classify well with
new meta-tasks. In general, Few-shot Learning models can be divided into three categories [186]:
Model Based, Metric Based and Optimization Based. The Model Based method aims to quickly
update parameters on a small number of samples through the customized model structure, and
it can directly establish the mapping function between the input X and the predicted value P.
The Metric Based method uses the nearest neighbors to measure the distance between the sam-
ples in the batch set and the samples in the support set. Finally, the Optimization Based method
believes that the ordinary gradient descent method is difficult to fit in few-shot scenarios, so it
adjusts the optimization method for a small sample classification.

Learning multi-modality data representations has several advantages, particularly when deal-
ing with unbalanced data distributions. By integrating different modalities, these methods can
capture the most relevant information for a given task, improve the robustness of models to
different types of data distributions, and enhance the accuracy of models by learning more in-
formative representations. However, one of the main disadvantages of learning multi-modality

data representations is the increased computational complexity and the need for large amounts
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of training data. Deep learning models are computationally expensive, and training them on
large datasets can be challenging. Additionally, these models require significant expertise in data

preprocessing, feature engineering, and hyperparameter tuning, which can be time-consuming

and difficult.

2.6 LEARNING REPRESENTATIONS ON EDGE DEVICES IN ITS

Currently, the state-of-the-art development of traffic sensing has always been closely related to
IoT technologies. Well-processed summary from the edge detectors present more clear and or-
ganized information than raw materials. However, due to the constraints in computing power
and communication technology, only limited studies adopted the IoT architecture for traffic
sensing. Back in 2014, Jin et al. proposed a Network-Centric IoT architecture with a sensing
paradigm used for traffic control and information estimation, which brings the inspiration to
researchers using IoT sensors in ITS systems [187]. Li et al. proposed a policy-based secure
sensing system, which can hugely improve the safety level and defend the fake alerts generated
by attackers [188]. In 2017, Ling et al. proposed an automated object detection algorithm and
fully experimented on the urban surveillance system based on edge computing. Their proposed
method help cameras detect object vehicles accurately and can be used to reduce the data vol-
ume needed to be transmitted, processed, and managed in the surveillance systems. In 2019,
a research group from the University of North Carolina at Chapel Hill proposed a hybrid ar-
chitecture REVAMP*T using multi-camera pedestrian tracking [189]. In REVAMP*T, each
camera is equipped with a computing unit, and hierarchical information extraction and sharing
system are made, including single-camera detection, tracking, and multi-camera human Re-ID.

This framework achieved network-scale pedestrian tracking with much lower cost and time la-

51



tency. However, considering real traffic networks, the pedestrians’ travel speed, activity range
and scale are much lower than vehicles. Ke et al., implemented a hybrid system with edge Al
for monitoring parking status using a single camera and achieved promising results [190]. To
the author’s best knowledge, the authors are pioneers who design and implement video-based

hybrid IoT systems for large-scale traffic sensing.
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Part I

Learning Representations for Cooperative Traffic Perception
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Chapter 3. Cooperative Multi-camera Vehicle Tracking and Traffic

Surveillance with Edge Al and Representation Learning

This chapter is modified from the published works:

* H.Yang,]. Cai, C. Liu, R. Ke, and Y. Wang*. “Cooperative Multi-camera Vehicle Tracking and Traffic Surveillance with Edge Artificial
Intelligence and Representation Learning.” in Transportation Research Part C: Emerging Technologies, Volume 148 (2023), 103982,

https://doi.org/10.1016/j.trc.2022.103982

* H. Yang, J. Cai, M. Zhu, C. Liu and Y. Wang*, 2022. “Traffic-Informed Multi-Camera Sensing (TIMS) System Based on Vehicle

Re-Identification.” in IEEE Transactions on Intelligent Transportation Systems, https://doi.org/10.1109/TITS.2022.3154368
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3.1 CHALLENGES AND MOTIVATIONS

In contemporary Intelligent Transportation Systems (ITS), surveillance cameras are ubiquitously
installed, yet remain isolated, extracting data only from their individual fields of view. Existing

research mostly emphasizes traffic parameter estimation and video analysis from single-camera

inputs, leaving cross-camera traffic information, such as link travel time, speed, and origination

and destination distribution, untapped. Addressing this, one approach is to track roadway users

across different cameras, leading to the extraction of cross-camera traffic information. How-

ever, this proves challenging due to current limitations in video-based Re-Identification (Re-ID)

methodologies, computational architecture, and methods for collaborative traffic parameter es-

timation.

The prevalent Re-ID methodologies are not accurate enough for trafhic sensing due to dis-
parities among individual cameras. The resource-intensive nature of these methodologies places
heavy demands on data processing and storage hardware. Furthermore, automatic cross-camera
surveillance requires precise cross-camera vehicle Re-ID methods which consider the physical
particularities of the traffic system. The second hurdle is the computational cost associated with
object re-identification. The requirement for powerful GPUs and complex deep feature extrac-
tors poses a significant barrier. A more efficient hardware architecture and algorithm workflow
would greatly benefit the traffic agencies and research communities. The final challenge lies in
the absence of a methodology for collaborative traffic parameter estimation. Current studies
largely focus on single-camera data, but a comprehensive methodology that accounts for vari-
ances between different camera pairs and locations is needed.

Emerging edge computing technology provides potential solutions to these challenges. By
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shifting some storage and processing resources closer to data sources, edge computing could
enable video pre-processing at network peripheries, reducing the load on central servers and di-
minishing the cost of server GPUs. To realize this vision, both edge nodes and servers require in-
novative cross-camera vehicle Re-ID algorithms. While edge devices can handle real-time multi-
object detection, real-time and reliable multi-object tracking needs further investigation. Simul-
tanecously, vehicles’ representations need to be selected and transmitted in a cooperative edge-
server manner. On the server side, customized Re-ID feature extractors must capture individual
peculiarities from concise inputs. A more precise re-identifier and efficient traffic parameter
calculations are also essential.

In light of these requirements, I propose the Edge-empowered Cooperative Multi-Camera
Surveillance (ECoMS) system. This novel system applies IoT architecture to network-scale traf-
fic perception and vehicle tracking. The ECoMS system offers an edge-server cooperative work-
flow for multi-camera vehicle tracking and traffic perception. The system is optimized for edge
devices, and it features a multi-task feature extraction workflow. This system also introduces
a novel clip-based deep vehicle Re-ID model with a hierarchical feature extraction and fusion
mechanism. Additionally, a precision-aware kernel density estimator is integrated into ECoMS
forinformation extraction from various camera pairs. Finally, the ECoMS system is cost-effective,
reducing the need for server hardware, data storage, and communication bandwidth. Overall,
the ECoMS system facilitates cooperative cross-camera vehicle tracking and smart traffic surveil-

lance in an affordable, scalable, and power-efficient manner.
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3.2 METHODOLOGY — THE PROPOSED ECOMS SYSsTEM

3.2.1 ECOMS SysTEM OVERALL FRAMEWORK ARCHITECTURE ILLUSTRATION

In general, ECoMS includes three key components: the edge nodes with embedded cameras, a
communication component based on TCP/IP socket and the edge server for multi-node infor-
mation processing. The users need to select the target camera pair or road segment to extract the
traffic information. The Figure 3.1 shows the overall architecture of ECoOMS System, and the
intermediate variables and parameters are summarized in Table 3.1. In ECoMS system, the edge
server is the whole system’s control unit. The server can admit the input from traffic managers,
including attributes information (weather condition, road type), choosing camera groups, and
re-identifying vehicles from multiple cameras. The server is also the central node for listening
and summarizing the belonging edge nodes’ information and finishing the cross-camera traffic
information estimation tasks. The tasks include clips features extraction, candidates filter and se-
lection, cross-camera vehicle Re-ID, traffic information estimation, and communication of the
necessary parameters to all edge nodes. Then, 7z edge nodes are separated in different locations
of the road network. Each of them is equipped with an NVIDIA Jetson AGX Xavier to support
real-time object detection, single-camera tracking, object representations, and features selection.
Via the TCP/IP socket based on WiFi, tracker clips and the features are summarized and sent to

the edge server.
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Table 3.1: Definitions of key intermediate variables and parameters in ECOMS system.

Variable

Definition

0,1,....m,n

The index of the edge nodes. Each edge node is equipped with one camera. Since
the cross-camera Re-ID process always uses two or more cameras for comparison,
the m represents the query camera, and 7 is the gallery camera.

RV, The raw video input of edge 7 with continuous video inputs.

O, The 7 detected object of the edge node 7 through the MOD.

Tons The 7 aggregated track of edge node 7 through SCT.

Coi The ## vehicle representation clip generated by camera 7. Each clip consists of

A cropped vehicle image.

ft,,

The £ frame level of feature belong to & frame of C,,,; (0 < k < .A).

f Cmi

The clip-level of feature belongs to the C,,;.

P,, The camera pair from camera #m to camera #n.

RelD,,, The final vehicle Re-ID results by clips, #m is the query camera and #n is the
gallery camera.

Top;'ﬁ-l' The top-one candidate, using C,,,; as query and C,; is best match candidate from
the gallery set.

TT The estimated travel time information form camera #m to camera #n.

LS,,, The estimated link travel speed information form camera #m to camera #n.

0D,,, The estimated cross-camera origination to destination information form camera

#m to camera #n.

3.2.2 MULTI-TASK EDGE-BASED ALGORITHMS

REAL-TIME MULTI-OBJECT DETECTION AND TRACKING

For each edge node, the MOD is the first step to localize the objects. The inputs of the MOD

algorithm are raw video captured by the camera RV, and the outputs are the object sets O,y,;.

To achieve fast and reliable processing speed on the edge computing units, I choose to use the

single-stage detector You Only Look Once (YOLO) version four (YOLOv4) [191]. YOLOv4
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[153] is a famous detector with a CSPDarknets3 backbone, SPP neck [192] and inherits the
head design of YOLOv3 [193], which achieves the balance of processing speed and accuracy on
multiple open datasets [191]. In this research, I use a well trained YOLOv4 by the coco dataset
[194], and then retrained the detector by two open-source datasets: MIO-TCD [42] and LHTV
[xr1].

Deep learning feature extractors are usually the bottleneck for online tracking algorithms,
making them unscalable for real-time applications, not to mention running on the edge devices.
Inspired by the current state-of-art joint detection and embedding [195] tracker, Tracktor [196]
and Fast MOT [197], I implemented a boosting mechanism for the tracking feature extractor
based on the structure of deep Simple Real time Tracker (SORT). As shown in Figure 3.2., in
practice, the feature only extracted every K frames and used as the frame-level features. Since the
surveillance cameras are permanently mounted at a certain point with a stable background, opti-
cal flow [198] is then used to fill in the gaps. Towards a lightweight and reliable feature extractor
for clips, I chose to implement the Omni-Scale network (OSNet) [199]. In OSNet, to efficiently
capture the spatial dependencies and avoid overfitting, the building block is operated through
point-wise and depth-wise convolutions. A unified Aggregation Gate (AG) is integrated into the
tracking framework for fusing multi-scale features with various input-dependent channel-wise
weights dynamically. OSNet achieves impressive feature extraction results with a feather-light
architecture. The input of the online tracking algorithms are the detected objects sets O,,; and
the outputs are the aggregated object tracks 75,;. In the next step, the 75, is further selected by

the clip selection and generation module.
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VEHICLE’S REPRESENTATION CLIP SELECTION

After the real-time detection and online tracking procedures running on the edge side, the raw
video input of camera m (RV,) are cut into different tracks 7},,. The next step is to select .4
frames from a track with the high-quality objects’ representativeness and consist of a clip C,,;
for object 7. Here, the selection criteria depend on several aspects, including the object detection
confidence (), object size (-*’), and the attributes input (road speed limit and camera frame
rate). The bounding boxes are normalized by the largest size of a track. Then, a confidence ; is
used as the threshold to filter the low-confidence frames. Denoting the object frame & score as

p*, the score for each track is calculated as:

pF = {6F«.7*|6% > 6} (3.1)

With the value of p¥, the next step is to select top .4 frames with the largest result of p* as
representative frames to consist of a Cy,;. The last task for the edge is to send the C,,; for each
track to the server for further processing by TCP socket protocol. It is worth noting that for
different attribute inputs, the 6, and .4” can be changed by the actual situation. The detailed
parameter settings are in the experiment section. The final output for each edge node 2 is the
Cyni and belonged features, including the captured time, location, and the associated camera

information.

3.2.3 CLIP-BASED MULTI-CAMERA VEHICLE RE-ID ALGORITHM CUSTOMIZATION

After receiving the clips Cy,;, C; and the corresponding features from edge nodes 72 and #, the

server runs four threads simultaneously to re-identify the vehicles among the clips. The whole
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process is shown in Figure 3.3. The proposed clip-based ECoMS vehicle Re-ID method includes
frame-level feature extraction, clip-level feature extraction, road network graph constraint filter-

ing, and attributes-aware re-ranking.

FRAME-LEVEL FEATURE EXTRACTION

After receiving the clips (Cy,;) from edge nodes, the frame-level features extraction is designed
for capturing spatial information. Here, the features of each single frame are extracted using
a ResNetso [125] backbone pre-trained on the ImageNet [200] and CityFlow [201] datasets,
where the 2048-dimension vector from the fully-connected layer represents the appearance fea-
tures (fkcm,) for frame k in camera C,,;. Prior research suggests that pose and orientation sig-
nificantly impact the human and vehicle Re-ID results. Therefore, I utilize the car key points
estimation to represent the pose and structural features. Specifically, with the car key points
estimation network proposed by [202], it predicts 18 surfaces for each vehicle, which can be
converted into a 72-dimension vector by concatenating the nodes of surfaces in order to infer
3D information. The 72-dimension vector is then projected to 2048-dimension as the vehicle’s

pose features (ﬁvkcm,) with a learnable weight matrix W € 272*2048,

CLIP-LEVEL FEATURE EXTRACTION

After obtaining the frame-level features, I implemented the attention mechanism to fuse .4
frames features into a clip-level feature (f,,). The detailed process is shown in Figure 3.4. To
fuse the appearance features, a 2D convolution is used to capture the spatial correlations of
neighboring frames. Then, I apply pose-attention to the two vector sets with the same size of

Z2048+T 3nd fuse them into a vector. Then, to leave the raw pose information for further com-
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Figure 3.4: The pose-aware clip-level feature extraction component.

parison, another smaller embedding is used to map the pose features fpc, , into a 256-dimension
vector and then concentrate with the output of the pose-attention. The final clip feature (f¢,,)

of clip C,,; consists of both the appearance and post vectors, belonging to object 7.

Roap NETwWORK GRAPH CONSTRAINT INTEGRATION

In order to save computing resources, I used the road graph restrictions and travel time restric-
tions to filter the set of potential matching targets before calculating the similarity of objects
between camera 7 and camera 7. The first step is to build the road network adjacent matrix for

the installed cameras. Based on the pair connection information, the second step is to set up the
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query and gallery camera pair P,,,, which means the camera m is used as the query set and 7 as
the candidate set. The third step is to set time constraints for matching. I use a time window by
considering the real-time travel time reliability to filter impossible matching pairs. Denoting the
average travel time at time # from edge 7 to 7 as ¢,,, and a bufter index (,,,,,, varies with time of

aday), the matching time window length is

TTP,-]- — (tmn . (1 - bmn)a Lo (1 + bmn)) (3'2)

The value of the b,,, varies for different cities at different times of day. In this chapter, the
by is summarized and used to represent the city’s congestion level and the travel time reliability

summarized in [203].

VEHICLE RE-ID BY CLIPS FEATURES

After obtaining the features of each clips and generating the query and gallary object Re-ID sets,
the next step is to calculate the pairwise similarity between targets. Here, the pairwise object
similarity is measured based on the Euclidean distance. Only top five closest targets will be used
as the alike candidates sets (') and then considered for further re-ranking.

For the ECoMS Re-ID, I train the clip-based Re-ID model end to end. The loss functions are
consists of two parts. Considering the task somehow contains inter-object classifications, the
cross-entropy (Xent) loss is included. In the following equation, 7 and j represent the query and

gallery object.
9
gXent - Zlog (4](1))g(1))7 g(l) = 5@3 (3'3)
=1

At the same time, inspired by for human Re-ID research, the triplet loss is widely adopted to
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distinguish the intra-class and inter-class differences. Specifically, the Batch Hard (BH) triplet
loss [204] shows promising results. However, a significant fundamental difference between ve-
hicle and human face Re-ID tasks is that people do not typically have the same appearance, while
there are cars with exactly the same appearance features. If training the vehicle Re-ID model us-
ing BH loss, the process would be too tough to obtain reliable results if the same vehicle exists.
So, in this research, I use the batch sample (BS) instead [205, 172, 111] of BH triplet loss to train

the model. In BS triplet loss, a mini-batch 4 is defined as

Zps(0:B) =Y. Y lLi(a) (3.4)
all batchesa€B8
Where
Zm(d) = [m+ Z wPDﬂP Z wn D) ﬂn (3-5)
pEP(a) n€N(a)

In equation 3.5, wj are the weights of positive samples, w, are the weights of negative samples,
D, are the distances of anchor sample to the positive samples, D, are anchor samples to the
negative samples, and 7 represents the predefined margin value. The final loss function of the
proposed ECoMS_Re-ID methodology is a linear combination of both BS tripletloss and cross-

entropy loss, as shown below,

Lrep = ALps+ (1= A) Loxenr- (3.6)

So the output of the clip features Re-ID procedures are the several candidates with the top closest
Euclidean distance, represented by Re/D,,,. Here, I select only the top five in the following re-

ranking procedure and then find the best candidates.
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ATTRIBUTE-AWARE RE-RANKING

As mentioned, the toughest task for ECOMS is to obtain cross-camera traffic information auto-
matically from reliable matching results. In this research, I integrate a light attributes classifier of
the final alike candidates’ sets to choose the best one. Since the appearance features and pose fea-
tures have already been well used in previous steps, object attributes features, including vehicle
types, brand, color, and module are included in the comparison. To balance the computing time
and classification accuracy, Light-CNN, proposed by Wu et al. [206], is adopted into this pro-
cess. The expanded 256-dimensions MFAM_fc layer is used for final classification features with
pre-defined class. Using x represents total class numbers, g; and g; as the inputs of the query and
gallery objects, ¢(g;) represents confidence of the object ¢;, the metadata probabilities for g; and
gi are p,. and py,, then the re-ranking distance for a Re-ID pair among all class can be shown in

the following equation:

@R(Qiagz‘) = de(%‘,gﬁ)» (3-7)

X
where g; represents a query object clip input and g; represent the 7, candidate in gallery set. In

detail, the distance for a certain class x is:

di(9:,9:) = c(q:) - c(gi) - (_[ogp(cpi = (g, Pi:gi))- (3.8)

And the ¢(p;), ¢(g;) are the KL distance between p;, g; and the uniform classification distribu-
tion. The 7 is the number of classes defined in the re-ranking classification dataset. Finally, the

candidates are re-ranked by the distance in the equation 3.9

9 = 96(7:’7&') +ﬁ “Dr, (3.9)
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where the 7, is the euclidean distance obtained from the clips Re-ID. The 8 a hyper-parameter
that can be tuned in the experiment. After the ECoMS cross-camera vehicle Re-ID, only the best

match candidate Top]" is used for the cross camera information extraction.

3.2.4 COOPERATIVE CROSS-CAMERA TRAFFIC PARAMETERS ESTIMATION BASED ON VE-

HICLE RE-ID
LINK-LEVEL TRAFFIC INFORMATION

Cross-camera vehicle Re-ID enables ECoMS to estimate link-level and network-level cross-region
traffic information (i.e., link travel time and speed) at a high penetration rate. For the link infor-
mation estimation, the inputs are the best matched candidate (70p?%) pairs’ attributes, including
the captured time and the camera id. Assuming that the time for object vehicle 7 to pass the cam-
era m is #7* and then to pass the camera 7 is %, then the travel time 77%,, of vehicle 7 from m
to n is £]* — £}. Suppose I have .# vehicles in the pool, then each matching vehicles’ link travel
time and link speed value can be obtained. Then, the link average travel time and average speed
is calculated by the sum of the value over the .#.

Also, based on the obtained object-level traffic parameters, ECoOMS can estimate the cross-
camera traffic information distribution, i.e., travel time and speed distributions. Parametric
probability approaches are commonly used to estimate the cross-camera traffic information tra-
ditionally. The basic assumption of the proposed approach is that the traffic information fol-
lows specified distributions, which can be estimated based on the observed data in theory. How-
ever, inevitable errors caused by the limited capability of modeling complex scenarios make these
methods inapplicable for cross-camera scenes.

Here, I establish the distribution estimation approach based on Kernel Density Estimation
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(KDE) and Kernel Smoother (KS) [207], as a non-parametric approach for estimating proba-
bility distributions. The proposed approach enables the construction of travel time distribu-
tion and speed distribution with the advantages of fewer assumptions and a more flexible fitting
structure with fast processing speed. In detail, the density of the evaluated variable (.2,,) by

the KDE and KS is shown mathematically as:

X — X,
).

1 n
Lon) = — Y Ki .10
AZon) nb; (—; (3.10)

In equation 3.10, £, are variables that need to be estimated, including the link speed (LS,,,,,)
and travel time (77, ). 7 is the number of observations and /4 is the kernel bandwidth that con-
trols the smoothing level of Probability Distribution Function (PDF). K represents the kernel
function and the I use the Gaussian kernel here. With the distribution of LS,,,, and 77;,,,, traffic

information can be obtained.

NETWORK-LEVEL TRAFFIC INFORMATION

After obtaining the vehicle Re-ID information between adjacent cameras and combining with
the graph of the road network, the vehicles’ trajectories along with the camera link can be ex-
tracted. Aggregating the trajectories by each period (network information extraction thread
time length, i.e. per five minutes), area Origination and Destination (OD) information can be
extracted with the channelized characteristics of roads. Subsequently, the utility level, the traf-
fic flow distribution, and the OD distribution can be extracted in real-time. To the authors’
best knowledge, this is the first reliable traffic flow and OD distribution extraction framework

in real-time with a high penetration rate.
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3.3 EXPERIMENT AND DI1SCUSSION

3.3.1 DATASET DESCRIPTION
CITYFLOW

The Cityflow Vehicle Re-ID dataset is proposed by NVIDIA Research in 2019 [201], which
was captured from 4o traffic cameras, including the scenario of intersections, local roads, arterial
roads and highways. In this study, the Cityflow dataset is used to train and evaluate the detection
and vehicle Re-ID algorithm performance deployed on the edge server. In detail, a total of 666
vehicles annotated with distinct vehicle IDs are used for training and testing the cross camera
vehicle Re-ID based on clips. License plates are masked in black for privacy consideration. As
the original testing set includes single images and the training set includes short video clips, to
establish clip-based evaluation, I use 20% of the training set as the testing set and report the ReID

performance.

FrREEWAY SENSING VIDEO (FSV) DATASET

Since the time length of each surveillance video clip in Cityflow dataset is too short (average
length is only 4.88 min) and does not include the ground truth timestamp, a whole new dataset
Freeway Sensing Video (FSV) dataset is proposed by authors to demonstrate the traffic sensing
and information estimation evaluation.

FSV dataset includes 4.31 hours (258.35 minutes) of video and includes four different cam-
eras on the Interstate 5 freeway, with the video format of 108op/30 fps. The illustration of
the FSV dataset is shown in the Figures.s, with the FSV cameras (from camera 1 to camera 4)

location, orientation and view. All the image frames include ground truth time and the cam-

71



e 12Aas00Y

AV ISL
EL
AN BAY YIS L

Exit 172
\ < am#4
Cam #4 K7 T

G’een Lake ) \'9
1

\5}

Cam #3 Exit 171 GREEN LAK
xit Cam#3

Rooster Aj
NE 65th St

%o Way, 0

k22

I-5 North
%

Exit 170

3N aAY euoje]

INAV YILL

N 50th St —— E 50th St
UNIVERSITY

DISTRICT

Cmn#l%—“u““s‘

Cam #2

o
o

Cam#1 [ Exit169

15th Ave NE

N 3 piojBulliem

Real roadmap

o:diys

Figure 3.5: The detail information illustration of the FSV dataset, including four cameras locations, view point and the network
spatial constraints.

era location GPS information. Among the camera links, the longest distance is 3216 m, and
the shortest is 405 m. In this research, 40.12 minutes of video is used to fine-tune the detection,
tracking and Re-ID algorithms, and 138.23 minutes of video are used to evaluate the traffic sens-
ing framework performance. In evaluation, using the long video as input of the edge devices for
real-time detection and tracking, then sending the clips to the server with spatial-temporal infor-
mation for cross camera vehicle Re-ID and traffic information estimation. For the cross-camera
vehicle Re-ID, a total of 1547 vehicles captured from the different four cameras are annotated
with distinct vehicle IDs, and then used for training and testing the cross-camera vehicle Re-ID

algorithms (70% of for training, 10% for validation and the rest 20% for testing.).
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3.3.2 EDGE-SIDE EXPERIMENT

EDGE-SIDE WORKFLOW AND ALGORITHM ADAPTATION

CPU Complex Legend
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Figure 3.6: The illustration of integrating and deploying the ECoMS algorithms workflow with the computational resources on
the Nvidia Jetson AGX Xavier edge node.

The Nvidia Jetson AGX Xavier is chosen as an embedded edge platform for real-time vehi-
cle detection, tracking and clip selection, integrated with a 1080P camera. The Xavier has eight
Carmel CPUs and eight Volta SM GPU to consist of the CPU and GPU cluster. To fully stim-

ulate the computing potential on edge nodes, the entire workflow running on the edge side of

73



ECoMS is combined with the reasonable Xavier resources without overlap in one cycle. As Fig-
ure 3.6. shows, the CPUs cluster are divided into six groups for 1) handling OS system, 2) input
preparation, 3) data processing for algorithms, 4) output preparation and control, 5) communi-
cation receiving orders from TMC and 6) transmit data to edge servers. Then, the GPU cluster
is in charge of handling the detection and tracking script. The CPU and GPU clusters share the
information through the cache for each cycle. To speed up the whole edge framework, the de-
tector and feature extractor fully implemented using the TensorRT backend (TRT 7.1.3, with
Jetpack 4.4) and perform asynchronous communication inference. To minimize the compu-
tation delay and energy consumption of the edge node, I implemented a hybrid deployment
offloading strategy [208] to optimize the performance of service caching placement and system
resource allocation, including the CPU processing frequency and communication transmission
power allocation. In addition, all code finished by Python language, including Kalman filter,

optical flow, and data association, are optimized using Numba [209].

EDGE-SIDE PARAMETERS

On the edge nodes and server, final parameters are set as follows:

In the multi-object tracking, the algorithm extract features every K frames, and add the

associations by optical flow. Here the K is equal to four.

A frames of a track with the high quality representativeness is five.

the object detection confidence (0) base line is equal to 0.75.

* object size (') here is no less than soo pixel.
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EDGE-SIDE DETECTION AND TRACKING PERFORMANCE

For the real-time multi-object detection, I pre-define three classes, including truck, bus, and car.

The average precision of detection are 81.40%, 78.33% and 96.92% for the four camera views
together, respectively. Set the Intersection over Union (IoU) threshold as 50%, then the Area-
Under-Curve (AUC) for each unique recall mean average precision (mAP@o.50) is 85.55%.

I also evaluate the real-time multi object tracking result separately under difterent traffic con-
ditions light traffic (less than 10 vehicle/lane/min), normal (10 vehicle/lane/min to 20 vehi-
cle/lane/min)and busy (20 vehicle/lane/min to 30 vehicle/lane/min) heavy (above 30 vehicle/lane/min),
with the accurate result and the computational performance. The results are summarized in Ta-

ble 3.2.

Table 3.2: The optimized multi-object detection and tracking performance summary on the ECoMS system edge nodes.

Traffic Camera 1 Camera 2 Camera 3 Camera 4
condition| IDFr MOTA FPS | IDFt1 MOTA FPS | IDFt MOTA FPS | IDFx MOTA FPS

Light 81.76  64.31  34.4 | 82.12  65.43 33.6 | 78.24 61.52 34.2 | 85.24 67.45  33.9
Normal | 76.23  61.61  26.1 | 77.07 63.05 25.4 | 73.42 $56.62 25.2 | 79.78  63.92  26.9

Busy 74.47 60.01  19.3 | 75.04 61.78 18.2 | 68.97  54.81 18.7 | 77.14 62.13  20.I
Heavy 71.23  §59.22 16.3 | 74.05 60.63 17.1 | 66.17 51.48 16.8 | 74.23 60.61 17.4

As shown in Table 3.2, The scripts are deployed on edges can perform real-time MOD, MOT
and candidates selections process with reliable MOT IDF1 score. The camera 4 performs best,
which gets 85.24, 79.78, 77.14 and 74.23 on the light, normal, busy and heavy traffic conditions
with 33.9, 26.9, 20.1 and 17.4 FPS, respectively. Even the camera 3 performs lowest among
four nodes, the average IDF1 still scores 71.70. Considering the general surveillance video input

always use 1o-15 FPS as standards, such a performance can satisfy all kinds of real time traffic
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multi-object detection and tracking with post processing.

3.3.3 ECOMS CiLr-BASED VEHICLE RE-ID EXPERIMENT
VEHICLE RE-ID HARDWARE AND ENVIRONMENTAL SETTING

After the vehicle representations are selected and sent to the edge server by the internet, the clip-
based Vehicle Re-ID framework is triggered. In ECoMS, the edge server is equipped with A
CPU of Intel Core-i9g 9900K and two GPUs manufactured by NVIDIA. In the experiment,
four edge nodes are involved in the system testing for cross-camera Re-ID and traffic information
estimation. The cost of the server is around $3000 at the year of 2022. The server can support up
to eight ECoOMS edge nodes input. The operating system is Linux system and the ECoMS_Re-
ID is implemented by PyTorch.

ECoMS VeHicLE RE-ID PARAMETERS

The parameters using on the edge nodes are as follows:
* The clip level features (f¢,,,) is fused by .4 frames, and here the . 4" is equal to four.

* Each vehicle can be obtained two clip level features (f,,) by fuse frame zero to three and

one to four, then used for re-ranking together.
* The A in equation 3.6 is 0.5.
* The B in equation 3.9 is 0.4.

. b,'j in this work is used as the travel time reliability index in the data collection region,

which is open source and provided on Digital Roadway Interactive Visualization and
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Evaluation Network (DRIVE Net) platform developed by the Washington State of De-
partment of Transportation and University of Washington [210]. In this research, I use
the b,,, for camera #1 to camera #2 is 0.1, camera #2 to camera #3 is 0.35 and camera #3

to camera #4 is 0.1.

VEHICLE RE-ID RESULTS SUMMARY AND COMPARISON

To show the proposed RSITS_Reid’s potential in vehicle Re-ID tasks, the research introduced
four SOTA methods.

BoT [211]. Bag of Tricks (BoT) is a well-known baseline for deep human Re-ID. Here, I re-
trained the model by a 256*256 ResNeXtso as a backbone, with Global Average Pooling (GAP).
Cross-entropy and triplet loss are integrated into the BoT.

AGW [212, 213]. Attention Generalized mean pooling with Weighted triplet loss (AGW)
is proposed in 2020. Here, I re-trained the model by a 256*256 ResNeXtso as backbone, with
Attention Generalized Mean Pooling (AGMP). Cross-entropy and weighted triplet loss are used
in the model.

BoT_ibn [211, 214]. The Instance-Batch Normalization (IBN) network is integrated into
the upgrade version of BoT and called BoT _ibn in this research as a baseline.

SBS [212]. SBSis proposed in the Fast Re-ID framework by integrating the SOTA tricks used
in the Re-ID tasks. Here, I re-trained the model by a 256*256 ResNeXtso as the backbone, with
on-local block (NL). The Generalized Mean Pooling (GMP) is used to downsample the vector.
Circle Softmax is used instead of traditional linear classification layers. Both Cross-entropy and
weighted triplet loss are integrated into the BoT.

The results are summarized into the Table 3.3 and visualized on the Figure 3.7, including
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Accuracy

Type Method Rank-1 1 Rank-s 1 mAP 1 Infer time (s/item) |
BoT 80.03 82.92 69.58 0.00314
AGW 80.55 84.05 68.22 0.00353
FSV dataset BoT _ibn 82.57 85.23 71.68 0.00315
SBS 82.08 85.95 72.62 0.00247
ECoMS_Re-ID 90.14 93.72 77.01 0.00241
BoT 85.45 87.86 70.11 0.00221
AGW 86.74 88.98 72.31 0.00257
Cityflow2o021 BoT _ibn 88.79 90.58 75.57 0.00167
SBS 88.13 90.72 75.04 0.00196
ECoMS_Re-ID 92.43 94.87 80.09 0.00189

Table 3.3: The result comparison for the proposed ECoMS_Re-ID algorithm with other state-of-the-art baselines.

the Rank-1, Rank-5, mAP and inference time (second per batch). ECoMS_Re-ID framework

significantly outperforms other SOTA methods on both datasets, especially on the Rank-1 ac-

curacy. On the FSV dataset, the ECoMS achieves 90.14% Rank-1 and 93.72% Rank-s, with the

best mAP accuracy. As mentioned before, to extract link traffic information, Rank-1 accuracy is

the mostimportant measurement need to be improved. The customized attributes-aware multi-

query and re-ranking mechanism play an essential role in enhancing the Rank-r accuracy. Such

a result indicates that the ECoMS Re-ID results can sufficiently support traffic information es-

timation.

ABLATION STUDY FOR ECOMS VEHICLE RE-ID

For the proposed clip-based ECoMS Re-ID algorithm, a whole new clip-level feature extraction

and an attributes-aware re-ranking components are integrated into the proposed Re-ID model.

Besides, some popular techniques are also used in the model customizing and training process

[211], including freeze backbone, learning rate warm-up, and learning rate cosine decay. The
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Dataset Freeze LR Warm up Attributes- Clip-level Rank-11 | mAP?
Backbone | with Cosine aware Feature
Decay Re-ranking Fusion
v X X X 80.07 69.91
v v X X 83.93 71.24
FSV Dataset v v v X 85.46 72.49
v v X v 87.34 75-92
v v v 4 90.14 77.01
v X X X 83.35 72.01
v v X X 85.74 74-49
Cityflow 2021 v v v X 88.24 77.08
v v X v 91.76 79.17
v v v v 92.43 80.09

Table 3.4: The ablation study for the proposed ECoMS cross-camera Re-ID algorithm.

ablation study for each components’ contributions to the final result are summarized in Ta-

ble 3.4. From the before and after comparison, the clip-level feature fusion and attributes-aware

re-ranking play significant roles in improving the Rank-1 and the mAP in ECoMS cross-camera

Re-ID. The leaning rate warms up with cosine decay, and freeze backbone settings also con-

tribute to the cross-camera Re-ID accuracy.

3.3.4 IRAFFIC INFORMATION ESTIMATION EVALUATION

The final target of ECoMS is to sense the information at multi-level of traffic networks, including

node, link and local area. Here, I mainly evaluate thelink and network level of traffic information

estimation, including link travel time and speed, as well as network OD flow distribution.
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Link Information Estimation

@ Link Travel Time (s) @ Vehicle Speed (mile/h)
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Figure 3.8: The result visualization and comparison with ground truth data for the ECoMS link travel time distribution and
average speed distribution estimation.

LINK INFORMATION

The link speed and travel time are two key parameters to be estimated. Different from the tra-
ditional method, for ECoMS, I estimate the distribution instead of the average value. The Fig-
ure 3.8. shows the box plot of metadata and estimated distribution. From the result, a similar
distribution (with less than .01 KL distance) is observed for both travel time and speed for three
camera link. For the link travel time, the distribution of Cam#1-#2 and Cam#3-#4 are obtained
0.09, o.11 KL distance respectively, which can be treated as the same. For the Cam#2-#3, due

to two exits are located in the road section, as well as the road network graph constraint, the es-
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timated distribution are more concentrated compared with the metadata. However, the general
distribution is quite close (KL distance 1.01 for link travel time distribution and 0.94 for link av-
erage speed distribution). Such an accuracy level can satisfy all kinds of challenging traffic-related

services inducing travel time reliability analysis, road network resilience analysis and etc.;

AREA OD FLow DISTRIBUTION

Area OD estimation is a long-lasting challenge for traffic perception. The previous methods
mainly rely on vehicle GPS data captured by the on-board device. However, the GPS tracking
equipment always with the complex installation procedure. The GPS shifting in the urban area
is also a serious challenge, which decreases the accuracy of network OD estimation [215]. How-
ever, with ECoMS, it can be used to kill two birds with one stone. The ECoMS can not only
answer how many vehicles are passed on each node but also where they will go in with less than
2% distribution error. As shown in Figure 3.9, the ECoOMS can obtain the route trajectory data
by continuous Re-ID vehicles and then summarize the traffic flow distribution. With the road

graph constraint combination, the traffic engineers can obtain the area OD with high precision.

3.3.5 SYSTEM PERFORMANCE COMPARISON

Due to the ECoMS is the first proposed IoT system for network-level traffic sensing framework
by multi-camera Re-ID, I mainly compared with two other current frameworks, video-based
framework and motion-trigger-based framework. For the previous framework, the basic struc-
ture is the cameras collect and transmit the original real-time video to the TMCs. Then the
TMCs deal with the original video and then extract the traffic information by implementing

MOD, MOT and multi-camera Re-ID. Such a framework is the current most popular structure

82



uonNqLISIP MO[J UOTJBUIISOP [BIY

uonNqUISIp MOf
1IX3 pUNOqUHON 6

uonnqIIsIp MOfj
punoqyiioN ¢1

T %001

%€V'L <891 :wmm\,?

%LSE'T6

691 XY

%386°8

OLT ¥xXH oW LLES

/ %T0°8L

%SL'S «—— ILIIXY

"e3ep Y3nJ3-punois ayj Y3m uosuedwod pue uoezi|ensiA uolewysa O eaJe WalsAs SIN0DT dYl :6°€ aanSi4

uonNQqLISIP MO[J UOIJEUIISOP PIjewl)sy

TonNQIISIp Mo[y TonnquISIp Mofy

12 PUnoquyHoN §1 punoquuioN ¢

\w %001

%90°L ~——— g913xg” |
%b6'T6
691 1x
%8T'L
F1o
VAR S .

%Ly «— ILT :um—/ %6€°18

dewpeor [eoy]

MOTA BIOWE))

891 Eﬁ\_ I# wey

Hue)

69T NXH

OLT IXH

Y, € WeED

/ P we)
A

TLT MXH

83



and implemented by pioneer researchers [176]. The motion-trigger-based methods are proposed
in recent years [216, 217]. By running basic motion-driven detection or tracking methods on
the edge node, the TMCs can receive video clips with target objects (i,e, vehicles, pedestrians
and etc.). Then post-processes the video clips by the same workflow. Such a framework can
reduce the communication stream, especially in rural areas. However, only triggering by mo-
tion detection can not be sufficient for many traffic sensing tasks, including incident detection
and monitoring, traffic counting, speed and occupancy estimation. So if a comprehensive traffic
perception is necessary, streaming live videos and post-processing in the back-end servers are still
the only choice for traffic agencies.

In this research, I conducted a comparison with video-based and motion-trigger frameworks
by conducting same workflow in MOD and MOT. For the vehicle Re-ID component, due to
the ECoMS_Reid is customized and can not suit for the video based Re-ID framework, I using
the SOTA video-based SBS Re-ID framework in the workflow. The detail system information
can be found in Table 3.3.5.

Table 3.5: System information for three multi-camera traffic monitoring architecture.

Name Video-SBS Motion-SBS ECoMS
Hardware two Titan Xp two Titan Xp four Jeston Xavier and
one Titan Xp

Archt. online MOD and | online MOD, offline | online MOD and
MOT, Re-ID MOT, Re-ID MOT, Re-ID

Sys Power (watt) 846W 825W 4%34.2W+402W

Cameras 4 4 4

End-to-end Latency 198.98s 42.74S 10.218




3.3.6 COMMUNICATION EFFICIENCY

The communication band-with requirements are always the traffic engineers worried about when
anywhere is needed to install surveillance cameras. Even with motion-trigger transmission, the
volume of data is still quit high when the traffic condition is quit busy and the stream need high
performance transmission system. Such video-based framework significantly limited the vehi-
cles Re-ID utility in transportation information collection. However, with the ECoMS based
on IoT structure, useful objects representations can be well selected by edge nodes, only small
amount of data need to be send to TMCs for cross camera Re-ID. From the experiment, the av-
erage data stream is only 8.1% of video method and 24.4% of motion-triggered IoT system. The
ECoMS makes traffic data in the rural and low communication band-width area also can enjoy
better transportation services by SOTA IoT technologies. The Figure 3.10. shows the detail

communication data stream volume comparison of the three workflow.

Communication Data Stream Volume Comparison

@ Light @88 Normal @ Busy @ Heavy

Data Stream (Mby/s)
5

Busy
eavy

~o
=)
g
o

043 Normal

il ¢ % 7 %77

.
Video-based Motion-triggered ECoMS

Figure 3.10: The transmitted data stream volume comparison for the three multi-camera traffic monitoring architecture.
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PowER AND COMPUTATIONAL CONSUMPTION

Power Consummation, Latency and Accuracy Comparison
@B Video-SBS Motion-SBS ECoMS

Figure 3.11: Power consumption, computational latency and cross-camera Re-ID performance comparison for three multi-
camera traffic monitoring architecture.

With the help of edge and center IoT structure, the power consummation, computational
latency can be much more saved based on the experiment. Here, I evaluated the computational
latency from the video clip input to obtain the traffic information estimation results, and then
average the latency on each vehicle. I found that the traditional video-based method are with the
highest latency due to the server is in charge of multiple video workflow simultaneously. Even
two Titan Xp is installed, such a framework is the highest latency with the maximum power
consummation. Due to selecting the video clips with vehicles, the motion-SBS can significantly
reduce the computational time, but the power consummation is still close to the video-based
method. The ECoMS performs only 5% of the latency, 63% of the power consummation, with

the highest Re-ID accuracy. The Figure 3.11. shows the detail comparison of the three workflow.
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3.3.7 SYSTEM SCALABILITY AND REAL IMPLEMENTATION

When the traffic managers consider actual deployment, scalability becomes one of the most sig-
nificant issues for consideration. For the video sensing system, the department not only need to
pay for the hardware system, but also the fee of database, communication services, power sup-
ply, and periodical maintenance. Here, I compared the ECoMS with current video-based multi-
camera sensing system [172, 176]. From the comparison with current video-based multi-camera
perception system, it is easy to find that ECoMS has multiple advantages. For the original video
processing framework, using Titan Xp as the standard server GPU, one GPU can only deal with
upto two video streams. A huge amount of cost needs to be spent on GPUs and data storage.
The motion-trigger method can reduce around half of the communication and data volume,
but the cost is higher when nodes are limited. Compared with the previous two frameworks,
ECoMS has four advantages. 1) Due to the hybrid Iot architecture, ECoMS can save much more
money on the server hardware, including both GPUs (only about 30%) and data storage (the ve-
hicle clips only). 2) Easy to scale up. If the manager installs more nodes, much more money will
be saved. 3) The communication requirement is easy to reach, and flexible. Only daily band-
width can fit into the system. 4) The power consummation is much more user-friendly. The
total cost will be only about 35% or less if twenty nodes are included in the ECoMS. Consid-
ering the number of cameras installed in the current surveillance system for traffic monitoring,
the ECoMS is a solution with high reliability, low price, and easy management.

With the mentioned advantages, the proposed ECoMS has been installed and being tested
by multiple DoTs and will be the key information source for the link travel time estimation.
Specifically, the installations of the proposed ECoMS system in Oslo, the capital of Norway, at

late 2021, and City of Bellevue in Washington State, USA, at April of 2022 have been finished.
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At the late April of 2021, three ECoMS edge nodes was installed at the E-6 freeway, for the travel
time estimation from Klefta (small town located in Ullensaker, Akershus, Norway) to Oslo. At
April of 2022, four ECoMS edge nodes was installed at four intersections in the city of Bellevue
and another two are planed to install at the city of Lynwood, in the Washington State, at Nov
of 2022. Currently, all of the seven installed ECoMS smart nodes are being tested for the cross-

camera vehicle tracking and link travel time estimation and work as I expected.

3.4 CHAPTER SUMMARY AND FUTURE WORKS

In this research, I proposed an IoT workflow for cooperative multi-camera vehicle tracking and
traffic surveillance. By optimizing the computational resources on the edge device and adapting
and accelerating the multi-object detection and tracking algorithms, the ECoMS edge node can
achieve the real-time object detection and tracking even under heavy traffic condition. In ad-
dition, in order to realize re-identify objects across different cameras, the representations of the
vehicle can be automatically extracted on the edge and sent to the server. Furthermore, a novel
clip-based deep vehicle Re-ID model, with the hierarchical feature extraction and fusion mech-
anism is proposed and integrated into the ECoMS system workflow. The experiments on two
vehicle Re-ID datasets, the Freeway Sensing Video (FSV) and Cityflow 2021 achieves 90.14%
and 92.43% rank-1 accuracy respectively, which significantly outperforms other SOTA meth-
ods 4%-8%. Besides, the cross-camera traffic parameter and distribution estimation algorithms
based on KED and KS are also fully tested and evaluated, and the distribution difference can
achieve less than 1.o1 KL distance. Further, the hardware cost of ECoMS system is significantly
reduced including the GPUs (only with 25% of the original GPUs) and data storage (with less

than 10% of original data volume). With the help of the ECoMS system, the traffic surveillance
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system can share the detected object features and cooperate with each other to track vehicles and
extract traffic information together, which can provide valuable regional data sources for both
travelers and traffic agencies.

The ECoMS system is not perfect. Firstly, the current ECoMS still has some labor work
that needs to be done manually in the real deployment. These tasks include setting the region
of interest in each camera view, selection of some parameter thresholds (e.g., tracklet length in
tracking), and manually pairing road network information with cameras, etc.. Although these
parameters are not difficult to set, they also the inconvenience to the public agencies. Then,
some privacy considerations is raised up by the DOTs when track the vehicles across multiple
cameras. Although the current cross-camera matching mechanism using in ECoMS is based on
the representative images (without the licence plate information) of the target vehicle extracted
on the edge device, transmitting the vehicle images can still bring some privacy disputes (for ex-
ample, in the Nordic region). In addition, the data collection of the camera is sometimes affected
by the environmental lighting and weather conditions. Although the environmental diversity
of deployments has been taken into account when training the deep learning-based cross-camera
Re-ID model, the ECoOMS system still faces some unhandled situations in practice, for example,
the serious camera glare during the sunrise. Besides, during the snow days, obvious appearance
vehicle features are sometimes covered by the white snow and cannot be accurately extracted and
matched, etc. The mentioned hurdles and practical challenges, but not limited to them are part
my future work.

The future research beyond the ECoMS can be divided into two types of tasks, the optimiza-
tion of edge-server cooperative system and the downstream research using the ECoMS sensing

outputs. The first task is to further strengthen the edge computational load and optimize the
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edge-sever cooperative workflow for reducing the privacy concerns. For example, deploying the
Re-ID based features extractor on the edge nodes, then only sent the uninterpretability deep
features to the server for cross-camera matching. Currently, since the feature extraction back-
bones used in cross-camera Re-ID are often very deep and heavy (i.e., ResNet-50, ResNet-101,
etc.) [156], how to accelerate and optimize the neural network with the edge device compu-
tational constraints are very worth the time and effort. Besides, a variety of cameras and edge
nodes, such as Unmanned Aerial Vehicle (UAV) cameras and on-board cameras, as well as ther-
mal cameras can be further integrated into the ECoMS to build up a more inclusive surveillance
system. Furthermore, after obtaining accurate cross-camera information, it will be very interest-
ing topics to develop downstream control and evaluation algorithms for traffic road networks,
such as travel time reliability assessment, and road network accessibility prediction. In addition,
there are some longer-term studies worth considering. For example, the regional OD informa-
tion captured by the deployed ECoMS can be used to verify the validity and reliability of the
residents’ household survey data; or to mine the regional correlation of the traffic road network

to alleviate traffic congestion during peak hours.

90



Part I1

Learning Representations for Traffic Prediction and Operation
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Chapter 4. Predicting the User’s Customized Trip Speed by Learning the

Trajectory and Individual Attributes Representations

This chapter is modified from the published work:

* H.Yang, C. Liu, M. Zhu, X. Ban and Y. Wang*, “How Fast You Will Drive? Predicting Speed of Customized Paths By Deep Neural
Network.” in IEEE Transactions on Intelligent Transportation Systems, vol. 23, no. 3, pp. 2045-2055, March 2022, https://doi.

org/10.1109/7175.2020.3031026
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4.1 CHALLENGES AND MOTIVATIONS

Amid the worldwide rapid urbanization process, human beings endure daily traffic congestion.
Recently, thanks to significant advancements in data collection and processing technologies
[218], predicting traffic trends and future conditions has become a common strategy for trans-
portation managers and travelers. Traffic parameter prediction methods are undergoing rigor-
ous research and are progressively applied in real scenarios. Undeniably, speed prediction is a
paramount aspect.

In the realm of traffic speed prediction, previous research has been categorized into three tiers:
road segment [219, 220], corridor [221], and network [222, 223, 224, 225]. All these domains
have received considerable attention over the past two decades. In every prediction algorithm,
the fundamental unit of prediction is a road segment, the value of which typically represents
average velocity. Such methods aid traffic managers and engineers in illustrating and analyzing
the overall traffic status. However, individuals tend to be more interested in the traffic status of
their particular routes. Traditional macroscopic speed prediction algorithms fail to efficiently
inform personal path planning. It’s notable that many commercial navigation systems suggest
the optimal route based on real-time segment estimation data [226, 227]. For instance, lever-
aging real-time travel time and speed estimation, most commercial GPS navigation systems like
Google Map can provide functions including optimal travel path selection, real-time road condi-
tion visualization, and optimal departure time recommendations. The so-called “real-time best
route” offered by these apps may not be the truly best route due to the time delay from the users
checking the app to their arrival at the target road segment. In reality, many people are guided by

navigation software to “currently smooth road segments” only to subsequently experience sig-
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nificant traffic congestion [227]. As a solution, I proposed the development of a traveler-centric
individual level traffic information prediction algorithm.

In line with the progress in data science and deep learning in transportation, researchers are in-
creasingly focusing on custom-scaled prediction algorithms, aimed at equipping both managers
and travelers with more useful predictive information [224]. Customized path speed predic-
tion is exceptionally challenging as it is influenced by numerous complex factors, such as spatial
and temporal elements (e.g., locations, peak/non-peak hours, departure time), human elements
(e.g., drivers’ behaviors, driving habits), internal conditions (e.g., vehicle performance), and ex-
ternal conditions (e.g., weather, road conditions). Traditional speed prediction methods strug-
gle to perform efficiently under these conditions. Hence, a novel algorithm is needed that can
not only integrate all the aforementioned factors but also accommodate a new prediction scale.
Traditional speed prediction methods typically employ the road segment as the basic prediction
unit. However, in this chapter, I introduced a new deep neural architecture for customized
path-based speed prediction to better assist both traffic managers and individual travelers.

In the novel method, I proposed a new fundamental unit — path cell for speed analysis and pre-
diction, which is flexible and customized based on a given path across both spatial and temporal
domains. Every path is composed of a chain of custom path cells linked end-to-end. The speed
within a path cell is influenced by various factors such as location, departure time, weather, and
road conditions. I proposed a deep neural network based on hierarchical Convolution Neural
Network (CNN) and deep Long Short-Term Memory (LSTM) — termed the Path-based Speed
Prediction Neural Network (PSPNN). I implemented the PSPNN to a real open dataset for

testing in this chapter, and the results validate the impressive capabilities of the PSPNN
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4.2 MODEL PRELIMINARY

4.2.1  DEFINITION

Definition 1 Historical Trajectory (/;): a historical trajectory H; is a sequence of contin-
uous historical GPS points generated by vehicle 7 with a fixed length of time gap, i.e., H; =
{h1,h2...hy—1,hy}. Each point record of by, includes latitude, longitude and timestamp. In
this research, the trajectory is the basic information for the proposed model.

Definition 2 Path (2;): a passable pathway with given origination, destination, and route on
the map. In this research, P; is generated by users, and it is the fundamental entity for researchers
to predict the speed sequence information. Each P; includes multiple path cells and sub-paths.

Definition 3 Path cell (C7): the customized isometric sections of each path (#;). Path cell
is the basic path speed prediction unit. N represents the cell number and belongs to the 2; (0 <
n <j)and Discy, is the distance of each path cell.

Definition 4 Sub-path (SIZYZ ): sub-path is the combination of & adjacent path cells. Sub-path
is used to reflect and summarize and the neighboring path cells connections and relationships.

The sub-path length equals to £ - Discy,.

4.2.2 RESEARCH OBJECTIVE

Randomly given a customized path (path) (2;) on a map with origination, destination, path

starting time, route and attributes information, then predict the speed (77, ) belonging to each
1

path cell (Cp).
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Figure 4.1: Data pre-processing, using one real path as an example
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In this research, path information and the path cell information are obtained from the trajec-

tory data. The historical trajectory (H;) GPS points are the original records holding the spatial-

temporal information. Based on the Definition part, after one historical trajectory obtained, the

first step is to calculate the length (Disp,) of H;. Based on the Disp,, the second step is to divide

H; into n GPS points clusters. Each cluster covers the same distance, which is treated as path cell

length. The third step is to sample each cell sequence cluster and make the total records equal to

7 (if the sequence is not long enough, add o to each cell record). Generally, GPS data is recorded

by a relatively fixed time gap. Here, I re-sampled the data set since:

* Toavoid network learning error (e.g., just predicting the speed based on counting the GPS

record numbers);
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* To save computing resources and increase training speed (some of the path records in-

cluding more than 3k GPS records);

* To improve the model applicability to both long and short customized path speed predic-

tion.

Using the sampled GPS points in each isometric cluster represent each path cell ( C}’)l) The
fourth step is to add the cell information (cell length Dz';cpi) and the geographic information
(road level) to each point. An example of the overall data pre-processing process is shown in
Figure 4.1, for Vehicle ID: oof8c1861b883d4agbdeobabebbeafos.

After the data pre-processing, I obtained the path P;, consists of j records representing for 7
path cells, and each data record in the path cells pl% includes longitude, latitude, the customized

cell length Discp,, and the road level (RL), showing in equation 4.1.

P/Cﬂ = (Long, Lat, Dz'JCPi ,RL) (4.1)

P;

4.2.4 ATTRIBUTES

In this research, attributes information is an important input of the model, including: weather
(weatherID), week date (weekID) and driver’s info (driverID). These attributes are presented
as attributes set, represented as 4, defined in equation 4.2. Here, weatherID represents weather
conditions, such as rain, snow, or clear, and weekID indicates the week day from Monday to

Sunday. DriverID is used to distinguish the drivers.
A = (weatherID, weekID, driverID) (4.2)
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Besides, some path attributes are summarized including:

* starting time: in the unit of second, over a range of (o, 86400), as a day is divided into

86400 intervals in the chapter.

* current average speed of different road levels (update every one minutes).

4.3 REPRESENTATIONS EXTRACTION AND FUSION ARCHITECTURE

The architecture of PSPNN is shown in Figure 4.2. It essentially consists of two modules: the
Feature Extraction Module (FEM) and the Memory Module (MM). The FEM is responsible
for extracting and converting features of a particular path. There are four parts in this module:
the Cell-Conv layer, the Sub-path Conv layer, the Path-Conv layer and the attributes embed-
ding. The MM is used to memorize and summarize connectivity of cells. The basic structure
of this module is deep Bi-LSTM. Then the outputs of the two modules will input in four fully-

connected layers to map the vector matrix into prediction speed sequence.

4.3.1 FEATURE EXTRACTION MODULE (FEM)
CeLL-CoNV LAYER

The Cell Convolution layer is used to capture features including in a sequence of path cell
records. It is responsible for converting the raw sequence to a series of feature vectors. Inspired
by the Geo-conv Layer of the DeepTTE model proposed in 2018 [228], the Cell-Conv Layer
is used to capture the microscopic spatial correlation among consecutive trajectory cell records.
The detailed architecture of Cell-conv is shown in Figure 4.3. Here, a non-linear mapping is

applied to integrate the three parts into the Cell-Conv layer, a 1-D convolution layer and con-
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Lat| Dis| RL 20 channel features

Convolution with
multiple kernels

________________

Stop / Not Stop

Figure 4.3: The structure of the Cell-Conv Layer
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catenate. Before the convolution calculation, I mapped the input vector P/C” from R* to R%Y.
I)Z,

This step is used to enlarge the records dimension for better records feature extraction. Thus,

the input sequence of the convolution layer can be treated as 20 channels. The mathematical

approach of the Cell-Conv layer is in the following:

f;/ = tanh(Weo|long o lat] o W[ Dis| o Wy [RL]) (4-3)
p
fmﬂ = O (Vanv * f]/ k1 T+ 8) (4-4)
C?’ C%z'. C?)z’

In the equation 4.3, the § j, means the output of the non-linear mapping of output. The

Cn

Py
W oo Wais Wy are learnable weight matrix. The non-linear mapping method used zanh func-
tion. In the equation 4.4, * represents the convolution calculation with kernel size k. € is the
bias item. o : #n s the input f a path from records / to j+ k. — 1. The k. i
as item. plon : plen s the input sequence of a path from records j to j + k. — 1. The & is
the kernel size of the convolution layer. ©,,, represents the corresponding activation function

of CNN. The output of the convolution layer f;”
o

1

shows as equation (4).

SuB PATH CONV LAYER

Generally, a vehicle’s speed on a certain road section is always affected by the adjacent road sec-
tions. Therefore, it is necessary to use the adjacent road segments’ traffic information to assist
the algorithm in predicting in the target cell. Here, a Sub-path convolution layer is designed to
capture the features among adjacent cells. Here, before transmitting the cell convolution layer’s
output into the Sub path convolution layer, the road network average speed of different road

levels AS; PRC concatenated to each path cell at the trip time. This is aimed to help the network
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capture the current traffic status better. And the output of sub-path convolutional layer is foub

Ch,
in following equation 4.5 and 4.6:
Pt = (15" 0ds)) (4:5)
o3, s,
fwb = Oy * (VVcomJ * fl‘}?::;iij—l + 8) (46)
ch, Ch,

PaTtH CONVOLUTION LAYER

The path convolutional layer is used to capture a high level of path features across several cells.
Here, I used a 1-D convolution layer to finish the feature extraction. The math equation of path

convolutional layer is in equation 4.7:

th
fpé'l = Ocun * ( W cono * fj%zr/ep—l + 8) (4~7)
7y, Py,

ATTRIBUTES SET AND EMBEDDING

The traffic system can be treated as a subsystem of the modern social system. The parameters
will be affected by many general factors. Travel patterns on holidays and weekends also vary
greatly from working days. Furthermore, the travel speed can be different in different weather
conditions. To address this, the model includes and integrates the attributes set into the path
speed prediction. Here, the attributes setincludes weatherID (rainy, snowy, sunny, etc.), weekID
(from Monday to Sunday), departure time ID and the driverID.

However, the values of the attributes are always categorical values and not satisfied with the
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Figure 4.4: The structure of the LSTM neural [1]

neural network input format. A learnable procedure is necessary to address the problem since
the impact of the attributes to the output is always complicated and associated. Inspired by fea-
ture learning techniques in natural language processing (NLP), mapping the words or phrases
from the vocabulary to vectors of real numbers, embedding becomes a bridge to connect these
discrete values to a vector dimension. In the framework, I adopted the low dimension embed-
ding method proposed by [229] to transform categorical factors into a neural network input
sequence. Using E£(A4) represents the four attributes vectors. The overall output of the memory

module is:

i =1 o) (4.8)
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4.3.2 MEMORY MODULE (MM)

The change in velocity between different traffic cells can be interpreted as a change in the spatial
and temporal domain. After the feature extraction module extracts and summarizes the spatial
features, a module with time memory properties is needed. LSTM is a well-known network to
capture the temporal dependencies among these cells. The LSTM is a special form of RNN,
which is being capable of learning long-distance dependencies and handling long-term memory
information. Generally, each LSTM neural is contains three gates, which are input gate z'(t), out-
put gate 0o\ and forget gate j(t) inside a neural. Each gate is controlled by their own weight w®
and the previous neural output pl=1), Also, the memory cascading process can be divided into
two parts: new memory generation 2¥) and final memory generation ¢). After the last memory
is generated, the new hidden state H is raised by the control of output gate 0. o) makes the
assessment regarding what parts of the memory need to be shown in the 4*). Figure 4.4 shows
the detailed structure of LSTM neural and the mathematical formulations of 4.9 to 4.14 show

the LSTM units working procedures in the following [1]:

(%) = (WD) 4 D)) (4.9)
A = oW 4 gD Rl (4.10)
o) = (W) 1 o) =1y (4.11)
29 = tanh(W9)5¥ 1 U D) (4.12)

) :]‘@ o™ 440 o7l (4.13)
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Figure 4.5: Deep bidirectional LSTM neural network architecture
b =0 o tanh(d9) (4.14)

To capture the time dependency better, PSPNN uses deep bidirectional LSTM as the mem-
ory module. Each training sequence is passed the LSTM neural from two directions, one for-
ward and another backward. The mathematical formulations of deep bidirectional LSTM are

showing below:

— — — —
P = D p 4 A0 0 4 g (4.15)
— . — —
bgl'): A ) bgl'—l) + 70 b£j21+ e) (4.16)
-
30 = g [ 5] + &) (4.17)
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The Figure 4.5 and the equations 4.15 to 4.17 show the bidirectional hidden layer architec-
ture parameters updating process. Generally, the bidirectional LSTM consists of two parts, the

forward sequence and backward sequence. During the calculation process, the network will
- —

compute the forward hidden sequence bl@ and the backward hidden sequence bﬁ") . Finally,
the output integrates both forward and backward hidden features and summarizes into one se-
quence as output.

To narrow down the dimension of memory module output and obtain the cell speed se-
quence, multiple Fully Connected (FC) layers are used here. These layers’ task is to map the

high dimension feature sequence to a specific scale of value. Based on the mapping results, the

predicted value of each path cell V¢» can be obtained.

4.4 EXPERIMENT

4.4.1 ENVIRONMENT DESCRIPTION

The PSPNN was implemented with PyTorch 0.3.1. The work station for training was equipped
with a GPU (NVIDIA TITAN Xp) and the CPU is Intel Core iy 8700. The operating system

is Linux Ubuntu 16.04.

4.4.2 DATA DESCRIPTION

Overall description of the research dataset: Didi GIYA data from Chengdu, China. The orig-
inal data size was about 132 GB and contained more than two billion trajectory records from
November 1st, 2016 to November 30th, 2016. There are 9,050,774 trips in total and an average

of 301,699 orders per day. After the data cleaning, the effective path travel time ranges between
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3.25 and 59.97 minutes. The trip distance is ranging from o.12 km to 35.74 km. The GPS points
recording time gap is 2-4 seconds.

Also, I match the trajectory with the Chengdu city road network to extract the road level
information. Here, I divided the road into five different RL as input, including: freeway, arterial

streets, sub-arterial streets, collector’s streets and local streets.

4.4.3 PARAMETER SETTING

The parameters in the PSPNN experiment are as follows:

* The customized cell amount 7 in PSPNN for paths is fixed as 128. The customized point

records amount 7 in PSPNN for paths is fixed as 256. The average length of each cell is

$9.52m.

* In the Cell-Conv layer, the kernel size £, is fixed as 3. The number of filters is set as 128.
The activation function in Eq (4) 0., is Exponential Linear Unit (ELU) [230] function,
which can converge cost to zero faster and produce more accurate results. Also, ELU has

an extra alpha constant which should be positive number.

* In the sub-path convolution layer, I fixed the kernel size as 2. Therefore, the sub-path
is composed of three adjacent path cell clusters and represent the transmission and con-
nection among the two neighboring cells clusters. The number of filters of the sub-path

convolution is set as 128. The activation function 0,,, is ELU function.

* In the path convolution layer, I fixed the kernel size as 3. The number of filters of the

sub-path convolution is set as 96. The activation function 0, is ELU function.
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* The size of the embedding vector for each attribute is settled in the following: weatherID
mapping into R3, weekID mapping into R3, departure time ID mapping into R and

the driverID mapping into R'?. The total dimension size of E(A) is R32.

* Inthe memory module, the number of hidden neural in the bidirectional LSTM is fixed as
256. Here, three hidden layers are used in the memory module. The activation function
in Eq (9-11) Oy, is tanh function. The mathematical expression of tanh is tanh(x) =

&—e ) te*

* In prediction module, the number of fully connected layers is fixed as 4. The four layers

down sample to the 128 dimension vector to represent as the predicted cell speed (V¢ ).

4.4.4 Loss FuncTioN

In PSPNN, I used the mean absolute percentage error (MAPE) to train PSPNN model. And
then using the mean absolute error (MAE), root mean squared error (RMSE) and MAPE to-
gether to evaluated the model. The loss function and evaluation methods for the cell speed pre-

diction are defined in the following equations:

1 ¥ .
MAE= —+Y Ve — Ve | (4.18)
N n:l 1 1
N Ve, — Ve
MAPE = —x ¥ [———"|%100% (4.19)
n=1 VCnl} —&
1 X .
— _ _ 2
RMSE = {/ <+ C;I(V% ) (4.20)

In the equations 4.18 to 4.20, the V¢ represents the predicted speed value of each path cell.
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The 7, ¢z, represents the ground truth speed of each path cell. 7 is the cell number. In equa-
tion 4.19, € in MAPE is used to prevent the o-denominator appearance and € is small enough

compared with the average road network speed.

4.5 PERFORMANCE EVALUATION AND COMPARISON

The training process is reasonable. The MAPE training curve dropped slowly and converged to
alimit at 18.14%. During the evaluation, the MAE is down to 1.94 m/s (6.98 km/h). Addition-
ally, to better show the performance of PSPNN, the research also comparing with a traditional
method (AVG) and other cutting-edge deep neural network architecture, including deep RNN,
deep LSTM, deep Bi-LSTM, deep Conv-LSTM, and PSPNN without embedding. The results
are summarized in Table 4.1. Also, the parameters of each deep neural network using in the

comparison are shown in the following items.

* AVG [231]: Calculating average speed for each path is the most traditional method for
path-based speed prediction. In this method, I calculated the average speed of each path
and used the average speed as the predicated cell speed. Then the paper estimates the errors

based on real path cell speed and the average speed.

* Deep RNN [222]: RNN can use internal memory units to process arbitrary sequences
of inputs, and thus grants the RNN the capability of learning temporal sequence. In
the comparing process, I used a primary recurrent neural network (RNN) to predict cell
speed and compared it with the real path cell speed. And the neural number of RNN is

set as 256 with three hidden layers.

* Deep LSTM [221]: For comparing, I used deep LSTM neural network to predict the cell
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speed directly. Here, I set the number of hidden units as 256 and in three hidden layers.
Then based on the LSTM output, the paper estimates the errors based on real path cell

speed and the predicted cell speed.

Deep Bi-LSTM [223]: For comparing, I also used deep Bi-LSTM neural network to pre-
dict the cell speed directly. Here, I set the number of Bi-LSTM hidden unites as 256 and
in three hidden layers. Used Bi-LSTM neural network to predict the cell speed directly

and then estimate the errors.

Deep Conv-LSTM [232]: Combined both CNN and LSTM as a new neural network
into Convolutional LSTM (Conv-LSTM) is tested here. Comparing with traditional
LSTM, convolutional layers are used for feature extraction, which can extract not only
the temporal correlation but also the spatial correlation. Here, I used a tD-CNN and a
deep LSTM network to capture both temporal and spatial features. For the 1D convolu-

tion layer, I set the kernel size equals to 3 and the number of filters is 128. Then, passed a

three hidden layers deep LSTM with 256 hidden units.

PSPNN without embedding: in this research, I implemented the embedding methods
into the path based on speed prediction and try to integrate features such as driver be-
havior, day of week, and the weather impacts. To see the actual influence, I trained and

evaluated a PSPNN without the attributes of information embedding.

From the comparison of table 4.1, I can see that the PSPNN prediction accuracy is significantly

better than other methods. Comparing with the traditional deep RNN and LSTM, the feature

extraction module do extract more useful information. Also, I found that the convolution layer

do help the spatial features extraction since the Conv-LSTM performs around 9.94% comparing
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Table 4.1: PSPNN Performance Comparison with Other Deep Neural Network

Method MAE (m/s) RMSE (m/s) MAPE

AVG 437 (15.44km/h)  6.32 (25.76km/h)  87.98%

Deep RNN 3.32 (11.95km/h)  5.14(18.50km/h)  52.78%
Deep LSTM 3.13 (11.27km/h) 477 (17.17km/h)  47.89%
Deep Bi-LSTM 3.07 (11.05km/h) 4.8 (17.49km/h)  46.02%
Conv-LSTM 2.89 (10.40km/h)  4.22 (15.19km/h)  37.95%
PSPNN (no embed)  2.13 (7.67km/h)  3.36(11.38km/h) 19.96%
PSPNN 1.94 (6.98km/h) 2.98 (10.73km/h) 18.14%

with only using the same hidden layers of deep LSTM network. More detail analysis about the

PSPNN components can be found in the next section.

4.6 RESULT DIsCUSSION AND ANALYSIS

4.6.1 INTEGRATION OF ATTRIBUTES REPRESENTATIONS

In real life, people’s travel is always affected by the many external factors such as weather, depar-
ture time, day of the week and etc. How did these factors impact the prediction result? Here,
I did an evaluation with and without the attributes set, and I found that the full attributions
information with embedding methods using in the PSPNN can improve the overall prediction
MAPE of 1.82%. Among the four attributes, the weekID shows the most significant contri-
bution to the result with a 1.02% improvement. Then, the weatherID and the timelID provide
with 0.91% and 0.73% error decrease for the MAPE. The influence of the driverID is neglectable,
which shows about 0.05%-0.08% contribution to the MAPE accuracy. The result shows that the
driving habit still not be fully found out and integrated into the neural network. A more detailed

attributes to represent driver’s behavior is needed in future research.

I1I



4.6.2 CEeLL CONVOLUTION LAYER

For the cell convolution layer, I tested multiple parameter combinations. For the kernel size £,
I tried different values k, = 2, k. = 4,k = 5 and the prediction MAPE were worse than k£, = 3.
Because the cell convolution layer is mainly used to extract the spatial dependency in the small
cell clusters. It is obvious that the speed in a path cell is highly dependent on the former and
latter cells. Also, the vehicle ’s speed change will show an influence on the neighborhood cells.

The same result of the kernel size attempt was mentioned in the [228] Geo-Conv layer.

SUB-PATH AND PATH CONVOLUTION LAYER

For the sub-path convolution layer, I finally set the kernel size k£, = 2. Here, I also tested several
different kernel sizes that £, = 3, &, = 4, and I obtained different MAPE results as 19.31% and
20.23%. The possible reason leading the result is that the sub-path convolution layer is mainly
responsible for capturing the higher dimension features, especially for the connections to each
cell clusters. The k; = 2 potentially shows that the speed change in a path cell is closely to the
neighborhood cells status. Also, for the path convolution layer, I set the kernel size as 3. I also
tried the different kernel size k, = 2,k, = 4 and £, = 5. I found that the MAPE are 21.07%,
19.85%, 19.98%.

I also tried different number of filters in the three different convolution layers. After consid-
ering the prediction performance and network efficiency, I finally decided the number of filters

as showing in the section VL.
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4.6.3 MEMORY MODULE

In the PSPNN, the memory module is a significant part of capturing the temporal dependency
for the speed changes among different cells. The research tries difterent models and different
hidden layers, and finally decides to use Bi-LSTM since its performance is the best. I can infer this
result from the table 4.1 from the comparison of different types of RNN. For the hidden layers,
I tried the / = 2 and / = 4. I found that when / = 2, the MAPE result (19.04%) is pretty close
to the best one. When the / = 4, the MAPE is 18.09%, whose improvement can be neglected.
However, increasing one Bi-LSTM layer with 256 hidden neural will lead into huge parameter

growth. So, I finally decided to use three hidden layers Bi-LSTM as the memory module.

4.6.4 PATH-BASED SPEED PREDICTION CASE ANALYSIS

It can be seen from the plots that the PSPNN has captured the changes in the temporal and
spatial aspects of the entire path speed in Figure 4.6. Here, I randomly selected six vehicles and six
testing paths, of which three in non-peak hours and three in the peak hours. The x-axis indicates
the cell index (from o-127) and the y-axis is the speed value (m/s). The blue line shows the real
speed captured by the historical trajectory records and the orange line shows the predicted cell
speed of the path. Form Figure 4.6, I can see that the overall forecasting trend is very close to
the actual speed of the path, especially when the driving speed is close to the mean road network

speed . The IDs of the testing vehicles’ paths in Figure 4.6 are:
* (a) 612aba8f428371175142de88293cd43f,
* (b) 664721206a2abcocf15e567565ebd826,

* (c) ofscez72beyo2eaerb8sbfbsafccs 3 4e,
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* (d) gobfoe76e133c01996894€9041274381,
* (e) ag9e84ad6gafaddsze6aszs45259b29d7c,
* (f) 70b24f91b809d7b84bedb16c20258334.

The success of the PSPNN shows that the combination of PSPNN has an outstanding per-
formance in modeling complicated spatial-temporal features.

However, several findings still worth for an open-minded discussion. The first and foremost
is that the cells, usually with a higher speed is easy to predict comparing with the low speed cells
(under 4m/s). The details can be found from the Figure 4.6. This results could be explained by
the following points. Firstly, in the road network, the stable high travel speed always indicates
the high spatial dependency. Generally, in the situation, the road surface and the transporta-
tion infrastructure are both in good conditions. Also, the speed limit and the level of services
of the road segments are higher. These obvious spatial information can be treated as useful fea-
tures and learned by the neural networks. Also, these features can be linked with the velocity
change well. Secondly, in the congested situations, due lots of sudden speed drops accumulated
in different road segment, it is difficult to capture the acceleration and deceleration feature effec-
tively through the network. From the result analysis, the overall network prediction of cells with
higher speed is better than that at lower speeds. In summary, the PSPNN performs not good

enough when there are many acceleration and deceleration happened like peak hour periods.

4.6.5 DEPARTURE TIME ANALYSIS

In the road network, paths with different starting times always lead to different real speed dis-

tribution. In order to evaluate and demonstrate the speed prediction accuracy of PSPNN in
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Table 4.2: Analysis of PSPNN for Different Departure Time and Error

Departure Time MAE (m/s) RMSE (m/s) MAPE (%)
§:00-7:00 1.8510.05 2.89+0.05 17.19t0.2
7:00-9:00 2.31%0.3 3.32F0.2 21.13t0.4
9:00-11:00 1.9310.1 2.92t0.1 18.19 +o0.25
11:00-13:00 1.91£0.05 2.93%0.05 19.06 0.2
13:00-15:00 1.89+0.05 2.9530.05 17.76 0.2
15:00-17:00 2.01t0.15 3.02F0.1 20.01 Fo0.25
17:00-19:00 2.55F0.4 3.45F0.5 25.31 Fo.5
19:00-2.1:00 1.90to.1 3.01F0.04 17.28 0.2
21:00-23:00 1.87+0.05 2.897F0.05 17.45 0.2

different time periods, parts of the test data sets (3 days) are divided into different time period
according to the starting time. Table 4.2 shows the specific results. It can be seen that PSPNN
has the ability to predict travel speed around the clock. During the off-peak hours, PSPNN can
achieve an accurate travel speed prediction, whose error fluctuation can reach 2-3%. The high-
est prediction accuracy time domain is during 6:00-7:00. The MAPE is 17.14% and the MAE is
1.83 m/s. However, during the morning peak (7:00-8:00) and the evening peak (18:00-19:00)
hours, the prediction error of PSPNN is relatively large. The MAE during the morning peak pe-
riod is 2.34 m/s, and the MAPE is 22.25%. The MAE is 2.64 m/s in the evening peak period, and
the MAPE is 26.02%. The speed prediction errors are relatively large in the morning and evening
peak hours. The possible reasons are: 1) serious traffic congestion, 2) due to changes in signal
lights, accidents and other external factors, the road network predictability deteriorates, and 3)
the acceleration and deceleration are more frequent than other time period whose features are

hard to capture.
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4.6.6 PaTH LENGTH ANALYSIS

Table 4.3: Analysis of PSPNN for Different Path Distance and Error

Dis(km) MAE (m/s) RMSE (m/s) MAPE (%)
o-5 2.17F0.15 3.65%0.01 23.19F0.15
5-10 1.83F0.1 2.92+0.05 18.11+0.1
10-15 1.89+to0.1 2.96F0.05 18.59 fo.1
15-20 1.97%0.15 3.0610.1 21.49 to.15
20-25 2.317F0.2 3.351+0.2 26.76 +o0.25
25-30 2.457F0.2 3.8310.2 29.31 0.3
30+ NA NA NA

As in Table 4.3, I analyzed the trip to some extent, the accuracy level of PSPNN depends on
the lengths of trajectories. For short-distance paths within § km, the prediction error of PSPNN
is the relatively large (MAPE 23.19% %+ 0.15%, MAE 2.17 m/s == 0.15 m/s). The possible reasons
can be summarized as three points: 1) There are few sampling points for paths less than s km,
and the size of the re-sample is not sufficient for the trajectory characteristics. 2) The speed
distribution of shorter journeys is often affected by signal lights, real-time road conditions, so
the statistical patterns are not obvious. 3) Some Short path records are always with a higher level
haphazardness and uncertainty. For paths length are in 5 km-10 km and 10 km-15 km, that
people travel most frequently in the urban area, PSPNN performs excellent prediction results
and the error is stable. For the 5-10 km paths, the prediction result (18.11%=+ 0.1%, 1.83 m/s =
o.1 m/s) is the best. When the path length increasing, the prediction accuracy drops slowly since
each cell length becomes longer. For the path over 30 km, the size of data in both training and

testing sets is so limited that I exclude this part from the experiment.
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4.7 CHAPTER SUMMARY AND FUTURE WORKS

Individual path-based traffic parameter prediction is a necessary research scope in the transporta-
tion field. In this chapter, I present a path-based speed prediction based on deep neural network
structure PSPNN for a given path by integrating spatial-temporal and attributes information.
With the combination of individual and systematical features, path-based methods can predict
flexible and useful information for both travelers and managers. This work narrows down the
minimum prediction unit to path cells and achieves an encouraging and promising speed pre-
diction results.

In practice, the path-based speed prediction method proposed in this research can be served
for many applications, including e-hailing taxi dispatch optimization, autonomous vehicle route
planning, congestion avoidance and etc. Meanwhile, since the PSPNN narrows down the re-
search scope to the individual path level, human behavior and preference can not be neglected.
In the real world, human beings are the host of the transportation system. Therefore, to improve
the prediction accuracy with human features and interactions can be a future research topic.
More useful information will be integrated and extracted for prediction based on the path scope

in the future.
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Chapter s. Predicting the Parking Pattern for Trucks and Multi-model

Hubs by Learning Attributes and Spatial-temporal Representations

This chapter is modified from the following published works:

* H. Yang, R. Ke, Z. Cui*, Y. Wang*. and K. Murthy, 2022. “Toward a real-time Smart Parking Data Management and Prediction
(SPDMP) System by Attributes Representation Learning.” International Journal of Intelligent Systems, 37(8), pp.4437-4470. https:

//doi.org/10.1002/int.22725

* H. Yang, et al. "Truck parking pattern aggregation and availability prediction by deep learning.” IEEE Transactions on Intelligent

Transportation Systems 23.8 (2021): 12778-12789. https://doi.org/10.1109/TITS.2021.3117290
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5.1 CHALLENGES AND MOTIVATIONS

Currently, long-last parking challenges attract more and more human-being’s attention. In ur-
ban area, “cruising for parking” is becoming a common problem for many curbside spaces and
parking lots, which always causes congestion and additional air pollution [233, 234]. Given the
limited parking facilities supply and the increasingly growing car ownership, the parking issue
is particularly severe in cities’ hot-spot areas where it is extremely hard to build new parking
spaces. The situation results in incredibly high cost in time and others regarding drivers search-
ing for parking, which costs Americans $73 billion a year [235]. Meanwhile, parking shortages
and challenges are not only very serious for cars in the city region, but also for trucks. Although
not reflected by parking research, the unbalance of supply and demand for the truck parking
has become a common concern [236]. Taking USA as an example, in 2015, the total tonnage of
trucks was 10.49 billion tons, accounting for 70.1% of the total tonnage of the domestic freight
industry [236, 237]. Among the transport, 30%-40% are long-distance shipments (more than
750 miles) with over 50% [238] cargo values. In order to complete such long-distance driving
tasks safely and efficiently, truck drivers need adequate and high-quality rest. No doubt, timely
truck parking information would be necessary and valuable for them.

To solve the ubiquitous parking challenges for cars and trucks, the first and foremost approach
is to make full use of existing parking resources instead of building new ones. In this case, dis-
seminating real-time and future parking availability information to drivers would significantly
help them schedule their stops at parking facilities. Therefore, the Parking Information Man-
agement System (PIMS) has been gradually used to improve the parking efficiency and utility

(239,240, 241, 242, 243, 109]. PIMS involves typically three major components: parking detec-
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tion, data processing, and information dissemination [241, 244, 109]. First, real-time parking
data is collected by parking sensor technologies. Then, the sensor data is processed to calculate
the current parking availability. Finally, the real-time parking utility information is disseminated
to drivers via approaches such as dynamic message signs, websites, mobile apps, etc.

With the deployment of PIMS, high quality parking data can be collected. Then, data-driven
methodologies for solving parking issues are being developed and investigated. Among them,
parking occupancy prediction is a meaningful topic for both driver and manager. Generally,
parking utility prediction can be summarized into two categories [110, 245, 190, 246], the tradi-
tional approaches and machine learning based approaches. Traditional models include many
classical statistical models, such as the Markov process and Kalman filter prediction. These
models’ core idea is to fit the relationship among the parking occupancy distribution and other
required variables by simulation data or actual collected parking data. Under normal circum-
stances, these models can show an intuitive analysis of the overall parking characteristics from a
macroscopic perspective, and can provide managers with meaningful conclusions.

However, in real life, there are so many factors showing impacts on the parking utility. The
complex features sets can be summarized into three categories, the spatial-temporal set [245],
the attributes information set (i.e., weather impact, hour of a day and day of a week) [247], and
the driver’s behavior set (i.e., parking duration information, parking habit, etc.) [110]. The in-
tegration of these factors with heterogeneous formats into the traditional prediction methods
becomes a mission impossible. Luckily, the rapid development of machine learning algorithms
can spark inspiration by giving researchers a new way of looking at the parking availability pre-
diction features selection and integration.

In state-of-art studies, some effective feature extraction backbones are widely used in traffic in-
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formation prediction research, and encouraging and promising results have been achieved. Re-
current Neural Networks (RNN) [248, 249], especially the Long short-term Memory (LSTM)
network, are very popular models for temporal pattern extraction and parameter prediction
[250, 251, 252]. Compared with the normal neural network, RNN can use the elements of
sequential data as input, and generate outputs that solely dependent on the previous computa-
tions. To achieve traffic prediction tasks, these networks need to be well-customized to success-
tully capture the spatial-temporal dependencies.

The cutting-edge learning-based models perform well in certain scenarios. However, their
limitations are also obvious that several key challenges need to be overcome. The first and fore-
most one is the attributes information integration. Previous studies indicated that the attribute
information has a significant impact on the parking pattern [94, 233, 234, 109]. However, differ-
ent from the spatial-temporal record, the attributes information always has heterogeneous values
with different formats, including category values, clusters, and even text information. If using
these features directly as the network input, these characteristics’” impact will be greatly limited
and even trigger negative impacts [253, 254, 255]. Besides successfully integrated the attributes
features into training process, balancing attributes and historical impacts and fusing features to
a reliable prediction result need to be investigated. An attributes-aware attention mechanism is
necessary to be integrated. The second challenge is the limited scalability issues. Usually, neural
networks are designed with a particular motivation, especially in parking problems. Itis difficult
for different sensor systems to share the same predictive model, which is especially obvious in
deep learning approaches. Therefore, a systematic prediction scheme that shares common in-
put and output and can serve all sensor systems (centralized and decentralized) on the market is

a necessity. The third hurdle is the limited transferability of the current spatial-temporal neu-
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ral networks. As known, the neural network prediction result is trained based on the ground
truth data. If a new parking lot with limited parking data needs to be integrated into the pre-
dicting framework, the whole model needs to be retrained or even rebuilt, which is very time
consuming and inconvenient. These limitations seriously restrict the field deployment of the
neural network-based parking prediction algorithms.

Therefore, in this research, I targeted to solve the three main challenges from both the the-
oretical and practical aspects. Representation learning is introduced and integrated into the
model to better capture the attributes features and increase the flexibility of prediction frame-
work. Instead of using original information as input, the goal of representation learning is to
learn a representative features and measure the correlations among objects feature sets by trans-
ferring the raw data into a high dimension vector space [256, 257]. The success of the method
is tested and implemented by many computer science topics such as Natural language process-
ing (NLP) [258, 259], Computer Vision (CV) [260, 261, 172] and Recommendation System
(RS) [262, 263]. Thus, with the heterogeneous feature embedding and representation learning,
the author can better capture and combine the spatial-temporal features, attribute features, and
the customized information provided by the users (i,e, the arriving time) into back-propagation
training process. Such a modeling structure can make the results more universal and accurate
for truck parking and urban parking. Instead of using raw sensor data as the neural network
input, a general pre-processing workflow is designed using the summarized parking lot occu-
pancy sequences as the prediction input. With the feature learning process, the transferability
of the prediction framework is greatly improved. Also, inspired by the broad learning architec-
ture [264, 265], the proposed prediction framework takes the future flexibility and applicability

into account, which can easily integrate the attributes features with different formats and pre-
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dict the target based on various external condition inputs instead of only using spatial-temporal

information.

5.2 SMART PARKING INFORMATION MANAGEMENT AND PREDICTION (SPIMP) SYSTEM

[rLLUSTRATION

In this research, I proposed a general SPIMP system for current private and public parking lots
with the demand on parking utility monitoring and forecasting. The SPIMP system includes
four sub-components: sensing component, data processing component, attributes information
collection component and prediction component. Detail procedures illustration can be found

in Figure s.1. All the components is discussed in the following sections.

5.2.1 SENSING COMPONENT

The sensing component plays a role as the eyes and ears in the intelligent parking system, which
is used to detect the status of the target parking region and then summarize into occupied/non-
occupied status. In general, the current parking sensor system can be divided into two types of
approaches: decentralized (space-by-space) sensing and centralized (entrance/exit-based) sensing
architecture. Examples can be found in Figure 5.2. The decentralized sensing always consists of
multiple sensors installed on parking slots to monitor the slot status, each sensor is in charge of
one or more slots. The slot-based sensor sensing, i.e. radar senor, magnetic detector, laser detec-
tor, and video sensor. Under the circumstance, the decentralized system is more accurate and
reliable, but usually in a high cost with a complex installation process since the parking sensors
need to be mounted at each parking slot. Another centralized sensing system is more straight-

forward. The sensors are always installed at the parking lot entry/exit way, and the numbers of
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Figure 5.1: Overall framework of the parking availability prediction system design, four components are included: sensing,

data processing, attributes information collection and prediction component.

driving in and out of the lot can be directly obtained. Compared with the slot-based approach,

the entry/exit system is cheap and easy to deploy but may lead to traffic congestions. However,

slot level occupancy information is not feasible. The one-by-one pass of the parking lots some-

times becomes a bottleneck. Also, if the sensing result is not very reliable, the error accumulation

be a big problem when using the entrance/exit count approach.
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Figure 5.2: lllustration of centralized and decentralized parking sensing system architecture. Both system can support the
proposed SPIMP system.

5.2.2 DATA PROCESSING COMPONENT

After the sensing component sends the occupancy status to the local server, the post-processing
procedure is started to prepare the input sequences. In general, the decentralized sensing status,
as well as the centralized sensing results, are summarized into the overall parking lots occupancy.
Then, two sequences, one short-term real-time parking sequence (R?,) and long-term historical

parking occupancy sequence (/) are calculated and ready to use.
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5.2.3 ATTRIBUTES INFORMATION COLLECTION COMPONENT

Parking activity is highly impacted by the status of the attributes including, time of day, day
of week, weather condition, the parking lot location and etc. Collected such information in a
real-time manner and fully integrated the information into the prediction system is necessary.
Here, the author sets up an attributes information collection component served for capturing
the necessary external factor, including parking lot type (business, working, shopping, rest area,
etc.), weather condition (fair, cloudy, light rain, rain, etc.), time of day, day of week and level of
roads (freeway, arterial streets, local streets etc.), then processed as the input for the prediction

component.

5.2.4 PREDICTION COMPONENT

For the prediction component, four parts are summarized into the system, including the short-
term feature learning component, long-term learning component, the attributes embedding
component, and the feature fusion component. The detailed architecture will be discussed in
next section. Then, after the target output sequence is obtained, the error monitoring compo-
nent is used to watch the predicting result and compare it with the ground truth, and report
the comparison result for the parking lot manager. If the error is larger than expected, auto re-

training will be activated and the model will be re-trained with the data in the recent eight weeks.
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Figure 5.3: Overall framework of the parking availability prediction design

5.3 PREDICTION REPRESENTATIONS EXTRACTION AND FUusioN

5.3.1 MODEL PRELIMINARY

In this section, the author first shows some preliminaries in the prediction task. The overall idea
is to build a parking prediction neural network with three types of input. The network can pre-
dict the future occupancy status for various prediction time targets accurately (idea framework
shows in the Figure 5.3).

Definition 1 Historical occupancy data sequence (£%,,): a historical occupancy is a sequence
of m continuous historical occupancy records generated by parking lot 7. The A has a fixed
length of time gap (¢gh, here gh=60 minutes, equal to one hour). Each point record of b includes
occupancy level and timestamp.

Definition 2 Real-time occupancy data sequence (R%): a real-time occupancy is a sequence
of n continuous short-term occupancy record generated by parking lot 7 with a fixed length of
time gap (g, here gh=5 minutes,), i.e., R, = {7,75, ... 7, }. Each point record of 7, includes

occupancy level and timestamp.
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Definition 3 Attributes set (4): the attributes information of the parking lot 7 is an impor-
tant input source of the model. Each occupancy record of the / and R/, as well as the prediction
target all have the belonged attributes information set. Here, A’ includes: parking lot id 7, park-
ing lot class 7, weather condition of the parking lot (weatherID"), week date (weekID) and Time

of a day (T7melD).

5.3.2 PARKING AVAILABILITY PREDICTION (PAP) NEURAL NETWORK ARCHITECTURE

In this section, I would like to show the four components of PAP in detail. As shows in the
Figure 5.4, the PAP neural network is consists of four parts: Input Embed Component (IEC),
Attributes Tensor Embedding Component (ATEC), Temporal Learning Component(TLC),

and the Feature Fusion Component (FFC).

INPUT EMBEDDING COMPONENT (IEC)

In order to better enable the network to fully extract the long-term and short-term temporal
dependency of parking patterns, in the data input component, I use two sets of sequence data as
input for the prediction task. The two sets of sequences are real-time sequence (R’) and history
sequence (). The real-time sequence represents the most current parking situation, consists of
n occupancy data records. Meanwhile, the history sequence means at the prediction target time
flag, the past parking occupancy record at the same time of a day and day of a week (i.e., if the
prediction target of time is next Wednesday 8:00 AM of parking lot 7, the H will be consists of
m historical occupancy records captured in the past several Wednesday 8:00 AM).

Then, to better extract the hidden pattern of the two sequence for each prediction target, the

author designed a input embedding process for the input sequences. To obtain each prediction
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Figure 5.4: Architecture of the PAP neural network, including four components: Input Embed Component (IEC), Attributes
Tensor Embedding Component (ATEC), Temporal Learning Component(TLC), and the Feature Fusion Component (FFC)

target input sequences (/z7;), a matrix embedding:

Ingi = tanh(Wy: - b)) (s.1)

Ingi = tanh(Wgi - 7,) (5.2)

is used to map the 7z, records of historical and 7,, real-time occupancy sequence into a high-
dimensional vector space In7; € %'°. And in the Equation (1), the W and Wy are the learn-
able embedding weight matrix. Specifically, in this research, I chose the 7 equals to 7 as the

same length. So, the output of the Equation (1) and (2) /7, and Inp: are used as the input for
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occupancy prediction, whose size are Z 16%|m|

ATTRIBUTES TENSOR EMBEDDING COMPONENT (ATEC)

From the previous research, the attributes information, including the time of a day, day of a
week, weather condition heavily impacts on the parking occupancy and pattern [94, 109]. For
example, for some parking lots, the daily packing lot occupancy status of the workday is much
higher than the weekend. Also, the frequency of short-term parking (less than 20 minutes) in the
mid-afternoon are much higher than evening and night. Obvious to see, these attributes clus-
ters information has connections and relations with each other. Only vector mapping can not
sufficiently capture the hidden pattern inside of the sets. Furthermore, since the attributes in-
formation are always collected as discrete bracket values, directly using them as neural network
input is not feasible [266, 267]. To fully utilize these information, in this research, I design a
particular embedding approach, called Attributes Tensor Embedding Component (ATEC) to
extract and integrate the features into the neural network at the utmost level (detail structure
showing in Figure 5.5). The ATEC including two steps, value embedding, and tensor embed-
ding.

First and foremost, the author needs to map the discrete category value into a continuous
space. Transferring the format of information into high dimension space has been widely used
in the NLP algorithms. Inspired by the word to vector algorithms [268] and the latent topolog-
ical feature vectors extraction method [264], the author design a learnable process to map the

category values into a continuous vector space for further mathematical operation.
z .
— ] z
Atty =W - (5-3)
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Figure 5.5: The detail structure of proposed ATEC.

In Equation 5.3, the 4’ is the attributes information that belongs to each occupancy data
record. W% is the learnable matrix, whose dimension is Z2*E, is used to transform the input
attributes category values 4’ (4’ € A) from a original space 4 to the embedding space E. Each
attribute information has its own corresponding mapping matrix to ensure the feature can be
map into a suitable space.

The second step aims to capture the combination and correlations inside of the attributes
vectors. Here, the author designs a tensor embedding procedure to extract the latent features.

The first sub-step is to build an attribute tensor by using the vector outer product

T = Az‘ta} ®Al‘tdjg e ®Attﬂ]z; (5-4)

The output of Equation s.4 is a tensor 7,; € %21F2*Ei Then, using multidimensional
convolution operation to extract the attributes tensor features and map into a one-dimension

vector. This sub-step is mainly to capture and emphasize the inside correlations of attributes.
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The math expression of the operation is in equation s.5.

AttTEl' — Gmn( VVcam) * fo + b) (S'S)

Then, I got the output of the attribute set embedding vector A##;y:, which includes / different
factors. Specifically, ; is the number of different attributes includes inside of the attributes set. I

will use the Azt to represent the attributes features in the following components.

TeMPORAL LEARNING CoMPONENT (TLC)

After both attribute information and sequence records are transformed into a vector features set,
then, the temporal learning component is used to capture the time dependency features. Here,
I design two separate stacked LSTM modules for capturing both the historical sequence and the

real-time occupancy sequences together. The input of the TLC for a prediction target is:

[”TLCRz‘ = Inp: OA”TER,- (5.6)
[nTLCHi :]nT[ OAl‘l‘TEHZ. (5.7)

From the Equation 5.6 and 5.7, the input of TLC can be divided into two sequences, and
each of them including the occupancy sequence features and the attributes features. Both fea-
tures vector is linked by the concatenate operation (o) and then send into the temporal leaning
network. Here, to further captures the dependencies of the input sequence, I introduced the re-
current neural network (RNN) into the model. RNN is a widely-used artificial neural network
for learning the temporal features in sequences, especially the transportation data sequence. In

the model, a well-known special RNN - LSTM is designed to capture the parking sequence de-
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pendency features [1]. In each LSTM neuron, three gates are included: input gate (), output
gate o, and forget gate f(;). Each gate is controlled by a combination of their own trainable
weight w(,) and the previous neural output /(,_;). Furthermore, with the designed memory cas-
cading process, both new memory ¢(,) and final memory ¢(,) for a neuron can be updated during
the training process. After the last final memory generation, the hidden state /) is proposed un-
der the control of output gate o(,). In detail, Figure 5.6 shows the operating structure of LSTM
neural. The mathematical formulations for each LSTM show in equation 5.8 to equation 5.13

as follows:

0O Output Gate

h[
5

Figure 5.6: Detail structure of LSTM neuron [2].

“o) = o (W + Ui h-1) (5-8)
fiy =W pa + Uphi-) (5-9)
o) = S (Wioyx) + Uy hie-1) (s-10)
Ty = tanh(W 50 + Uhn) (5.11)
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() =S(r) (1) i) O C(y) (5.12)
by = o( © mnb(c(t)) (5.13)

To capture the temporal features, PAP uses two stacked LSTM as the memory module for
each input sequence. Each training sequence is passed multiple LSTM neural together. The

mathematical formulations of stacked LSTM are showing in equations 5.14 to 5.15:
szz = Glstm( Wx 'InTLCHi + Wh ' bzl_fl + Wa 'AﬁTEH") (5-14)

7 i—

Y = Ol (Wi Inicps + Wi+ by + W - Att i) (5.15)

Where the In TLCpi> In TLC,; are the two input data sequences. AttTER,- and AttTEHf are the at-
tributes features vector after the tensor embedding of each occupancy record. And the W, W),

and W, are learnable parameter matrices used in the LSTM.

FEATURE ATTENTION COMPONENT (FAC)

Since the author prefers to use the PAP neural network to integrated heterogeneous latent fea-
tures, a feature fusion and attention component is necessary. From the previous research, the
parking utility prediction features can be roughly divided into two parts: short-term features
and collective features. Formally, the short-term features mainly serve for predict close-target
time availability information. These information always can be investigated and summarized
from the real-time continuous input sequence (i,e, the occupancy sequences or parking status
sequences). Meanwhile, when the traveler want to predict long term availability parking in-

formation (much longer than the time gap of the input sequence), the long-term features are
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play roles. Generally, the collective features include the long-term parking pattern features and
the attributes conditions. Hence, the model not only needs to refer to the current occupancy
sequence, but also the historical occupancy records with the similar attribute conditions. Mean-
while, sufficiently integrating the attributes information at the target prediction time is quite
necessary since the long term parking pattern is closely related to the attributes conditions, i,e,
day of the week, time of the day and etc.

In PAP, to better fuse and use the two types of features, the FAC is designed and implemented.
The first step is the attention mechanism. Here, the author designs an attention mechanism
considering the attributes factors instead of mean pooling. The attention includes three pro-
cedures. The first part is the attributes vector similarity calculation. In each prediction target,
attributes information includes two part, the input occupancy sequence (O;) attributes (A4 BTE s
Az‘tTEm) as well as the target prediction attributes Az¢7g,. The cosine similarity is used here in

equation §.16:

Attrg, | - Attpgo,
[ Attre, || Att o,

Sim(T,0;) = (5.16)

Then, the attention value @; can be calculated by the following equations 5.17 to equations 5.18:

b = briaw© bR (5-17)

ﬁl' =< GA[[(AttTEOl . Slm( T, Ol')), hl. >
eﬁi ( S -I 8)

o, =
Zj o

In the Equation (17), the o is the concatenate operation. In Equation (18), 04 is the non-

linear mapping that maps the attention into same dimension with 4;. With the attributes at-
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tention, I summarized the two sequence features into an attention-based vectors: 5;. Then, the

final features vector (% &) for the prediction target 7'is:

2m

Fg =Y 0 b (s-19)
=1

Finally, the author used four fully connected layers to down sample the .# & from 64 to only

one single neuron, which represents the predict parking occupancy result (O7,).

5.3.3 Loss AND EvaLuaTION FUNCTION

In PAP, the author choosed to use the mean absolute percentage error (MAPE) to train the PAP
neural network. In the evaluation process, the mean absolute error (MAE) and MAPE are used
together to analysis the performance. The loss and evaluation functions for PAP are defined in

the following equations:

1 ¥ or-0r,
1 X .
MAE:N*;sz_OTi‘ (5.21)

In the equations 5.20 to 5.21, the O7; represents the predicted occupancy value of the given
target. The OTi represents the ground truth occupancy. In Equation (21), € in MAPE is used
to prevent the o-denominator appearance and € is small enough (€=0.05) compared with the

average occupancy level.

137



5.4 SYSTEM EXPERIMENT

5.4.1 ENVIRONMENT DESCRIPTION

The PSPNN was implemented with PyTorch. The work station for training was equipped with
aGPU (Nvidia RTX 2080 Ti) and the CPU is Intel Core i7 8700. The operating system is Linux

Ubuntu 16.04.

5.4.2 DATA SETS DESCRIPTION

Urban Parking Data: In the research, I collected 19 parking lots data including 1534 urban
parking slots in Zhengzhou, a midsize city in the central area of China. The parking lots are all
in the busy urban area of Zhengzhou (inside of the third ring road), and whose locations can
be divided into four types: nine of them are shopping mall parking lots, five are in working and
business area and two of them are located in the residential area. Then, three of the parking lots
are in the comprehensive service areas, including shopping, business, working region, and even
the areas for transit sharing. All of the parking lots are opened for public citizens. The formats
of the original data records are vehicle parking information, including parking start time, end
time, parking duration, parking price, and vehicle information. Then, I processed the parking

records into parking lot occupancy based data, for 24/7. The records are form March 1%

to Aug
31% of 2018. The time gap of the occupancy records is five minutes. Besides, I also collected the
real time weather information at the same time period with the time interval of five minutes.
Eight categories of weather conditions were summarized for future analysis: fair, cloudy, light

rain, rain, heavy rain, light snow, snow, and fog.

Truck Parking Data [269]: In the research, 49 truck parking slots data in two rest areas of
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near the Interstate 5 freeway from the January 01% to March 317

of 2020, and January 017 to
April 30" 2021 is collected. The data are summarized into two formats, parking event data and
occupancy data. The event data is used to record each parking slot status, which includes the
status change, the starting time of parking and the time duration. For the occupancy data, I pro-
cessed the event data and obtained the occupancy rate of each parking lot based on per minute
interval. Besides, I also collected the real-time weather information from the closest weather sta-

tion during the same period and recorded every minute. Weather conditions were summarized

into eight categories: fair, cloudy, fog, light rain, light snow, rain, snow and heavy rain.

5.4.3 PARAMETERS

The parameters using in the PAP experiments are as follows:

PARAMETER SETTINGS IN THE IEC

* The historical sequence (#},) length 72 in PAP is fixed as 16. If the sequence length is not
long enough, duplicating the earliest record till 16. The time gap for each record is 6o

minutes (one hour).

* The real-time short-term sequence length (R%) 7 in PAP is fixed as 16. The time gap for

each record in the R?, is five minutes.

* The input vector embedding space is Z 16

PARAMETER SETTINGS IN THE ATEC

* The attributes information for urban parking availability used in PAP are including four

sets: weather condition (fair, cloudy, light rain, rain, heavy rain, light snow, snow, and
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fog), day of a week (Monday to Sunday), Time of a day (288 time ID per day), and lot
attributes (id and type (shop, business and working, residential and comprehensive util-
ity)). The size of the embedding vector for each attribute set is settled in the following:
weatherID mapping into R3, weekID mapping into R3, departure time ID mapping into

R3 and the lotID and location mapping into R®. The total dimension size of E(A) is R*°.

The attributes information for truck parking availability used in PAP is generally the same
setting as the urban parking. However, as the truck parking lots location and attributes
characteristics are very similar (both are near the Interstate 5 freeway and all used for truck
parking purposes), I used including three sets: weather condition (fair, cloudy, light rain,
rain, heavy rain, light snow, snow, and fog), day of a week (Monday to Sunday), Time of
aday (288 time ID per day). The size of the embedding vector for each attribute set is the

same setting as the urban PAP experiment.

The convolution operation setting for the attributes tensor embedding is in the following.
For the urban parking availability, the author uses a 3-D convolution operation with the
kernel size of 2 x 2 x 1. For the truck parking prediction, a 2-D convolution operation is
used with the kernel size of 2 X 1. The output dimension of the ATEC for both urban

parking or truck parking attributes sets are 17288

PARAMETER SETTINGS IN THE TLC

In the TLC, the number of hidden neural in the stacked LSTM is fixed as 16. Here, two hidden

layers are used in the memory module. The activation function in Eq (8-13) Oy, is tanh func-

tion. The mathematical formulation of zanh used in the researchis tanh(x) = ¢* — e /e + 7.
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In prediction module, the number of fully connected layers is fixed as 4. The four layers down
sample to the 64 dimension vector to a neuron as the predicting parking occupancy result (O7).

For each dataset, I use the occupancy data records for both urban parking and truck parking
to train (70%), validate (15%) and test (15%) the PAP model. I train five different predict target
time (5 minutes later, 1o minutes later, 30 minutes later, 1 hour later, and 2 hours later) to vali-
date the PAP for both short-term and long-term prediction ability. I adopt Nesterov-accelerated
Adaptive Moment Estimation (Nadam) optimization algorithm [270] to train the parameters.
I train the model for 220 epochs and select the best models by five-fold cross-validation. For

evaluating the PAP, I compared with other six methods, including,

* Kalman filter [271] I also use the Kalman filter as a baseline model for comparison. Gen-
erally, it is an efficient autoregressive filter, which can estimate the state of the dynamic
system in the combined information with uncertain status. The method is widely used
in traffic parameters prediction [272, 273]. In the experiment, I implemented a Kalman
Filter on the parking occupancy dataset with weatherID and weekID features. Specially,

amultivariant Kalman filter formulation proposed by [271] is implicated in this research.

* Random Forest [96] Random forest is a simple and efficient basic machine learning al-
gorithm proposed by Breiman [96] in 2001. Generally, random forest is a classifier that
contains multiple decision trees. As the name implies, a forest is built in a random man-
ner. The forest is composed of many decision trees, and there is no correlation between
these decision trees. For each tree, the training set they use is sampled from the total train-
ing set by means of replacement. When training the nodes of each tree, the features used

are extracted from all the features randomly according to a certain proportion without
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replacement. In the parking occupancy prediction, the number of decision trees used by

the me is 400 and the number of seeds is 16.

RNN (2-layer) [274]: For comparison, I used RNN as a baseline to predict the future
parking occupancy rate and then compared with the ground truth records. In the re-

search, I set the neural number of RNN as 16 with two hidden layers.

LSTM (2-layer) [275, 250]: I also implemented the stacked LSTM neural network to as

a baseline, with 16 hidden unites and cascading two hidden layers.

Google Parking Difficulty Estimation (Google PDE) [96] Google PDE is proposed by
Google Research in 2019. In the Google PDE framework, the parking availability esti-
mation problem in transformed into the parking difficulty estimation. A reward matrix
and a two layer feedforward deep neural network model that has two hidden layers (20
and 10 hidden units, respectively) is proposed. The activation function for each layer is
applied the ReLU function. In the performance evaluation process, I used the predic-
tion architecture proposed by Google PDE, but transformed the output from difficulty

categories into the actual occupancy rate for further comparison.

PewLSTM [93] Periodic Weather-Aware LSTM (PewLSTM) is proposed by Zhang et
al. in IJCAI 2020, which is a sequential model incorporating the weather conditions for
parking utility forecasting. Each of the PewLSTM neuron receives both weather informa-
tion and parking record as inputs. By integrating the gating mechanism into traditional
the LSTM structure, the PewLSTM successfully surpass the LSTM models in various
weather conditions and environments. Here, I set the number of PewLSTM hidden neu-

ral as 16 and stacked two layers.
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* PAP (no ATEC) in this research, I designed and implemented a attributes tensor embed-
ding method for attributes information integration. To see the value of the component, I
trained the PAP without the ATEC. So based on the condition, the attention component
also simplified into a four fully-connected layers. Through the comparison, I would like
to determine how significantly the ATEC and the internal attributes operations affect the

actual prediction result.

The detail results and compassion with baselines are showing in Table 5.1 and Table 5.2. In or-
der to show the results more intuitively and convenient for comparison, I random selected four
parking lots and visualize the training loss and show prediction results of 10 min and 1h as well
as the ground truth records in Figure 5.7 and Figure 5.8. From the results, I can see that the PAP
performance are much better than other state-of-art baselines, especially for the long-term park-
ing prediction (1 hour and 2 hours later). Meanwhile, in the experiment, several findings are
worth to mention. Firstly, the sequential based prediction algorithms (RNN, LSTM, PewL-
STM) work better for short-term features extraction and prediction (5 minutes, 10 minutes)
rather than long term prediction (1 hour, 2 hours). Secondly, except PAP, the Google PDE has
the best performance for long-term features capturing and prediction results. Sometimes the
result is even better than the PAP with no ATEC. So, instead of sending the records directly into
the sequential model, the Google PDE transform the original input as multiple difficulty level.
This approach could balance the temporal features and general parking pattern features which
make the network capture more long-term pattern for forecasting. However, such method is
also cut some accuracy for the short-term prediction. Thirdly, the ATEC shows significant im-
pact on the performance improvement on both datasets. With ATEC, attributes information is

sufficiently integrated into the short-term and long-term parking prediction tasks. As the Fig-
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ure 5.8 shows, even the weekday and weekend pattern are very different in some cases, the PAP
can also capture the pattern for both 10 min and 1h. Then, the residential area always be the

best predictable parking lot for every method since the relative regular activity pattern.
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Figure 5.7: Training Loss visualization for 10 minutes and one hour prediction model, including double layer LSTM, PewLSTM,
urban and truck PAP.
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5.5 RESULT ANALYSIS AND DIsCUSSION

5.5.1 RESULT ANALYSIS

Tyres oF PARKING LoOT
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Figure 5.9: Types of parking lot prediction comparison for LSTM (2-layers), PewLSTM, Google PDE and PAP

To see the PAP neural network performance using for different types of parking lots predic-
tion, the author finish the ablation study for five types including: shopping, working & busi-
ness, residential, comprehensive service area and truck parking. From the analysis and compar-
ison with the 2-layer LSTM, PewLSTM, Google PDE, PAP achievement the best performance
among all the types of parking lot availability prediction (in the Figure 5.9). Several findings
worth further discussion. First and foremost, comparing with urban parking, short-term truck
parking prediction is relatively tough. The reasons could be the records limitation of truck park-

ing dataset, as well as the low short-term correlation among the parking records. Specifically, in
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the USA, the truck drivers need to follow the Hours-Of-Service rules and complete the logbook.
So the truck drivers are very likely to start work in the morning (especially 7:00-9:00 AM) and
find somewhere to park and rest in the evening (7:00-9:00 PM). During this time period, the
short term pattern is significantly various time to time and sometimes the occupancy rate has
changed greatly in five minutes, which obviously increase the difficulty of prediction. Secondly,
for LSTM based algorithms (2-layer LSTM and PewLSTM), the working & business parking
lot error is always the biggest, especially for the long term prediction (rh or longer). From the
data analysis, the daily the parking occupancy rate fluctuation of the working business is the
largest, indicating the huge long-term pattern change day by day. PAP shows excellent ability
to capture these features and achieve the best performance for the working & business parking
lot prediction for both long-term and short-term time period. For PAP, the largest prediction
error shows on the shopping mall parking lots, especially on the holidays and weekends. This
phenomenon can be explained by the increasing number of random trips and parking during
holidays. The holiday parking pattern features are often difficult to be learned and captured by
unspecified and small amount of training data. At the same time, historical data at the same time
increases the difficulty of capturing the sudden changes by the neural network. This problem

will be improved in future research.

TIME OF A DAY

To evaluate the applicability of the PAP neural network 24/7, I evaluated the framework based
on different hour of a day by a week of urban and truck parking data. The detail result are show-
ing in the Figure s.10. In general, the PAP achieve very steady and reliable works for all time of

a day (with less than 2% of the MAPE change between the best and worst hour). Specifically,
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Figure 5.10: The PAP prediction accuracy analysis on different time period of a day

during the night time, especially 23:00 to 4:00 of next day, the prediction result is more accurate.
The best prediction result is in the 4:00-5:00 time period for 30 minutes ahead, which is -0.978%
better than the average MAPE. However, for the morning and evening peak, with the parking
activity pattern is much more complex, the error is bigger than average MAPE. The largest error
hour is 18:00-19:00, for 10 minutes prediction slot ahead. The MAPE increases to 6.67%, how-
ever, still significantly better than other state-of-art methods. Also, from the analysis, the author

finds the 30 minutes prediction slots has the largest error vibration domain (1.926%) among all.

WEEKDAY AND WEEKEND

For PAP neural network, the performance for both truck and urban parking dataset on weekday
is better than weekenD, as shown in Table 5.3. Specifically, the biggest error shows on truck
parking 5 minutes prediction (1.33% higher than weekday) and urban parking 30 minutes pre-
diction (0.45% higher than weekday). After investigation, the author summarizes the potential
reason in the following two aspects. Firstly, for both urban and truck parking, during the week-

ends, with the random parking activity increased, the parking availability is relatively tough than
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Table 5.3: The PAP neural network prediction performance comparison on weekday and weekend

Prediction Time | Urban Parking | Truck Parking
smin 5.31% 6.54%
romin 5.57% 6.69%
Weekday 3omin 6.54% 8.11%
th 7.23% 8.60%
2h 6.91% 8.31%
smin 5.52% 7.87%
1omin 5.75% 6.97%
Weekend 3omin 7.00% 8.74%
th 7.55% 8.74%
2h 7.33% 8.45%

weekday. However, the pattern change are not same. In the urban area, the long-term pattern,
especially for 30 minutes, th and 2h prediction is greatly changed and sometimes various week
by week. Meanwhile, for truck parking, especially during the weekend, the truck drivers are ob-
vious in relax mode and the random parking for short-time relax (always less than 20 minutes) is
increasing [109], and the short-term prediction challenge is increased. Even though, the overall

PAP performance in both weekday and weekend are impressive.

WEATHER CONDITION

Weather condition also a factor shows impact in the PAP neural network prediction perfor-
mance. Generally, the PAP performance can satisfy most of the weather conditions, with less
than 2% of MAPE fluctuation. However, for the urban parking prediction, I found that the

rain, heavy rain are heavily increased the parking availability level, as well as the prediction re-



sults. I evaluate three days with rain & heavy rain condition and found the average accuracy
decrease from (1.35%, 1.77% and 3.32% (heavy rain at evening peak hour)). Considering with
other information, I summarized the reasons into two aspects. Firstly, rain, snow or other chal-
lenge conditions for drivers shows trigger the heavy congestion in the road network, especially
for the busy area of Zhengzhou. Sometimes the congestion will heavily impact the cars comings
and goings of a parking lot, and shows stuck period on the parking occupancy records. The sit-
uation will heavily impact the parking accuracy, especially for the short term parking. Secondly,
during the days with challenge weather conditions, the differences of the parking lots are mag-
nified, which need more detail characteristics information to integrated. Only simple parking
types and id can not help the PAP perform well in these heavily dynamic environmental fac-
tors. This would be a future research topic for the author to investigate. For the truck parking
availability prediction, I did not find obvious change (less than 1%) from various weather input.
Considering the data is obtained from the northwest region of USA with mild weather changes,

the PAP performance is reasonable.

5.5.2 HETEROGENEOUS FEATURES FUSTION ANALYSIS
ATEC ATTRIBUTES REPRESENTATION FEATURES EFFECT

In PAP neural network, an attributes representation extraction component is designed for ex-
tract the heterogeneous features. The author finished a before-and-after analysis for the effect.
Among all of the attributes information, the lotID and types shows the biggest influence for the
prediction result, with a average 2.32% MAPE improvement (up to 4.12%) for five prediction.
Then, the timeID and weekID also shows significantly impact on the prediction results, with

2.04% (up to 3.37%) and 1.89% (up to 2.89%) average improvement. Specifically, the weekID
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significantly help the truck parking prediction with 2.24% average improvement. For the urban
parking, the weather condition also contribute average 1.01% MAPE (up to 1.89%) improve-
ment, while, 0.103% contribution for the truck parking dataset. From the results, even weather
are widely considered as one of important factors impact for parking [94], it is the lowest impor-
tance factor among all the attributes features selected by me. Needless to say, from the Table 5.1

and Table 5.2, the ATEC plays a role to transform the attributes heterogeneous features into
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Figure 5.11: (a) The attention mechanism quantification and visualization for various prediction time target
(b) The attention factor value visualization with same input records for 5-minute and 2-hour prediction

To fully utilize the attributes information and balance the long-term and short-term features
captured by the LSTM blocks, the attention mechanism is integrated into PAP. To evaluate

the contribution for both features vector, I used the well trained model for five different target
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prediction time and randomly test soo times. Then summarize the attention value (@ in the
Equation (19)) for real-time sequence representation features and historical sequence represen-
tation features. The sum of the all attention is equal to one. From the Figure 5.11 (a), I can
see that for the short-term prediction (the prediction target time is similarly with the real-time
input time gap), the attention on real-time sequence is much higher (0.773 and 0.665 respec-
tively). Meanwhile, for the long-term prediction, using 1 hour or 2 hours later as target, the
dominated attention will transform into the history sequence representation vector. Under this
circumstance, the long-term pattern, especially the precious records with similar attributes infor-
mation will contribute more. For the two hours parking prediction, the history representation
features contribute almost 80% percent for the final result. In Figure 5.11 (b), I randomly chose
eight attention records for five minutes (Att_s) and two hour prediction (Att_120) with same
input sequences. Obvious value distribution difference can be found that in the five minutes
prediction slot, the small number attention factor (Att_fac) with dark blue is significant. How-
ever, even with the same input sequences, the contributions of the 2 hours prediction are more
in the light blue region. The result of the attention analysis also answer the question that why
for predicting the long-term target, the LSTM based sequential model is not showing as good

performance as short-term prediction.

TRANSFERABILITY

A big advantage for integrating the attributes representation features instead of using original
data records is that the learning-based models trained by representation vectors shows much
more strong transferability [276]. If the model need to be implemented into a new similar

scenario, these models perform better adaptability. By integrated the ATEC to transform the
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original attributes input into representation features, the PAP shows impressive prediction re-
sult even without using the target parking lot data for training. A better performance can be
achieved by only using two weeks or four weeks of the target parking lot records, and can achieve
significant improvement. Using the MAPE of integrating the target parking lot data into train-
ing process as MAPE,;;, and no data integrate into training as the original MAPE performance
MAPE,,, I evaluated the performance improvement tune by using 20% and 40% of the target
parking lot dataset and summarized the result into the following Table s.4. In the evaluation,
the MAPE,;; minus MAPE,, is considered as the largest accuracy improvement and equal to
100%. From the result, I can find out that the PAP neural network transferability is very strong,
with only 20% of the target parking lot data (about 28.5 days) for fine tuning can achieve 63.37%,
64.82%, and 62.80% of the total improvement (average improvement value of five prediction tar-
gets) for shopping, business and working and comprehensive parking lots respectively. For com-
parison, the original 2-layer LSTM improvement performance is 20.16%, 22.3 5%, and 22.04%,
only about one-third of the PAP performance. Specifically, with the attributes representation
features, long-term features learning and capturing becomes much easier, and even limited data
(20% of training data) can help the PAP achieve above 70% improvement for 1 hour and 2 hours
prediction. Using the same amount of tuning data, the improvement for 2-layer LSTM is only
12.95% and 10.23%, respectively. From the evaluation, I successfully show the transferability
improvement with heterogeneous representation features embedding. This research and the
methodology using for attributes information integration shows a potential target to improve

the adaptability of machine learning-based models in the transportation research community.
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5.6 REAL IMPLEMENTATION

In the research, a pilot SPIMP system was implemented as a sub-system of the Truck Parking
Information Management System (TPIMS) on two truck parking rest-areas in the Washington
State of USA as test bed, showing in Figure 5.12. Each truck parking lot is monitored by real-
time status sensors and the surveillance camera system. The radar-based TPIMS sensors were
manufactured by Sensys Networks, Inc. and can provide the real-time occupancy status space by
space. The raw inputs by the sensors are sent to the data processing and prediction component.
Both the real-time and the forecasting occupancy information is disseminated to drivers and
traffic managers for further reference.

In this research, the smart parking information management and prediction system for truck
parking in Washington State was put into test in July of 2020. And until now, the entire system
is operating stable, and the predicted error is consistent with the error reported in the previous
chapter. The system is in testing and will officially open to drivers in late of 2021. Immediately,

more parking lots will be connected to this real-time parking prediction system.

5.7 CHAPTER SUMMARY AND FUTURE WORKS

In this work, I proposed a comprehensive SPIMP system including four components: sensing,
data processing, attributes information integration, and prediction components. A deep neural
network for integrating heterogeneous data sources for time-variant parking availability predic-
tion is fully integrated into the system to provide managers and drivers with multi-timesacle
parking utility prediction. Specifically, four components by learning data representations in-

stead of directly using as input, attributes information and environmental changes are suffi-
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ciently integrated into the learning process. To the authors’ best knowledge, This article is a
pioneer work for the integration of the heterogeneous features for transportation data science
research.

Several potential improvements can still be further discussed and investigated. The first and
foremost is how to integrate the driver information, especially the habit and behavior, into the
prediction framework and used for providing personalized prediction results. How to well cap-
ture and integrate the human-activity features in a neural network model become a challenge.
Secondly. integrated more dynamic traffic-related features (i,e, real-time flow, speed, and surface
condition) into the prediction are also necessary. More generalized traffic factors embedding
methods can be developed based on the attributes tensor embedding framework. Finally, in real
parking lots, the price is always an important lever to balance the parking supply and demand.
Considering the impact of dynamic price strategy and using the information to predict parking

utility is necessary. This topic will be further investigated by the author.
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Figure 5.12: The architecture of the smart parking information management and prediction system in the pilot test bed.

(a) the overall structure of the SPIMP used in the pilot project, including sensing, data processing and prediction, and informa-
tion dissemination components;

(b) installation of the radar-based wireless detector made by the Sensys network;

(c) illustration of the in-ground sensor after installation;

(d) the wireless repeaters mounted on the top of streetlight pole;

(e) real-time slot level parking information visualization via customized website;

(f) parking user app visualization.
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Chapter 6. Integrating the Traffic Science with Representation Leaning

for City-scale Network Congestion Prediction

This chapter is modified from the published work:

o W. Zhengl, HF. Yang*l, J. Cai, P. Wang, X. Jiang, S. Du, Y. Wang and Z. Wang*. ”Integrating the traffic science with representa-
tion learning for city-wide network congestion prediction.” Information Fusion 99 (2023): 101837. https://doi.org/10.1016/5.

inffus.2023.101837

L. The authors contributed equally.
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6.1 CHALLENGES AND MOTIVATIONS

With the intensification of urbanization, metropolises all over the world are suffering from severe
traffic congestions. Only in 2018 Americans lost an average of 97 hours a year per person, costing
them nearly $87 billion [112, 277]. In more developed regions, i.e. Boston, Washington D.C.,
New York City, the “cost of congestion” is significantly higher than average, and leading to more
serious economic and environmental loss. To reduce the unnecessary cost, there is an increasing
number of travelers who are used to check the current and future traffic conditions before they
start the trips [278]. Therefore, assuring the forecasted traffic congestion to closely match the
reality is highly integral to the economic efficiency demand.

In recent years, innovations and advances in the Deep Neural Network (DNN) have delivered
mechanisms to effectively capture, model and predict the urban traffic patterns, and yielded new
understandings about the non-linear transportation systems dynamics [27, 279]. Researchers
often cast the traffic modeling problem into a spatial temporal prediction task [280, 27], then
adopt various kinds of domain expert DNN models. The current DNN-based traffic predic-
tion frameworks can be roughly summarized into three types: 1) Spatial-temporal Sequential
Model (SSM) [250, 281, 282], 2) Spatial-temporal Grid Model (SGM) [32, 33, 283], and 3) the
Spatial-temporal Graph Sequential Model (SGSM) [284, 37, 38, 39]. For SSMs [282, 68], the
sequential spatial temporal fluctuations are fit by the recurrent neural network (RNN) struc-
tures such as the Long Short-Term Memory [250], Gated Recurrent Units [285]. However,
RNNs only model the temporal dynamics, hence their abilities to capture the spatial dependen-
cies among neighbor segments are limited. The SGMs are specialized for image-like grid type

data and could not handle other data types properly, such as the irregular graph data. They are
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usually variants of Convolutional Neural Networks (CNNs), and extract local spatial temporal
correlations based on 1D or 2D convolutional kernels. The SGSMs simultaneously capture the
spatial information with graph convolutional operation and the temporal dynamics with RNN
or temporal convolutions [284, 37, 38]. These DNN models have witnessed successful traffic
flow prediction on a handful of datasets crafted from real-world records. However, with the
ever increasing scale of the road network and the demand in dealing with more complex traffic
conditions, several fundamental challenges still remain to be solved in the current congestion
prediction solutions, which we render in FIGURE. 6.1.

The first crucial desideratum is to build a unified framework to handle various traffic
data modalities. This is motivated by practical demands: the types of traffic sensors used by
the Department of Transportations contain a broad spectrum — including the magnetic loops,
surveillance cameras, vehicles on-board sensors, cell phone users applications etc, and they vary
region by region. The collected data could contain the traffic attributes, the static road attributes
and beyond. The collected data can be naturally divided into two types w.r.t. the data acqui-
sition/storage modality: the GPS grid modality and the detector graph modality [32, 33]. The
GPS grid modality data [34, 35, 36] mainly resort to the GPS signal of a large fleet of probe ve-
hicles. It usually divides the city map into tractable regular grids, then summarizes the road and
traffic attributes into each grid cell. On the other hand, in the detector graph modality data, the
traffic flow parameters are mainly measured by the loop detectors, which are then summarized
into a topological graph based on the road network connection [37, 38, 39]. Current solutions
are only designed based on one specific type of modality, for example, the SGM:s are special-
ized in the GPS grid modality and the SGSMs are specialized in the detector graph modality.

The attempt to simultaneously predict two types of modalites has not been forthcoming. With
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the increasing complexity of measurable traffic parameters within one city, developing an all-
inclusive model to support both data types will naturally reduce the system development labor,
scales up the prediction in urban networks, and pave the way for future data fusion.

The second challenge dwells in the limited spatial view and propagation modeling. In
urban traffic, the origins and destinations of the traffic trajectories extend across the whole
city, and cover a wide variety of time span. As a result, the congestion could propagate and
exert city-wise (not only local) influences on the traffic flow distribution. However, most of the
existing congestion prediction models adopt grid or graph convolution, which only captures
local (short range) features [32, 33, 283, 250, 281, 282, 284, 37, 38, 39].

The third challenge is the weak generalization ability towards the heterogeneous road
networks. The road networks display great heterogeneity across different cities, i.c., the
average distance between intersections, the road alignments, the orientation and density of
road segments, all diverse greatly. To assimilate and infer the traffic pattern, the graph models
are widely adopted [284, 286, 37, 38, 287, 39]. However, previous methods mainly focus on
improving the spatial temporal interactions with graph attention, without taking care of the
aggregation mechanism. In other words, they leave the Zsofropic nature of the graph message
passing mechanism unchanged. On the other hand, the traffic patterns and the traffic rules are
anisotropic by nature: the number of vehicles per direction is not symmetric, and the traffic
rules are directional. Previous studies revealed a strong relationship between the propagation
direction and the physical locations of the road segment [112, 288, 289], and showed that the
congestion has strong anisotropic distributions (e.g., traffic tidal flow) [289]. In this way, the
current orientations-blind SGSMs [27, 279] are difficult to generalize to heterogeneous road

networks.
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To tackle the above mentioned challenges, a natural idea is to trace back why congestion al-
ways happens, then summarize appropriate priors that dominate the traffic congestion pattern,
and inject these priors into the model design. In general, the pixel in the grid data or road sec-
tion/intersection in the graph data are modeled as the traffic network unit. Systematic trans-
portation science has revealed that the congestion is closely tied to three level of influences be-
tween units: the intra-unit interaction (within-self), inter-unit interaction (adjacent units influ-
ences), and the network-level propagation [290, 288, 289, 278]. Therefore, a good traffic in-
formed model should be able to capture interactions with all three scales, without being biased
to capturing only one or two of them.

In the deep learning community, the transformer family [100, 291, 292, 293] has demon-
strated revolutionary potential over a broad spectrum of tasks in the last few years, including nat-
ural language processing [292, 100], computer vision [294, 295, 296, 297], graph learning [298,
299, 300], cyber physical systems [286, 301, 302], and more. Instead of solving these tasks with
domain expert models individually, the transformer treats the language/vision/graph/sensor type
data inputs as a unified and generalized data type: the sequence, then showcased that the most
generalized sequence modeling architecture with fewest possible inductive biases could lead to
even better performances.

In this research, we concretize a new take to address the traffic domain challenges with the
generalizable transformer architecture. On one hand, the transformer ofters flexible input tok-
enization, which naturally generalizes across the two data modalities and supports for unifica-
tion. On the other hand, the intra-unit interaction are naturally captured by Transformer’s feed
forward layers, and the network-level propagation are captured by the attention mechanism,

with the missing type of interaction being the inter-unit interaction [294, 303, 286].
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Figure 6.1: The formulation and key challenges of the congestion prediction problem. In this research, a general transformer-
based deep learning model is proposed and mainly target to solve three key challenges for network-scale congestion prediction:
(b) multimodality data inputs, (c) heterogeneous traffic network structures, (c) spatial-temporal long-term fluctuation and prop-
agation (next page). Three figures are the key challenges for current city-wide congestion prediction.

To fit a sequence with complex distribution, recent researches have shown that the vanilla

transformer could learned it well albeit with the cost of massive amount of training data [304,

293, 292]. Yet, we hypothesize that injecting domain specific structures into the transformer
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architecture as priors could shed new light on efficient training and generalized inference. The
blessings behind domain specialized structures are multiple-fold, as these structural constraints
improves the training efficiency and regularize the model to generalize better in this domain
[305, 286]. To this end, in order to count for the adjacent unit-unit transformation, we bring
the merit of graph models to the transformer, and assign anisotropic graph kernels for neighbors
from difterent physical orientations.

With these domain priors injected, we propose a novel transformer architecture, named the
Traffic informed Transformer (TinT). We trained the TinT in six datasets collected belonged
cities in North America, Europe and Asian, with different congestion levels, road network struc-
tures, cultures, and data modalities. The rendering of these data and the key contributions is pre-
sented in FIGURE. 6.2, and the TinT architecture is depicted in FIGURE. 6.3. Throughout
rigorous evaluations, the TinT significantly surpasses both grid and graph based state-of-the-art

models in both modalities, as we shall elaborate in section 6.4.
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6.2 PRELIMINARIES AND PROBLEM SETTING

The overarching goal of traffic and congestion forecast is to predict the z7affic parameters ahead
of time. These traffic parameters contain vehicle attributes that effectively reflect the congestion
condition, such as the speed, volume, and orientation, as discussed in the introduction section.
These traffic parameters are first observed, then used to train the traffic prediction model as both
the input and the prediction target ground truth. In most cases, the range of the prediction
covers across the entire city or major rural areas, which contains hundreds of locations, and the
prediction lead time lasts from minutes to hours in advance.

As mentioned in introduction 6.1, the traffic parameters are usually observed, organized, and
interpreted in two modalities: the GPS grid modality and the detector graph modality. The
GPS grid modality summarizes the vebicle level information. In the GPS grid modality, the city
map is partitioned into regular mesh grids, and the information for each vehicle is measured and
summarized into a unified representation within each grid cell (“pixel”). The detector graph
modality summarizes the sensor level information. The sensors are usually the loop detectors
densely populating the road and highways. In detector graph modality, the collection of sensors
form a graph, with each sensor being a node at a specific physical location.

Previous approaches leverage the image sequence based model (SGM) to handle the GPS grid
modality and use the graph sequence based model (SGSM) to predict for detector graph modal-
ity, and a model that unifies these two modalities has not been forthcoming. In this work, we
unify these two cases by treating both spatial structure as a graph. In this way, the node of the
graph is naturally defined as the grid cell in the GPS grid modality, or the sensor in the detec-

tor graph modality. For the edge definitions, in the GPS grid modality, the edge is defined on
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road construction meta information (whether the two pixels have direct road connection), and
in detector graph modality, the edge is defined in a similar way but more decided through mea-
surements [284, 37, 38]: within a given time window, for two given nodes, if the ratio of the
common passed vehicles versus the total passed vehicles is more than a given threshold, then
an edge is added between these two nodes. Under this formulation, the traffic prediction can
be naturally formulated as a spatial temporal sequence prediction problem, with the temporal
sequence supported on this spatial graph.

There are two properties that make the unified traffic graph unique from the general sense
graph: the graph isinserted on a 2D plannar surface, and each node in the traffic graph is tied to a
physical location as its meta information, which exerts huge influence over the traffic distribution
on these nodes, as we will leverage in the discussions in section the Architecture of the Proposed
TinT.

In this research, we adopt the transformer as our base model architecture. Recent researches
have demonstrated transformer’s outstanding ability of sequence modeling, especially high di-
mensional sequence distributions at scale, including effective generalization in the domain of
natural language processing [292, 100], computer vision [294, 295, 296, 297], graph learning
[298, 299, 300], and cyber physical systems [286, 301, 302]. Given the diversity of successful
applications of such transformer variants, we further examine yet another critical question: can
the transformers be trained to handle not only temporal sequence prediction, but the mixture
of spatial temporal sequence prediction problem, especially the economically important traffic
sequence prediction task? In the following, we discuss details of the proposed spatial temporal

learning transformer architecture, the TinT.
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6.2.1 NOTATIONS

Before we formally start to introduce the TinT we make the following notations.

G denotes the graph supporting the spatial temporal sequence of traffic flow;

* p denotes the physical positions of nodes in the graph G (which previous approaches are

blind of);
* A denotes the adjacency matrix of the graph G;
* t,ty,1,t2,t, denotes the time slice indices;

* T, T, denotes the maximum length of historical temporal sequence and future temporal

sequence;

o XO-Tet4T2) denotes a sequence of traffic data from # — 77 (inclusive) to #+ 75 (non-

inclusive);

* X’ denotes the traffic data ata specific timestamp # (while X is used to denote a consecutive

series of timestamps).

6.2.2  PROBLEM FORMULATION

We denote the graph that unifies the two modalities as G, and the number of nodes in this graph
G as |G| = N4, In the congestion prediction task, the learning target s to predict future status
of the spatial temporal data given its past status. The spatial temporal data is a discretely sampled
sequence on the graph G, where each node in G has different attributes (traffic flow statistics)

at each sampled time slice. The spatial temporal data contains the following components: the
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physical location of each node in G, the spatial connectivity pattern (edges) of G, and the spatial
temporal flow records over a series of consecutive time slices.

The first element, the physical node locations, is denoted as p € RNuodes*2 1y > the j-th row
corresponds to the physical location of the j-th node. The physical location information differs
the TinT from previous models: it is highly correlated with the trafhic pattern, but previous
models fail to explicitly leveraged it. The proposed TinT however, explicitly use p to compute
orientation-aware kernels, as specified in section 6.3.3. The second component, the spatial con-

RNXN

nectivity pattern 4 € is a sparse matrix that encodes the adjacent node pairs. Finally, the

(t— T]ZI+T2) c R(T1+T2) XNnaded

spatial temporal flow records X stored the traffic parameters at a

set of consecutive time slices:

X(to—Tlil‘()-i-Tz) — [}(l‘()—z—i,}{l‘()_j—‘z7 .. 7Xt0_17Xt0’Xt0+1’ N ’Xt0+T2_I] (61)

In the equation 6.1, X* € RNwmde? represents the graph signal snapshot at time #, 77 and T»
are the number of time slices prior to and after the current time step, and 4 is the dimension
of features at each node. To cast the congestion prediction task into a math form, it is to pre-
dict X000 +72) — [Xfo, Xt ... XhotT2-1)) given the previous graph sequence X(to—Tin) —
(X011 Xo=Titl ... Xt~1] - Assume we use a function ¢ to estimate the traffic distribution
of future 75 time steps based on previous 77 observations:

[Xt(), L. 7Xt°+T2_l] :g([Xto_Tl, L. 7Xt0—1]),

and we have a dataset with |.77| samples. The goal is to find a maximal likelihood estimator

that best describes all samples of #p € .7 in this dataset:
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g=argmax [T P(X®,--- RO =[x, XOFRA X0 L x0T (6.2)
[()Ey

This distribution g is not directly measurable, and we fit the proposed transformer model on

available real-world traffic data to capture it.

6.3 THE ARCHITECTURE OF THE PROPOSED TINT

6.3.1 TRAFFIC-INFORMED TOKENIZATION

To readily build the traffic domain priors into an actionable algorithm design, principled and
automated tokenization is demanded to appropriately organize the inputs. In general, the traf-
fic flow data is one type of sequence, to be specific, it is a temporal sequence supported on a
graph. To organize the input for the sequence, the transformer family utilizes the tokenization
[306, 307]. However, being a spatial temporal graph sequence, the traffic flow data has unique
structures, which makes it intrinsically different from the sequences in other domains tasks that
the current state-of-the-art transformers are good at, such as natural language processing (NLP),
static graph learning or computer vision (CV). In contrast, in the most common case the se-
quences in graph or CV tasks extend in one direction, either spatial or temporal, while the traffic
data naturally extends both in spatial and temporal directions. The co-existence of spatial and
temporal directions enabled more ways to slice, view, and process the traffic data. Therefore,
special designs are needed to adapt the tokenization to the traffic congestion prediction task.

In this research, we employ the collection of three tokenization approaches: the time slice
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tokenization, the node tokenization, and the spatial temporal block tokenization. Each tok-

XE=Tir+12) whichis a

enization poses a unique way to slice/partition the traffic flow data, the
tensor with shape (7714 72) X Nyqes X d.

Each tokenization is linked to one type of processing unit: the time slice tokenization connects
to the encoder/decoder (to be discussed in section 6.3.2), the node tokenization connects to
the anisotropic aggregation (to be discussed in section 6.3.3), and the spatial temporal block
tokenization connects to the global attention module (to be discussed in section 6.3.4).

The architecture of the TinT model is visualized in FIGURE. 6.3. When the TinT processes
the traffic data, it first uses the node tokenization and spatial temporal block tokenization to par-
tition the data, then sent the resulting tokens to two different processing units to process in par-
allel, then, the outputs of these units are added back together. The three different tokenizations
are visualized in FIGURE. 6.2.

In the following, we mathematically formulate these tokenizations as partition functions: we
write the expression of the 7-th token of each type. Here 7 is an integer index ranging from o to
the number of tokens —1 in each tokenization type, which is different for each tokenization. We

use vec(+) to denote the vectorization operation, which flattens any tensor into a vector. The

time slice tokenization cuts the tensor X0~ 71:4472) — [x70—Ti ...

X ... ’Xf0+T2—1] into

Y

time slices, with each one indexed by the time step. The 7-th token is hence:

X(zz'mf) — vec (Xz | t:z') (6. 3)

2

The node tokenization further cuts the time slice tokens into nodes representations, and each

output token of the node tokenization is indexed by the time index # and the spatial index ;
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(meaning the j-th node). The 7-th token is:

Xl(”gde) = Vec(Xt[]']), I =1tX Nypdes + 7 (6.4)

The spatial temporal block tokenization cuts the tensor X (%0~ 71:4+72)

into a list of spatial tem-
poral sub-regions, then each token is a serialized sub-region node representations. Each token
contains a portion of nodes that are spatial temporal neighborhoods, and different tokens are
also spatially and temporally adjacent but not overlapped. Consider a group of spatially adjacent

nodes [,/ +1,--+ /' — 1], their respective time steps [¢,£+41,- -+ ,# — 1] are partitioned into the

same token. In this way, the 7-th token is:

block . . . z Nno es i
) = vee(Xj: 1), = 77 —dj +/]_f (6:s)

In practice, if N,y is not divisible by the node group size /' — /, then the remainder is padded

by zero embeddings to make it divisible.

6.3.2 THE ENCODER DECODER ARCHITECTURE

We take the encoder decoder architecture following the design of the transformer [100]. Here,
the encoder transform the input token sequence X(o—Tit0) — [Xto—Ti X0o=T2 ... X0~ ¢o
a sequence of intermediate representations X = [X0~ 71 X0=T2 ... X%~1] for the decoder,
while the decoder apply the causally masked attention to predict the final output. Given X,

the decoder generates the output sequence one element at one step. At each step, the model
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is auto-regressive [308], consuming the previously generated symbols as additional input when

(t1 — T1 Ztl)

generating the next one: in order to predict X", it first leverages X to predict X, then

—T11t1+1) —Tlil’z)

leverages X to predict X1+ and so forth, until leveraging X to predict X’2.

Similar to the original transformer model architecture, both the encoder and the decoder are
composed of stacks of identical layers, where each layer contains the self-attention sublayer and
the feed forward sublayer. For the decoder layers, it additionally inserts a third attention sublayer
after the self-attention, which let the decoder sequence attend to the output of the encoder stack.
The attention sublayers in the decoder stack are modified to prevent attending to subsequent
data. This causal masking ensures that the predictions for time 7 can depend only on the known
outputs prior to Z. There is a residual connection around each of the two sub-layers, followed

by a layer normalization. The TinT inherits the same encoder decoder structure as the original

transformer [308]. The the model architecture is shown in FIGURE. 6.4.

6.3.3 MODELING THE ANISOTROPIC GRAPH AGGREGATION

In general, the traffic prediction model is expected to leverage a certain design that allows inter-
actions between neighboring regions. Among the neighborhood interaction mechanisms, the
most successful one is the graph convolution in GCN [309], which is widely adopted in previous
traffic prediction benchmarks [284, 37, 38, 39]. It aggregates the information from neighbors
with the simple yet effective neighborhood aggregation function.

Despite the blessing of effectiveness and verified success of such graph aggregation in various
tasks, it still faces an important gap: this type of aggregation is “isotropic”, which means all
neighborhoods are treated equally. This attributes works for a graph without physical location

attributes, but under the location attributed traffic network, it fails to distinguish traffic flows
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from different directions. This important gap urge us to design a novel physical location aware
aggregation mechanism.

As discussed in section 6.1, in this work, we assume the anisotropic orientation distribution
[290, 288, 289] and the non-ideal permutation invariance [284, 37, 38] of the traffic data. In
other words, the traffic flow on north/south/west/east, or more fine-grained partitions of ori-
entations, will affect the center node difterently [289]. The vanilla transformer ofters no mech-
anism to tie the token representation to the token’s true physical locations. That is, the token
representation and transformation will show no difference if the nodes are physically located
elsewhere, hence the structural features of the road network are not fully leveraged.

In the following, we first mathematically illustrate the aggregation function of the traditional
transformer and the GCN, explain their orientation unawareness, and then discuss the anisotropic
graph aggregation.

The Orientation Unawareness of Transformer and GCN For a given node 7 of interest,
denote x, as its embedding and .47 (7) as the collection of its neighbors. Then, the aggrega-

tion/attention procedure of the GCN and Transformer for token x; can be expressed as:

GCN:x; ¢+ Y A N(x) (6.6)
JEN(7)

Transformer : x; < Z fw“m ) (XJ',XZ') (6.7)
JeG
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where fA7%7) (., .} is the binary attention based aggregation function for Transformers, which
is:

H

f(tmm) (n7)’) — U mﬂ.nglx (YT Wéh WKJgn) WV,/on (6.8)
h=1 ne

where n,y are two arbitrary tokens after processing by £{-) at the same layer, 5 is the index of
attention head, and U is the concatenation operation, which concatenates all of A attention
heads.

From the above equations 6.6 and 6.7, all nodes or neighborhoods, regardless of their relative
orientation to the center node 7, is processed by the same kernel (transformation function) f{-).

Orientation-aware Graph Kernels As shown above, GCN and Transformer both process
the node interactions with a #nified function. In this way, the graph kernels applied in previous
traffic prediction researches [284, 37, 38, 39], though have been improved with domain specific
modifications, all fall into this pitfall as the neighborhood aggregation function are the same.

In this research, we overcome the ignorance of orientation issue by assigning different kernels
for different oriented node pairs. We achieve this by separating f{-) into different kernels, each
one now with unique subscript. These kernels differ by the orientation between the center node
and the neighborhood node, and the number of hops from the center node. The neighborhood
nodes are pre-divided into different groups that form into concentric circles, and those with
similar orientations from the center node and at the same number of hops stay within the same
group.

Consider a center node 7 of interest. Define the tier T as the collection of nodes that are ex-
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actly T+1 hops away from node 7. In TinT, the kernels are assigned to neighborhoods with
a maximum of I tiers (hops). At each tier 7,7 = {0,1,---,I' — 1}, there are K kernels as-
signed to the neighboring nodes, which forms a family of multiple relational kernels /3 (-) (k €
{t*K,T«K+1,--- , T« K+ K —1}). In this way, a total of I * K kernels are assigned, and
each one is applied to one group of nodes. These groups (kernels) uniformly distribute at the
subsequent tiers, evenly segmenting each tire into equally sized sectors.

Denote &4 (7) as the Oriented Neighborhoods of node 7. Each neighbor node in &4/ (7)
has an index 7, o € [0,27) as the orientation of node pair (7,7), and 7 as the hop from 7 to . We
use kernel ID 7,7 € {0,1,--- ,I'* K} to separate the isotropic aggregation j<GCN/ trans) (+) into
anisotropic kernels ]‘fﬁTmﬂ (). The kernel ID contains the orientation part | X |, which is an

integer from o to K —1, and the hop part 7 * K. The proposed kernels are written as follows:

TinT Anisotropic Kernel : x; < o T);é/‘/( ; rf](nﬁ @K (xj) (6.9)

The kernel function architecture is an open design, and in this work we choose the simple yet

effective non linear feed forward transformation:

fﬁleT) (x;) = ReLU (W, x; + b,) (6.10)

The real example of spatial visualization for the anisotropic aggregation is displayed in FIGURE.

6.4.
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6.3.4 CAPTURING LONG RANGE DEPENDENCY BY GLOBAL ATTENTION

Learning long range dependencies is a key challenge in many sequence transduction tasks [3 1o,
311, 312]. In particular, the long range patterns ubiquitously exist in the traffic data, both spa-
tially and temporally [286, 310, 313]. Asaresult, the ability to model long range traffic propaga-
tion patterns will have a critical impact on the model’s performance. However, previous studies
[284, 37, 38, 39] all rely on local view message passing, and there is no component that could
directly pass information to far-away node pairs. These approaches adopt the graph convolution
or graph attention, which only pass information to the immediate neighbors. In order to route
information to H-hop away nodes, these instant neighbor message passing approaches need A
layers. Therefore, the length of the paths where forward and backward signals have to traverse in
the network is long. The shorter these paths between any combination of positions in the input
and output sequences, the easier it is to learn long range dependencies [314], which put these
approaches under suboptimal conditions.

In this research, we leverage the transformer’s attention mechanism to directly route informa-
tion to arbitrarily far away nodes. The long range attention is achieved by means of the proposed
spatial temporal block tokenization. In this type of tokenization, nodes who are spatially and
temporally near each other are concatenated and aggregated as a block using equation 6.5. Each
block is treated as a new token for this module, and is passed through the transformer’s attention
layers. We evenly assign the spatial and temporally adjacent nodes into B spatial temporal blocks.
When B is not an exact division of the number of nodes, we zero-pad the node features so as to
make every spatial temporal block contain the same number of nodes.

Besides this long range attention mechanism, recall that the anisotropic graph kernels are re-

sponsible for short range aggregation. We assemble the long and short range information routing
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mechanisms parallelly in each layer, and let them interleave the processing of global or local in-
formation across adjacent layers. In this way, the bias of either short or long range receptive fields
are avoided. The interplay between the long and short range information routing mechanisms

will naturally lead to a more versatile model capable to generalize better.

6.3.5 COMPLEMENTARY COMPONENTS OF TINT

In the transformers, there are repeated blocks with the same feed forward neural network and
attention architecture. We aim to utilize the generality of the transformers and follow this frame-
work, except that the transformer attention module is replaced by the parallel combination of
the modules above. For the positional encoding in TinT, we add two sets of positional encod-
ings, spatial and temporal positional encodings, into the node representation together. That is,
for the z-th node at time step ¢, the representation after the positional encoding is X5+ p +q,
where p, is the spatial positional encoding for node 7, and g, is the temporal positional encoding
for time £, and X’ is the feature of node 7 at time # (x) transformed by the input projection layer

of the transformer.

6.3.6 TRAINING APPROACHES AND CONFIGURATION DETAILS

We train the model with a pre-training stage followed by a fine-tuning stage. In the first stage,
we train the encoder and decoder separately, by minimizing MAE loss of the model output and

the ground truth:

Loss pncoder = | [XEH 27D _ Encoder(XE=T07)| |y (6.11)
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1055 Decoder = | |X("U+T2) — Dewder(X(Fl:HTrl) 1 (6.12)

Then in the fine-tuning stage, the model is trained on the same dataset but in an end-to-end way:
the encoder and the decoder are concatenated, and are trained to minimize the MAE loss of the

final prediction against the ground truth:

loss = ||XEHT2) — T (X109 || (6.13)

In our model, we use three layers of encoder and decoder blocks, which means N = 3 as in Fig.
6.3. In the anisotropic graph aggregation, we choose the number of anisotropic kernels to be

four, so as to mimic the four-way traffic flows in most intersections.

6.4 EXPERIMENT RESULTS AND DiscUsSION

6.4.1 DATASET SUMMARY

We follow a rigorous and systematic procedure to evaluate the performance of the proposed
methodology in congestion forecasting. We compared the model with 13 state-of-the-art base-
line models, across 8 datasets from 6 culturally diverse cities around the world, including both
the detector graph modality datasets (Los Angeles, San Francisco, San Diego) and the GPS grid
modality datasets (Berlin, Istanbul and Bangkok). Both the downtown and rural regions are in-

cluded in these datasets, with the respective scales marked in Table 6.2. In the GPS grid modality
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datasets, each pixel represents a toom X 1oom area. The detector graph modality datasets are
collected from o1/02/2019 to 04/12/2019, and the GPS grid modality datasets are generated
from 1/2/2019 - 3/2/2019. The measurement intervals for both modalities are § minutes, and
the prediction target time spans are all one hour, i.e. 12 time steps, in the future. The input
historical length is also limited as one hour [38, 37], which means we use 12 time steps in the
past to predict 12 time steps in the future. All models are trained separately in each city. We
randomly split 60% of the data for each city as training, 20% as validation, and 20% as testing set.
The processing procedure of the GPS grid modality and detector graph modality data, as well
as the rendering for all datasets are provided in Fig. 6.2. We lay out the quantitative results and

analysis in the sequel.

6.4.2. PERFORMANCE COMPARISON WITH STATE-OF-THE-ART MODELS

On the GPS grid modality data, we compared the TinT with SOTA grid-based baseline mod-
els: UNet2D with LSTM [315], UNet3D [316], Vision Transformer [317], Video Transformer
[318] and Swin Transformer [319]. On the detector graph modality data, we compared the TinT
with the following current traffic prediction benchmarks: basic LSTM [250, 281], Local Spec-
tral Graph Convolution LSTM (LSGC-LSTM) [281], Spectral Graph Convolution LSTM
(SGC-LSTM) [320], Multi-View Spatial-Temporal Graph Convolutional Networks (MSTGCN)
[37], Attention Based Spatial-Temporal Graph Convolutional Networks (ASTGCN) [37], Adap-
tive Graph Convolutional Recurrent Network (AGCRN) [321] and Attention based Spatial-
Temporal Graph Neural Network (ASTGNN) [38].

We choose the following three principled evaluation metrics: the Mean Absolute Error (MAE),

the Root Mean Square Error (RMSE), and the Mean Absolute Percentage Error (MAPE). The
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Figure 6.5: The prediction MAPE results expanded into different time spans in the future. Sub-figures i/iii/v/vii on the left
are grid modality, and sub-figures ii/iv/vi/viii on the right aré §r‘llph modalities. The legends for the grid data are shared and
displayed in the subfigure of Bankok, and the legends for the graph data are shared and displayed in the subfigure of San Diego.
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Figure 6.6: The ablation study results of the graph based data, reported in MAPE and RMSE. Compared to the original model,
the three types of ablation studies are: transformer global attention, local graph aggregation, and the anisotropic kernals in
the local aggregation, where we dropped the corresponding components and re-train the model. More details are discussed
in section 6.4.3

overall comparison results are shown in TABLE. 6.1 and 6.2. In addition, the prediction at every
s minutes in the future are also plotted in FIGURE. 6.5. As can be seen in TABLE.6.1, TABLE.
6.2 and FIGURE. 6.5, the proposed TinT scores the best across the entire one hour forecasting
range, with an average of 12% MAPE improvement than the second best state-of-the-art (SOTA)
model.

Recall that the TinT is a general sequence prediction model by its nature, simply with traffic
domain primitives injected. The fact that the TinT outperforms both the graph expert mod-
els in detector graph modality and the image domain expert models in the GPS grid modality
again demonstrated the expressiveness power of a general sequence model. Besides better per-
formance, another blessing from being a general sequence model is the a better potential towards
future data fusion from both modalities. At current stage, whatis lacking is the data availability,
i.e., the two modalities are deployed in different regions due to local policies, managements and

developments. With the increasing deployment of the internet of things, we envision a larger
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family of data fusion algorithms based on TinT could be inspired when both data modalities

are made accessible in the same city.

Table 6.1: The TinT Framework Result Summarization and Comparison with SOTA Methods on Grid-based Datasets. As can
be seen in the table, the proposed method consistently achieved the best performance on the grid-based datasets.

. Evaluation Matrix
Data Type Cities Methods
MAE | | MAPE (%) | | RMSE |
UNet2D and LSTM [315] | 0.241 16.2 0.356
UNet3D [316] 0.235 15.8 0.347
Vision Transformer [317] | o0.192 13.0 0.284
Berlin Downtown Video Transf o o o o
(1024 grid, 10.32 km?) ideo Transformer [318] | o.189 I2. 0.280
Swin Transformer [319] | 0.198 13.4 0.293
TinT (proposed) 0.182 12.3 0.269
UNet2D and LSTM [315] | 0.249 16.7 0.366
UNet3D [316] 0.257 17.0 0.374
Vision Transformer [317] | 0.236 5.9 0.349
Berlin Rural Area (TBD) Video Transf . p

(1024 grid, 10.32 km?) ideo Transformer [318] | 0.243 16.4 0.359
Swin Transformer [319] 0.238 16.0 0.352
TinT (proposed) 0.222 15.0 0.328
Grid-based Data UNet2D and LSTM [315] | 0.582 39.1 0.858
UNet3D [316] 0.652 43.8 0.959
Vision Transformer [317] | 0.536 36.2 0.794

Istanbul Downtown Video Transh o o o
(1024 grid, 10.32 km?) ideo Transformer [318] | o.591 38.9 0.852
Swin Transformer [319] | 0.586 39.6 0.867
TinT (proposed) 0.484 32.7 0.716
UNet2D and LSTM [315] | 0.335 22.6 0.495
UNet3D [316] 0.328 22.1 0.486
Vision Transformer [317] | 0.335 22.5 0.493

Bangkok Downtown Video Transf o

(1024 grid, 10.32 km?) ideo Transformer [318] | 0.335 22.5 0.494
Swin Transformer [319)] 0.321 21.7 0.475
TinT (proposed) 0.308 20.8 0.456

The models’ predictions are depicted in FIGURE. 6.7, which visualizes the traffic flow on a
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Table 6.2: The TinT Framework Result Summarization and Comparison with SOTA Methods on Graph-based Datasets. As can
be seen in the table, the proposed method consistently achieved the best performance on the graph-based datasets.

Evaluation Matri
Data Type Cities Methods valuation Aatrix
MAE | | MAPE (%) | | RMSE |
LSTM [250] 3.45 7.14 6.03
LSGC-LSTM [281] | 3.65 6.89 6.11
SGC-LSTM [320] 3.89 7.25 6.29
San F . MSTGCN [37] 2.39 531 4.80
an Francisco

(1358 nodes, 13 freeways and highways) ASTGCN [57] 230 518 s
AGCRN [321] 2.23 5.01 4.89
ASTGNN [38] 1.92 4.21 4.21
TinT (proposed) 1.69 3.60 3.70
LSTM [250] 4.43 I1.11 7.63
LSGC-LSTM [281] | 4.60 9.46 7.63
SGC-LSTM [320] 4.73 9.60 7.73

MSTGCN .8 . .
Los Angles Downtown 7] =04 77 >47
. ASTGCN [37] 2.81 6.87 5.80

(1432 nodes, 18 freeways and highways)

AGCRN [321] 2.63 6.64 5.53
ASTGNN [38] 2.25 5.62 5.02

TinT d .88 .96 .
Graph-based Data inT (proposed) ! 2O L
LSTM [250] 2.19 3.66 4.10
LSGC-LSTM [281] | 2.36 3.90 4.20
SGC-LSTM [320] | 2.25 3.72 4.14

MSTGCN . .56 .
California Rural Freeway 571 3 5 =02
. ASTGCN [37] 1.32 2.67 3.15

(1432 nodes, 18 freeways and highways)
AGCRN [321] 1.25 2.43 2.91
ASTGNN [38] 1.01 2.00 2.71
TinT (proposed) 0.93 1.74 2.22
LSTM [250] 2.61 4.91 4.96
LSGC-LSTM [281] | 2.77 4.90 4.99
SGC-LSTM [320] | 2.81 4.99 5.07
San Di MSTGCN [37] 1.72 3.83 3.78
an Diego

(862 nodes, 9 freeways and highways) ASTGCN [57] 1.68 +03 391
AGCRN [321] 1.54 3.31 3.69
ASTGNN [38] 1.37 2.88 3.34
TinT (proposed) I.15 2.32 2.59

subset of nodes in San Diego, containing both ground truth and the predictions of four differ-
ent models. Each visualization subfigure represents one specific time slice, and different colors

represent the average vehicle speed values. As shown in FIGURE. 6.7, the TinT is the most ac-
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curate in picking the congestion points (i.e. the south-west direction of I-805 and I-94 freeway
overpass near San Diego downtown, the west direction of I-8 and I-125 freeway overpass). In
contrast, other models are either weak to capture the spatial temporal pattern (LSTM) or have

large prediction error so that the long term prediction drift seriously (MSTGNN, ASTGNN).

6.4.3 BEFORE-AFTER ABLATION STUDY AND ANALYSIS

In this section, extensive ablation studies are conducted to verify the contribution of each com-
ponent: the local-view attention mechanism, the global-view attention mechanism, and the
anisotropic graph aggregation. In the ablation for global attention and local attention, we re-
move the transformer attention mechanism and the graph kernels, respectively. In these two
cases, the TinT reduces to the anisotropic graph model and transformer model, respectively. In

the ablation for anisotropic kernels, we replace the anisotropic kernels into a single graph con-

volutional kernel. We report the MAE and the RMSE metrics in FIGURE. 6.6.

TuHE ErFecT oF MixED GLoBAL AND LocAaL VIEws

Almost all previous models are biased towards only capturing localized features. In the pro-
posed TinT, we propose the mixture of global and local view to eftectively avoid the model to
fall into this trap. As can be seen in FIGURE. 6.6, the TinT outperforms its counterparts
where one of the global or local attention components is dropped. We observe that dropping
the global attention is less harmful than dropping the local attention. This is not a surprising ob-
servation, but it explicitly verifies an assumption that is blindly adopted by previous researches
[281, 320, 37, 321, 38]: the local pattern is more important than the global pattern in the traffic

data. However, this does not mean that the global pattern is not important, on the contrary, we
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Figure 6.7: Visualization of different model predictions versus the ground truth. For better visualization, the nodes shown are
sub-sampled from the SD traffic network. It can be seen from the results that the TinT captures the congestion conditions
better than other models. Especially, in some sensitive regions marked with ellipse, other models are unable to make congestion
predictions as accurate as the TinT.

see consistent improvements of the fully fledged TinT over the ablation model where the global

attention mechanism is removed.
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From another perspective, in FIGURE. 6.5, the performance gap between TinT and other
models increase when the time span grows larger. The global-view helps the TinT to drift less
when the prediction time is longer ahead. This advantage could be attributed to the following
reasons. First, the global view helps alleviate the bottleneck [322] and over-smooth [323, 324,
325] issues that are inherent to local-view graph convolutions. In graph convolution based mod-
els, in order to make long term prediction, one has to stack more layers. However, the amount
of contexts that a node could receive grows dramatically at deeper layers, which tends to force
the exponentially increasing information to be squeezed into a fixed small number of edges of
this node, making it difficult to generalize [322, 326]. Second, the overall traffic is the composi-
tion of trips, and each trip has unique global Origination and Destination (OD). The local-view
module cannot pass information globally and ignore these long range OD dependencies. Last
but not least, the congestion is caused by the excessive traffic demand w.r.t. the road capacity,
which does not surge immediately but builds up over time. Hence, for congestion prediction,
the long temporal dependency is also important, yet missing in many graph-based models. So,
with the combination of the short and long range views, both spatially and temporally, the TinT

takes the advantage of both sides and achieves the best performance.

THE EFFECT OF ANISOTROPIC GRAPH AGGREGATION

The TinT treats the node pairs from different spatial temporal directions differently, and use
separate graph convolution kernels to learn over these directions. In this way, the TinT success-
tully links its forward processing procedure to the actual physical location of the node. In the

results, we see that the anisotropic graph aggregation consistently improves the performance,

as reflected in the MAPE and RMSE of FIGURE. 6.6. The traffic flow distributions display
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strong anisotropy properties, as both the trips and the traffic rules are spatially anisotropic. For
the trips, the drivers’ origins and destinations vary from place to place, and certain regions in the
city receive much greater demand and in-flow than other regions. For the traffic control rules,
the local traffic signals at the intersection give way to different traffic directions staggered time,
leaving the local traffic patterns differ from directions. However, the current SOTA models
[37, 321, 38] directly apply the vanilla isotropic graph convolution without careful treatment.
In contrast, the proposed TinT incorporates the anisotropic graph aggregation, which separates
the whole graph into multiple subgraphs based on physical orientations, and separately learns
graph kernels. An illustration of the anisotropic subgraph partition is shown in FIGURE. 6.4.
With the customized anisotraphic graph aggregation, the model is informed with physical loca-
tion interaction and orientation information, and is able to distinct traffic flow patterns from

different physical directions under various road section connections.

6.5 CHAPTER SUMMARY AND FUTURE WORKS

In this work, we address the city scale congestion prediction challenge. We orchestrate a trans-
former based model named TinT that effectively overcome the limitations of the current traffic
prediction algorithms: inadequate propagation modeling, insufficient generalization, and in-
ability to unify different modalities due to over specialized architecture design. We investigate
the key attributes of the traffic flow that are not considered by previous studies, including the
anisotropic traffic flow pattern and the long range and short range dependency. We selected the
transformer to model the traffic data as sequence, and inject these attributes as traffic domain
priors into the model architecture design, and present a new transformer-based model for spatial

temporal data learning and prediction — the TinT.
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With the help of novel anisotropic graph kernel, the TinT could better distinguish the traf-
fic flow from different orientations. With a novel routing mechanism design that mixes global
and local information, the TinT is not biased to either long range or short range traffic pat-
terns. Using the tokenization designs carefully tailored from the traffic domain knowledge, the
TinT for the first time learns to assimilate and infer for both two data modalities under the same
model architecture. We extensively compared the proposed model with existing state-of-the-art
approaches over diverse prediction range under two data modalities: the GPS grid modality data
and detector graph modality data, which both come from challenging real-world scenarios. Our
result shows that the TinT outperforms all other expert neural networks models for traffic flow
prediction, and is the most accurate in picking the congestion point during the entire one hour
forecast.

Our work promulgates new mechanisms that rope the traffic propagation and new factors
that influence the model performance, opens up the opportunities to push forward the state-
of-the-art congestion prediction, and brings about significant practical impact. On one hand,
the TinT unified two data modalities, which oftered one potential to fuse different data sources
within the same city, when they are available with the increasing development of infrastructure.
Even in the current data availability status, this unified framework still significantly reduce the
labor of software development, as only one model is needed to develop, train and deploy, in order
to address different cities/regions with incongruent data modalities. On the other hand, as the
first transformer-based model for multi-modality traffic prediction, the TinT extends the success
of transformer families to a brand new domain, with critical industry and economic values. We
hope our framework could take the congestion prediction beyond better reliability and could

eventually help the optimization of traffic route planning and reduce the economic cost.
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Chapter 7. Cooperative Traffic Signal Assistance System for Vulnerable

Road Users (VRU)

This chapter is modified from the following published work:

* HF. Yang, Y. Ling, C. Kopca, S. Ricord and Y. Wang, “Cooperative traffic signal assistance system for non-motorized users and dis-
abilities empowered by computer vision and edge artificial intelligence.” Transportation research part C: emerging technologies 145

(2022): 103896. https://doi.org/10.1016/5.trc.2022.103896
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7.1 CHALLENGES AND MOTIVATIONS

With the development of Information and Communications Technologies (ICT), smart infras-
tructure is generally considered one of the most promising approaches to improve traffic safety
and efficiency. Much of the related work falls under the broader context of Connected Vehicle
(CV) applications [327, 328]. In general, a CV environment allows vehicles, road users (e.g.,
pedestrians, bicyclists), and other hardware infrastructure (e.g., RoadSide Equipment (RSE)
and RoadSide Units (RSU)), to communicate and interact in a local network. Such commu-
nication is often enabled via Dedicated Short-Range Communications (DSRC) protocols [329,
330].

Over 50% of serious roadway crashes occur at or near intersections [331]. The dispropor-
tionate risk in these locations substantiate a higher need for connected and smart infrastruc-
ture systems. Most state-of-the-art achievements related to intersection signal control, opti-
mization and safety enhancement, are focused on the vehicular side (i.e., traffic signal phase
and timing optimization [332], vehicle to vehicle collision warning [333, 334], lane-changing
driving aids [335], and driver’s decision assistance at the onset of yellow traffic lights [336],
dynamic speed advisory [337, 338]), which leaves a big gap for non-motorized users in a CV
environment [339, 340, 341]. The application of these new and emerging technologies to as-
sist non-motorized users have been neglected by both the research community and industry.
Non-motorized users do not have the same mechanisms for traffic information dissemination
as vehicles through the current information sensing and sharing channels. Active users, without
necessary CV hardware or software component, are less detected, less informed, and at greater

risk at signalized intersections. This is particularly true for people with disabilities [342]. The
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main hurdles can be summarized as follows:

* Perception deficiency. Currently, adaptive signal control systems are deployed in many
major cities all over the world, where the signal phase and timing are adjusted based on
the real-time traffic demand. However, most passive sensors (loop detectors, surveillance
cameras) are installed to count the number of motorized vehicles [343, 13]. The sole in-
frastructure for pedestrians and cyclists is the crosswalk button, which only generates a
binary output...is a pedestrian present? Using this method, obtaining the real-time quan-
tity and type of non-motorized users, near the interaction, is impossible. This, again, most

importantly includes 'vulnerable users’.

* Acquisition obsolescence. The crosswalk button is the only mechanism linking a non-
motorized user with the signal control system. However, due to lack of regular mainte-
nance, the reliability of these instruments is far from absolute [344]. Furthermore, some
crosswalk buttons serve as placebo buttons in places like New York City [345]. While CV
technologies continue to advance and become more ubiquitous in our traffic networks,

non-motorized users are being left behind.

* Dissemination inconsistency. CV-related protocols and standards focus almost univer-
sally on communication with vehicles. There is no research or industry consensus on
which channel should be used for sharing information with non-motorized users [342].
Since the previous CV systems mainly adopted the DSRC-based communication proto-
colon 5.9GHzband, it cannot directly match with the users’ Personal Information Device
(PID) (e.g., cellphones and wearable devices). If non-motorized travelers want to lever-

age the traffic information from connected infrastructures, special technical equipment
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needs to be carried to transfer the DSRC information with personal device adaptable in-
formation protocols and formatting [346]. The added size and weight for this special

technical equiments makes it an unrealistic solution.

* Ability discrimination. Due to the limitations discussed thus far, signal phasing for non-
motorized users is often carried out by a predetermined or rigid pattern. Unique scenarios
and circumstances are not considered, especially with regard to mobility challenged users
[346]. For example, at present, vulnerable populations do not have an avenue to request
necessary signal time extension based on their own special needs. Commonly, less-abled
individuals are left to rely on specific signals (directional sounds, status prompts) or the
assistance of other travelers to make the necessary judgment in deciding the right time to
cross the intersection. When intersections are well-equipped with low-barrier pedestrian
signals, many of these concerns are mitigated. However, in under-equipped intersections,
noises and the influence of surrounding vehicles and traffic can cause significant safety
concern. In unfamiliar areas with no effective prompt, individuals with lower mobility
always have higher risk of harm and longer waiting times [347]. Unfortunately, for the
Vulnerable Road Users (VRU), traffic safety is not in their hands but usually depends on
the alertness and adaptability of the drivers of oncoming vehicles. This causes significant
equity concern as these vulnerable populations bear a disproportionate burden for safety

and mobility through intersections.

To overcome the aforementioned challenges, the work described in this paper firstly proposes
a vision-based non-motorized user perception component that fully integrates with current sig-
nal control systems. With the rapid advancement of computer vision and edge computing tech-

nologies, customized solutions are quickly being made possible. Recent achievements in object
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recognition [125, 348], detection and re-identification [191, 111], and human pose estimation
[349, 350] can be used to build the necessary data collection procedure for non-motorized users
at intersections. One-stage detectors [193, 191] can provide encouraging detection accuracy,
and can also be processed in a real-time manner. Further, 2-D human pose estimation solutions
have enabled promising research on pose direction estimation of non-motorized users [349]. Fi-
nally, edge computing presents the opportunity for legitimate real deployment in a cost-effective
way [351]. Moving a significant amount of the data processing to the edge instead of stream-
ing the original video to a central server, huge communication cost, bandwidth and the data
storage capacity can be saved. In the proposed method, the perception result should include
all safety and equity-related non-motorized users’ characteristics, including user type, location,
pose direction, mobility status, and even disability class. With this information, a realistic auto-
matic directional crossing request generation can be achieved for various types of non-motorized
users.

To over come information interaction inconsistency, non-motorized individuals in a con-
nected environment need to be involved in the communication process through a convenient
and cost-effective means. The architecture of connected environments needs to be consistent
across vehicles and infrastructure, but there has been a missing component. Personal Infor-
mation Devices (PIDs) should also be considered as part of this architecture [346, 352, 353].
The development of wireless communications and the near ubiquity of smartphones in today’s
culture make mobile phones an ideal bridge between infrastructures and active non-motorized
users [354]. There is consensus in the research community that the convenience and flexibility
of cell phones to assist pedestrians and other non-motorized users, especially those with disabil-

ities, is the ideal technological choice to enable interaction with the connected environment.
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[353, 346]. Further, to ensure safety for all road users at a specific intersection, the information
and interaction messages must be broadcast to the PIDs carried by non-motorized users using an
adaptable protocol, and not just to the On-Board Unit (OBU) installed on motorized vehicles.
The dissemination improvements in Signal Phase and Timing (SP4I) information can signifi-
cantly improve the traffic safety [355], equity and reduce the negative environmental impact of

fossil-fuel-based vehicular transportation [356, 357].
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A system that consists of new infrastructure that is added to securely communicate signal phase and timing
and other safety and mobility information to vehicles and Personal Information Devices in order to support
applications that interact with drivers and active transportation users. Depending on the applications

deployed, the SPaT may also receive data from vehicles and PIDs (i.e, signal pre-emption/priority requests,
and basic safety messages).
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control system but interacts with the VENUS
for information sharing and capturing.

Figure 7.1: The overall system description of new connected and smart SPaT system architecture. Compared with previous
architecture, the key change is the integration of the proposed VENUS Smart node and active users’ PIDs.

In summary, the challenges facing non-motorized users’ ability to interact with a connected

environments are overcome and a new cooperative traffic signal assistance system is proposed,
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called Vision Enhanced Non-motorized Users Services (VENUS) smart node (as shown in Fig-
ure 7.1). The VENUS smart node is designed and deployed with powerful information percep-
tion pipelines. All signal-related non-motorized user information can be estimated in real-time.
Information dissemination channels are well-established between signal controllers, vehicles and
non-motorized users’ PIDs. The VENUS smart node can deal with multiple communication
protocols, including DSRC, and hand-held device friendly communication protocols such as

4G-LTE, sG and Wi-Fi.

7.2 VENUS SMART NODE SYSTEM

7.2.1 TECHNICAL OBJECTIVES

The smart VENUS node is design to achieve six functionalities. These six functionalities can
be divided into two categories: (1) Perception on non-motorized users, including those with
disabilities; and (2) communication and interaction among users and other connected devices

in the CV environment.
SENSING AND PERCEPTION OF NON-MOTORIZED USERS, INCLUDING THOSE WITH DISABIL-
ITIES

1) Detect the non-motorized user type (i,e, pedestrian, biker) and, when applicable, disabil-
ity types (i,e, person in wheelchair, pedestrian pushing a person in a wheelchair, person

using crutches and person using a walking frame) automatically in real time;

2) Extract the potential directional cross/walk request for each user automatically in real

time;
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3) Extract the activities status (i,e, waiting, walking, sitting) of non-motorized users auto-

matically in real time;

COMMUNICATION AND INTERACTION AMONG USERS, VENUS SMART NODE, CONTROLLER

AND TMC

4) Capture the real-time SPal” and directional cross/walk request status information from
the controllers, and synchronize the direction-aware cross/walk request generated by users

to controllers;

5) Share and visualize the SPal" and directional cross/walk request status information to
PIDs, and allow users to send cross/walk trigger through PIDs in case of missing detec-

tion;

6) Synchronize the real-time device operation and services status to TMCs, and allow TMC

to send instructions back to PIDs;

7.2.2 SYSTEM DESIGN AND INFORMATION FLOW

As shown in Figure 7.2, the whole VENUS smart node consists of two different components,
the VENUS smart node, and non-motorized users VENUS app. The signal controller and TMC
serve as the control center and the SPAT information source. VENUS edge nodes capture real-
time information and interact with the traffic operation component by using wired or wireless
communication protocols based on [358]. In the VENUS smart node, three parts are integrated,
including: (1) a camera, which serves to capture real-time intersection video information and

send to the edge computing node; (2) the smart edge node, which is used for video processing
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Figure 7.2: The architecture and information flow illustration of the proposed VENUS smart node.

of non-motorized users type classification, location, pose direction, and mobility status estima-
tion; and (3) the user app, which enables the user to interact with the VENUS system, check

real-time SPAT information and obtained the future cross direction waiting time. The VENUS
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app can also visualize the real-time cross push-button’s status. If the smart sensing nodes fail to
capture the pedestrians waiting status, users can manually push the cross request through app
user interface and obtain feedback. The detailed information flow and protocols amalgamated

into VENUS are showed in Figure 7.2.

7.2.3 SENSING AND PERCEPTION BASED ON COMPUTER VISION

The hierarchical sensing system developed in the VENUS edge node is paramount to this re-
search. Figure7.3. shows the workflow for the entire non-motorized-user-sensing-and-perception
algorithm. As shown in figure 7.3, once the VENUS is installed near the target intersection
area, two data sources would be programmed into the input data flow: the intersection physi-
cal alignment and the real-time streaming video. Then, the Region of Interest (Rol), including
the waiting zone and cross zone, can be selected based on the camera view and the physical con-
straints of each intersection. The video inputs are processed by the user detection algorithm and
filtered by the ROI constraints. After obtaining the location as well as the classification result
of each non-motorized user using multi-object detection, the users located inside the ROI are
processed by the human posed estimation and a 25 key points set of each objects is generated.
Information is summarized about each object and used for two different purposes. First, in or-
der to obtain the human pose direction and automatically trigger a push for users, the 2D image
must be converted into a Bird’s Eye View (BEV). To obtain the mobility status, another classi-
fication algorithm is implemented based on the user key points estimation result. In this step,
four classifications of mobility status are defined: wait, walk, ride and sit. Finally, the streaming
video inputs are analyzed to extract each user’s information including users type, location, pose

direction and mobility status. The mentioned four outputs are then leveraged to automatically
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generating SPaT services for non-motorized users, especially those with disabilities. In the fol-

lowing two subsections, all the details regarding sensing and perception algorithms are explored.

USeR DETECTION

The first step necessary for sensing is detection and classification of the non-motorized users
from the streaming frames. To achieve faster processing on the edge devices, the fourth ver-
sion of the You Only Look Once (YOLOv4) [191] is chosen to detect the non-motorized users.
YOLOv4 [153] is a single-stage detector with a CSPDarknets 3 backbone, SPP neck [192] and
the YOLO version three [193] feature head. This combination provides the perfect combina-
tion of hardware to balance the accuracy and processing speed. In the experiment, the detector
is trained on two datasets: the mobility-aid dataset [359], and the manually labeled dataset. The
output of the YOLOv4 detector is the location of bounding boxes (L), class (C) and the con-
fident score (R,). Only the detected object whose R, exceeds the predefined bottom range of
confidence can be considered as a positive detection and then sent into the key-point estimation

workflow.

USER REPRESENTATION FRAME SELECTION

After the real-time detection, the next step is to filter the localization and classification result for
estimating the users’ pose direction and mobility status. Here, the selection rules are based on the
following two factors: (1) the object classification confidence score (R,), and (2) the object size
(«). A size normalization is integrated into the selection process by regarding the predefined
frame of the object as a unit. Then, a confidence R,; is used as the bottom value to filter low-

confidence objects. The score of object is defined in a frame k& as p*. The score p* is computed
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following Equation 7.1:

p* = {REx *|RE > R} (7.1)

Next, the candidate with the largest value of p* is selected as the representative object frame

to compose an object clip €. € is then used as the input for the next several steps.

PosE DIRECTION AND MOBILITY STATUS ESTIMATION

The second key component for vision sensing and perception is to estimate the user’s pose (face)
direction and concurrently their mobility status. For the pose direction estimation, two steps are
necessary: (1) a 25 key-points of human pose estimation (as shows in Figure 7.4 and Figure 7.5..),
and (2) a pose direction calculation by 2D to 3D projection (as shows in Figure 7.5). In the first
step, the OpenPose 25 key points estimation proposed by the Carnegie Mellon University team
[349] is used to obtain the individual level of key points information. The OpenPose system can
achieve high accuracy and real-time performance, regardless of the number of users in the input.
By designing the system with a non-parametric representation approach, OpenPose refers to
Part Affinity Fields (PAFs) instead of body components directly. Then, it learns to associate dif-
ferent body components with individuals in the input images [349]. Combined body and foot
key points detectors are integrated based on an annotated foot dataset that supports toe, foot
and heel detection. Based on the PAF-only refinement process, the OpenPose shows promising
results, both reducing the inference time maintaining the accuracy of human body components
individually. The output of the OpenPose are the 25 key pose locations (L) and confidence
scores (Ry,).

After obtaining the key points, the next step is to obtain the pose direction of the human
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Figure 7.4: the illustration of 25 key points human post estimation and the reference body points.

body to estimate the cross direction. The process is showed in Figure 7.s. Firstly, the camera
view projection algorithm is used to map the 2D information captured from the original video
into the BEV plain (p;, 4;) with spatial-temporal information. To finish the transition, 4" twin-
ning points (e.g., pedestrian crossing lines of the intersection on the BEV ground plane that
are orthogonal with each other) are manually labelled, and then the real GPS information from
Google map can be obtained. Based on the label points, two vanishing points can be derived
on the ground plane. It has been proven that all camera parameters in a projection matrix .#
can be computed from, and with some constraints on, intrinsic camera parameters [360]. These
constraints can be relaxed for more accurate estimation of view projection parameters. To do so,
something more than bottom limitation of twinning points must be selected and then an opti-

mization problem to minimize the re-projection error must be formulated as shown in equation

207



N
fsq) = mm; |1D(pis9:) = D(Pr>3:)] (7.2)

In Equation 7.2, D(p;,q;) are the node ground truth distance of select paring points and
D(p;,4;) denote the estimated segments distances that are back-projected to the BEV ground
plane. By minimizing the Euclidean distances in both planes, the absolute differences between

estimations and ground truths can be decreased.

Reference points
selection Bird's Eye View | Minimize the error
(BEV) projection

Camera View

BEV Plane

Physcial alignment VCC'EOI‘IZSIIOI’I‘ Default cross

constraints direction extraction| Vector projection

Camera View BEV Plane

Projection reference point

Figure 7.5: The illustration of camera view to BEV projection procedures.

After obtaining the projection matrix .#, the next step is to get the predefined default cross
direction (V4q) in the BEV plane. As shown in Figure 7.5, a standard intersection includes
eight cross direction (two at each corner). Then, the user body representation vector (Vyp,)

for the detected user 7 is calculated by estimating a left-to-right body vector which represents
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the pose direction. Here, the key points on the right foot of the person represented in Figure 7.4
(including right heel (24), right small toe (23), right big toe (22) and right ankle (11)), and points
on the left foot (including left heel (21), left small toe (20), left big toe (19) and left ankle (14))
are used to generate a vector that is parallel to the BEV plane. In order to ensure the robustness of
the system and avoid significant occlusion, the key points with the highest confidence are filtered

to calculate the Vyp,. Finally, the pose direction is estimated using equation 7.3:

By, = min(arccos(Vaq, , Vb, ), arccos (Vddy , Vub;)) (7.3)

Where Vg4, and V44, are two potential default cross direction at each corner of an intersec-
tion.

For the mobility status estimation, a fully connected, two-layer neural network is implemented
to post-processed the 25 key points estimation results. The neural network input is the Open-
Pose estimation result (dimension of 75 x 1) including the location and confidence score of each
key point. The outputisa 4 x 1 dimension which represents the confidence rate of four different

mobility status, including waiting, walking, sitting and biking.

7.2.4 COMMUNICATION

A vital aspect of VENUS’s communication design is that, while its current iteration’s com-
munication protocol leverages Wifi, cellular network and DSRC, it can be expanded to other
communication protocols, such as LORA and §G. This allows VENUS to keep up with the
constantly evolving communication landscape, maintain utility regardless of what technologies
emerge. The communication system embedded in VENUS consists of two sub-components:

(1) interaction with controllers, and (2) interaction with user PIDs.
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Figure 7.6: Communications between VENUS nodes and the signal controller

Figure 7.6 shows communication synchronization between VENUS nodes and controllers
through NTCIP APIs. Communications between the VENUS node and controllers are han-
dled asynchronously to save computing power. The VENUS node has four separate threads to
handle sending and receiving SP4T" information and storing it in receive bufters for controllers
(Recv_c). These bufters hold the data until the main control threads are ready to work on it. For
the communication between controllers and VENUS, a listen and store thread is used to cap-
ture the information from the controllers through the SPaT and Signal Push Status APIs. Then,
the received data is processed by the yes/no conditions to renew the real-time, phase-aware SPaT
and crossing request contents. Then, if a new cross request is captured by the VENUS sensing
component or received by the user PIDs, the general receive buffer (Recv) can introduce the new
request by adding the new information to the send-to-controller bufter and then transmit the

cross push and matching phase to the controller push receive APL
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Figure 7.7: Communications between the VENUS node and the user PIDs

Figure 7.7 shows communication synchronization between the VENUS node and the user
PID through WiFi or a cellular network. Similar to the architecture design between VENUS and

a controller, the VENUS-and-PIDs communication process is handled by six different threads.
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First and foremost, when a non-motorized user walks into the waiting zone, ideally, the VENUS
sensing component will automatically generate a phase-aware virtual push and then transmit to
the controller in real time. Then, the updated SP4T" and crossing request data can be received by
the VENUS node and stored in a real-time SPaT and crossing request file. Simultaneously, the
VENUS node will obtain the new information from related files, transmit the data, and then
broadcast to the pre-paired PID. Next, the integrated receiving thread can capture and store the
data to the receive buffer on PIDs. The VENUS APP can assist the user in identifying the cor-
rect intersection, select the correct cross direction and and ultimately visualize the target phase
wait time/push button status in real time. When necessary, the manually clicked data will be
sent to the VENUS and captured by the virtual push button listener thread and synchronize to

controllers through the communication subsystem between VENUS and controllers.

7.2.5 Aprp

VENUS roadside edge nodes interact with users through an app, called Accessible Crossing Plat-
form, for Active Road Users (ACPARU), which can be installed on cell phones (it is assumed
that cell phones are the most common PIDs). Figure 7.8 shows the functionalities and User In-
terface (UI) of the ACPARU app. After the user starts the APD, the real-time data from VENUS
roadside nodes can be automatically synchronized. Then, users need to select the target cross-
ing interaction with the help of map-based information and internal GPS localization function
support. Then, the crossing direction can be easily selected by orienting the phone head’s direc-
tion or choosing the target crossing street name in the drop-down box. Both actions can directly
trigger the necessity direction selection and visualize on the app UL Next, the user-oriented di-

rection information can be visualized on the app, including the time to wait as well as the current
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Figure 7.8: The VENUS user application on cell phone - the user interfaces illustration of proposed Accessible Crossing Plat-
form for Active Road Users (ACPARU).

status of the cross button (triggered/not triggered). When the VENUS roadside sensing system
does not successfully capture the crossing request, a virtual push button can be used and manu-
ally send a push through the ACPARU app. A pop-up window will show the feedback request

”sent” status provided by VENUS edge nodes.

7.3 EXPERIMENT AND DisCcUSSION

7.3.1  SYSTEM HARDWARE COMPONENT

VENUS System mainly includes three key components: (1) traffic operation component (con-
trollers and TMC server), (2) VENUS roadside system (VENUS smart edge node and on-board
camera), and (3) non-motorized users app (visualized in the Figure 7.9). Here, the 2070 se-

ries (2070LDX) controller made by Q-free Inc. is used for testing. The key reason for using

213



2070LDX is that it meets and exceeds the current AT'C, CalTrans, and NTCIP standards provid-
ing agencies with a robust, industry-leading, true open architecture hardware platform. VENUS
can also be easily implemented with other types and brands of controllers based on the previous
well-established architectures. Nvidia Jetson AGX Xavier uses an embedded edge platform for
real-time sensing over streaming pixels for the smart edge nodes. The Jetson AGX Xavier has 8-
core ARM CPU and s 12-core Volta GPU. To fully stimulate the computing potential on edge
nodes, the entire workflow running on the edge side of VENUS is combined with the reasonable
Xavier resources without overlap in one cycle. For the communication component, the Collie
(GL-X300B) made by GL.iNet. is used and integrated with the Jeston Xavier AGX and facili-
tates data transmission. Collie gateway is based on OpenWrt open-source embedded operating
systems, which is compatible with 2.4GHz Wi-Fi and has full-band 4G communication ability.
The system is agnostic of the brand and type of matching onboard camera. The app optimally

runs on any Android-based phone (Android 8 or newer).

7.3.2  SENSING SYSTEM EvVALUATION
MoBirLiTy AiDs DATASET

The Mobility Aids dataset [359] is collected from a hospital in Frankfurt and the facilities of
the Faculty of Engineering of the University of Freiburg in Germany, including over 17,000
annotated RGB-D images, containing five different categories according to the mobility aids
people using: pedestrians, people in wheelchairs, people in wheelchairs with people pushing
them, people with crutches and people using walking frames. This dataset was mainly used for

the VENUS sensing detector training and evaluation for the user localization and classification.
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Figure 7.9: The hardware illustration of controllers, VENUS smart node, and attached external antennas. (a) is the overview
of VENUS smart node system and controllers. The VENUS generated signals can be directly visualized by the controller and
visualized on the screen. (b) is the VENUS smart node three key component (streaming camera, Nvidia Jetson AGX Xavier and
the connected gateway, from left to right). (c) illustrated the various external antennas to cover the range from 50m-150m for

information interaction.

VENUS DATASET

To thoroughly test the VENUS smart node, an additional dataset was collected. Video was col-
lected from six intersections located in three different US states with varying designs, camera
view and default crossing directions. This was summarized into a dataset called VENUS dataset.
The total video sequences length was 19.95h, and each camera view included at least two default

crossing directions. The default camera view, waiting and crossing zones of each video can be
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Figure 7.10: The detailed illustration of camera view and pre-defined ROI zones of the collected VENUS dataset for testing
the system.

found in Figure 7.10. From the 35,879 images, 4,560 images were selected and labelled, includ-
ing six different non-motorized user classes: pedestrian, person in wheelchair, pedestrian push-
ing a person in a wheelchair, person using crutches, person using a walking frame and biker. For

the sensing detection, 908 of the 4,560 images are used to test the detector and the rest are used
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for model training and validation. For the pose direction estimation, the original video sequence
is used as input and processed on a VENUS edge node equipped with the well trained detector.
The selected testing set of 908 images included 1076 objects from six cameras was also used to
evaluated the pose direction and mobility status estimation accuracy. Detailed object numbers

and evaluation result can be found in the following section.

EpGeE COMPUTING OPTIMIZATION

Nvidia Jetson AGX Xavier works as the embedded edge platform for real-time detection and
user pose direction and mobility status estimation. The CPUs are divided into seven groups
for handling the operating system, input preparation, data processing for algorithms, output
preparation and output control. The last two are use for communication receiving orders from
TMC and controller and to transmit data to the servers or cell phones. The GPU is in charge of
handling the detection script. The CPU and GPU share the information through the cache for
each cycle. To speed up the whole edge framework, the detector and feature extractor use the
TensorRT deep learning framework and perform asynchronous communication inference. In

addition, all code was written in Python language and optimized using Numba.

PARAMETERS SETTINGS

The algorithms’ parameters using on the VENUS smart edge nodes are as follows:
* In the user detection part, the minimum object confidence of R, was set as 50%.
* In BEV view projection, I used a .4 value of 8.

* The two sensing threads (user detection, pose direction mobility status estimation) are
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asynchronous. The default processing speed for the detection is in real time, and the pose

direction mobility status estimation was set to 2fps.
* The pre-defined ideal size frame of the object was 300 pixels.
* Minimum object size (') was no less than 150 pixels.

* The activation function used in the mobility status estimation neural network was ReLU.

USER DETECTION EVALUATION

The VENUS edge node detection algorithm was trained and evaluated on the two aformen-
tioned datasets: Mobiliy Aid dataset and VENUS dataset. For real-time multi-object detection,
six classes were predefined as: pedestrian, person in wheelchair (PW), pedestrian pushing a per-
son in a wheelchair (PPW), person using crutches (PC), person using a walking frame (PWF)
and biker. For the mobility-aid dataset, only the top five categories were included and the aver-
age precision of detection were 82.29%, 84.64%, 74.56%, 73.11%, and 78.59% respectively. For
the VENUS dataset, the average precision of the six categories were 88.31%, 85.12%, 74.77%,
72.14%, 72.32% and 89.46% respectively. The Intersection over Union (IoU) threshold was set
to 50%, then the Area-Under-Curve for each unique recall mean average precision (mAP@o.50)
on the mobility-aid dataset and VENUS dataset were 79.84% and 88.14%. The professing speed

on the VENUS achieved an average of 21.09 fps when the input frame was 1080*720.

USER POSE DIRECTION AND STATUS ESTIMATION EVALUATION

In order to test the potential of VENUS sensing algorithms, 908 separate frames were used,

containing 1076 objects to test the user pose direction and mobility statues estimation. For
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each testing image, at least one non-motorized user was included and used for estimatation and
evaluation. When the user was present in the area of the intersection, the VENUS was used
to calculate their B, and then referred to the potential crossing/waiting direction in the BEV
plane. By comparing the obtained 8, with different default crossing directions, one of the default
crossing directions (/7;,) closest to the vertical of the user body representation vector (V) was
chosen. This direction was assumed treated as the potential user crossing direction. Then, the
calculated result were compared with ground truth data. For each camera view, all users’ poses
were ultimately classified and summarized into number of users on the four default crossing
directions and visualized in Figure 7.11. The detailed users’ pose direction estimation results are
in Table 7.1.

In Table 7.1, the users’ pose direction estimation results of camera views are summarized into
different rows. The pose estimation results of different categories of users are distinguished. In
general, among all types of users, the average accuracy of the pose direction estimation is 90.24%.
The highest accuracy category is normal pedestrians, and the accuracy of potential crossing di-
rection is 91.49%. Among all cameras, camera2 achieved best accuracy result for 95.59%. The
key reason is that camera2 had the ideal installation location, height and low occlusion of users.
For those users with disabilities, the person using crutches shows the lowest estimation preci-
sion due to limited data occurrences. Also, lifting one foot leads to a large error for the view
transition, especially for the key points close to the feet. In summary, VENUS can successtully
infer the direction of non-motorized users’ crossing direction in a real time with high confidence,
which is quite useful for pedestrians and cyclist sensing.

Based on the 25 key-points estimation result, a two-layer fully connected layer was designed

for the mobility status estimation by a supervised learning procedure. The evaluation results are
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Table 7.2: Summary of the users’ mobility status estimation result. In each cell, the black word represent the total numbers in
the evaluation dataset. The green numbers means the true positive inference and the red number represents the false negative

inference.
CamID Frames | Objects Mobility Status
Wait Ride Walk Sit
Camerar 76 92 44/40/4 5/5/0 40/36/4 3/2/1
Cameraz 52 68 26/25/1 8/8/0 32/28/4 2/2/0
Camera3 312 365 202/184/18 | 14/13/1 | 144/131/13 5/s/o
Camerag 244 293 151/129/22 | 6/6/o | 132/122/10 | 4/3/1
Cameras 129 150 95/88/7 11/9/2 42/37/5 2/2/0
Camera6 95 108 65/55/10 8/8/0 33/27/6 2/2/0
Total 908 1076 $83/521/62 | 52/49/3 | 423/381/42 | 18/16/2
Overall Accuracy - 89.87% 89.37% 94.23% 90.07% 88.89%

summarized in Table 7.2. Among the four different mobility statuses, the riding status achieved
the highest estimation accuracy to 94.23%. The walking and waiting status also achieved rela-
tively high estimation accuracy at 90.07% and 89.37%, respectively. The sitting status was the
most challenging status to estimate due to limited data occurrences and the inexact key points
estimation result (especially when the user was backing towards the camera). Among all camera
views, camera2 still led the accuracy by obtaining 92.65% precision. The camera6 had the low-
est accuracy, which may have been due to the lower camera viewing angle and severe occlusion.

Examples of Mobility status estimation results can be found in Figure 7.12.
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Figure 7.12: The result visualization of user mobility status estimation for VENUS smart node.

7.3.3 COMMUNICATION SYSTEM EVALUATION

The integrated gateway in VENUS can support the communications of VENUS to controllers
and TMCs through both wired or wireless networks. In the VENUS smart edge node prototype,
both the wired and wireless connections between the controller and VENUS node were tested
by running the messages sending and receiving script every second. The test lasted for one week
and all packages (604,800) were received by the target equipment; no package was lost. Further,
the potential for complex, real world deployment environments were considered and two types
of communications among VENUS node and user PIDs were implemented. In general, if the

VENUS node was installed in an environment well served by reliable wireless, 4G information

223



sharing capability could be used as a default protocol for real-time information sharing. Mean-
while, if there were a necessity to install VENUS in the rural environment without 4G services
provided by carriers, the internal self-organized network could be triggered and used for infor-
mation sharing. To match the different intersection sizes, the modular design, programmable
transmit power, customized antenna components were integrated with the VENUS edge node
and serve for a variety of real conditions. This self-organized network is based on Wi-Fi protocol
and fully supports the standard of IEEE 802.11ac. Customized communication scripts of the
VENUS gateway were made to aptly support the connections between controllers, PIDs and
VENUS nodes. The communication system is useful for two lanes, three lanes and even larger
intersection areas with low latency and high sensitivity ability. At the same time, VENUS’s smart
gateway can easily adjust the software and hardware as required to achieve different sensitivity,
and communication distance and price requirements. The detailed parameters and testing re-
sults can be found in Table 7.3.

Table 7.3: The communication performance of VENUS self-organized LAN based on Wi-Fi protocol with customized settings
and antennas

Transmit power | Antenna | som RSSI | 8om RSSI | Max Range | Cost Delay
17dBm (somW) 6dB -82dBm - s9m $115 <128ms
17dBm (50omW) odB -77dBm - 64m $134 | <128ms
17dBm (50mW) 12dB -73dBm - 75m $215 | <128ms
20dBm (10omW) 6dB -66dBm -8odBm 82m $115 | <128ms
20dBm (100mW) odB -62dBm -76dBm 9om $134 | <128ms
20dBm (10omW) 12dB -59dBm -71dBm 104m $215 | <128ms
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7.3.4 SYSTEM EVALUATION
INNOVATIONS AND ADVANTAGES

When real deployment is considered, scalability and cost become some of the most significant
factors. Compared with traditional non-motorized users related SPaT and safety-related services
system, and with previous central or edge & cloud-based architecture, such an edge-supported,
vision-enhanced architecture has several obvious advantages. For the traditional video-based sys-
tem, the implementer must pay for the hardware system, database fees, communication services,
power supply, and periodical maintenance. However, for the VENUS smart edge system, the
technology is truly plug-and-play. There are no requirements for the communication system and
bandwidth, no severe requirements for the video data storage and processing, and no demand
for the cell phone data service coverage (when only using the VENUS self-organized network).

In summary, the VENUS system advantages can be summarized into following bullets:

Due to the full edge architecture, VENUS can achieve significant financial savings on the

server hardware.
* Venus is easily scalable.

* The communication requirement is modest and flexible. If communication with TMCs

is necessary, the daily bandwidth can be controlled to less than §GB per day.

* The system is more environmentally friendly due to reduced need for power consump-

tion.

Considering the number of cameras currently installed at intersection surveillance systems for

traffic monitoring, the VENUS ability to leverage any such system is advantageous.
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LiMiTaTIONS AND FUTURE WORKS

Even thought the proposed VENUS smart node can significantly help non-motorized users,
specifically those with disabilities, cross the intersection in a safer and more convenient way, some

technical limitations and further work is still worth investigation.

* For the sensing and perception component, the appearance of disabled users only ac-
counts for 0.5%-3% of daily users. Thus, it remains a challenge to achieve high-accuracy
recognition precision in such a low-probability target group. Although the current detec-
tion true positive rate for the disabled category reaches more than 70%, there is still much
room to improve the recognition precision. These are the users most vulnerable and thus
in most need of the assistance provided by the VENUS smart node. Recently, there has
been some promising work on unbalance data classification [52, 361], and open-set long-
tail recognition [45]. Further, more advanced methodologies to improve the sensing ac-
curacy, including the data augmentation techniques, data re-balancing and re-weighting

methodologies will be investigated and tested for the disabled user data.

* In the proposed version of VENUS smart node system, sensing and perception of the
non-motorized users, as well as the communication and interaction among signal con-
troller and TMCs are two key achievements. Another important component of this sub-
ject is to propose a whole new signal phase and timing algorithm, which fully considers
the demand of non-motorized users, especially those with disabilities. Currently, most of
the control paradigms in CV environment are focused on improving the traffic network
capacity, efficiency, and stability for vehicles [286, 362, 68], and generally ignores the im-

pact of non-motorized users. Based on the current VENUS smart node, proposing and
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evaluating an innovative cyber-physical cooperated control algorithm in consideration of

equity and disability is the next step of the research.

* Finally, with VENUS’s powerful sensing and information sharing ability, safety-related
utility, collision warning, near-miss detection, disabilities crossing alert generation, can

be further developed in the necessary scenarios to improve the traffic safety.

7.4 CHAPTER SUMMARY AND FUTURE WORKS

In this research, a whole new road-side system, the VENUS smart node, is proposed to enhance
traffic accessibility, equity and safety for non-motorized road users at signalized intersections.
A customized approach to recognize non-motorized users at signalized intersections by video-
based perception algorithms running on an edge device is developed. This enables the detection
of active user classes, locations, crossing direction and mobility status for those attempting to
cross a roadway and assists with actuating the signal request for them. Further, it can detect any
disabled users crossing the roadway, alert controllers and nearby peers of their presence via an
alert in a mobile application (app), and generate necessary trigger for potentially extending the
crossing phase for them as needed. Based on the extensive experimentation conducted by collect-
ing real surveillance video from six different intersections, the VENUS smart node can achieve
precise non-motorized user sensing and perception, reliable communication and a touch-free
crossing trigger generation in variety of intersection configurations. The VENUS smart node
is slated for installation at nine intersection at the Washington State Route 522 to benefit the

non-motorized users and improve intersection safety and equality.
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Chapter 8. Enhancing-Minority Vehicle Recognition System Empowered

by Vision-LiDAR Representation Fusion

This chapter is modified from the following work:

* HF. Yang, C. Liu, M. Tsai, X. Jiang and Y. Wang, “Trustworthy Cost-effective Vehicle Recognition System Empowered by Micro-

Pulse LIDAR and Edge Artificial Intelligence.” submitted to IEEE Transactions on Intelligent Transportation Systems.
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8.1 CHALLENGES AND MOTIVATIONS

Vehicle detection and recognition are the key tasks for almost all applications of modern intel-
ligent transportation system (I'TS), such as traffic signal control and optimization [363], traffic
congestion prediction, logistics optimization [364, 269, 18], and dynamic traffic management
[365]. Current sensing solutions used for counting and classifying vehicles fall into three main
categories: loop detectors [366, 367, 368], video-based [369, 370] and others [371, 372].
Magnetic loop detectors, i.c., vehicle detection loops, are the most mature and widely ap-
plied. Being an energy-efficient [373], reliable, and scalable technology, loop detectors have al-
ready been widely integrated with active signal control systems in the US [374]. Despite this, due
to its working mechanism, loop detectors are sensitive to metal materials, passing speed, skin ef-
fect, and nonuniform materials [374, 375]. Vehicle classification based on loop detectors thus
suffers from low accuracies [376] and limited detectable vehicle types, not to mention the incon-
venience of installing and maintaining the detectors underground. Video-based solutions are
also popular for vehicle detection and classification. Object detection algorithms based on deep
learning techniques have proved successful in capturing vehicle information such as appearance,
color, type, and location via surveillance cameras 151, 29, 111]. However, costs for data storage,
communication, and computational cost hinder actual implementations [369], and their perfor-
mances are extremely limited in heavy occluded scenes (vehicle-vehicle, infrastructure-vehicle oc-
clusions) [377, 378], changes in vehicle perception (appearance, camera placement, distortion,
size, scale), and in sudden change in the environment (illumination, weather) [13, 379] and re-
stricted lighting conditions (tunnel, night time) [13, 380]. Even though sensor fusion solutions

(thermal cameras, radar) or external lights have been brought in to help, they make the system
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much more expensive and complicated [381] and introduce new technical problems, e.g., lim-
ited thermal input resolution and heterogeneous signal transferring [381, 379].

The limitations of loop detectors and video sensing systems motivated the investigation of
new sensing approaches, including (1) wireless sensors, i.e., Bluetooth or Wi-Fi probe count-
ing [382, 383], (2) radio detection and ranging (Radar) [384, 385] and (3) light detection and
ranging (LiIDAR) [139, 141]. Among them, LiDAR is one of the most promising, character-
ized by its active sensing mechanism and high precision. In general, LIDAR uses the stimulated
light/laser waves to measure the objects’ shapes and distances to the sensor and then generates
an accurate range of 3D information of the surroundings [135]. The active signal generation
architecture makes LiDAR effective in capturing reliable and accurate information, especially
in low light conditions. Despite this, current approaches leveraging LIDAR for vehicle sensing

and classification still face significant challenges:

* Trade-off between hardware cost and system performance. Currently, to capture ac-
curate object features, using the rotating LIDAR scanner or multiple fixed flash LIDAR si-
multaneously is necessary [139, 140, 142]. Even though good classification results can be
obtained, the prohibitive costs and complicated post-processing workflow prevent such

systems from being widely deployed.

* Enhancing-minority classification in real-time. Most of the previous research related
to vehicle recognition with LiDAR heavily relies on the affluent output from the rotat-
ing scanning LiDAR and makes little methodological contribution [139, 140, 142, 143].
Their classification approaches are (1) out-of-date, e.g., Naive Bayes, K-nearest neighbor,
decision tree, support vector machine, (2) majority-dominated, always easily biased to-

wards dominant classes and perform poorly on minority classes. i.e., as buses or trucks,
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and (3) without customization and improvement from traffic-oriented scenarios. Most
methods do not generalize well when they are tasked to distinguish fine features, i.c., sedan

vs SUV, even though they perform well in common situations, e.g., truck vs sedan.

* Raw data processing for retroreflective and transmissive surfaces captured under
different traffic conditions. In general, LIDAR generates unreliable data when object
surfaces are highly transmissive or reflective, e.g., glass, light sources, and mirror [386]. A

data correction procedure for such surfaces should be considered for further deployment.

The mentioned gaps motivate this study to investigate more advanced technologies. A smaller,
cheaper, and more durable LiDAR sensor should be considered. For example, recently avail-
able modulated pulse LiDAR shows great potential [387, 132]. Instead of describing object
surfaces via point clouds, the micro pulse LIDAR works like a rangefinder but at a very high
scanning frequency (up to 1okHz per second). While typical LIDAR collects rich informa-
tion about vehicle surface, size, height, and location by constructing 3D point clouds by ro-
tating slowly (20Hz to soHz), most of the captured information is only environmental, i.e.,
foreground, background, and location, and not useful for vehicle classification [139, 140]. It is
then natural to ask whether it is adequate to collect the vehicle’s contour representations only,
instead of the massive point cloud of the surroundings? Cutting-edge deep learning classi-
fication models have demonstrated great potential in bridging this gap. In the past few
years, neural networks have achieved remarkable performances in the sequential data classifica-
tion tasks, including text [388, 389], social network [390, 391], and spatio-temporal data clas-
sification [391, 392]. The combination of deep residual neural network [125], convolutional
neural network (CNN) [393], fully convolutional network (FCN) [394, 391] and recurrent

neural network (RNN) [395, 68] can effectively extract the inherited features and dependency
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features of the sequence records. Furthermore, several promising approaches to improve the tail
classes recognition precision in imbalance datasets are emerged, including the data re-sampling
and augmentation [396, 45], multi-expert architecture [52], decoupled training and ensemble
learning [397], which inspire us a lot to customize a minority-enhancing deep neural network.
In summary, to overcome the aforementioned challenges, this study proposes a pilot vehi-
cle sensing framework, Compact LIDAR Empowered Vehicle Enhancing-minority Recogni-
tion (CLEVER) system, and its associated vehicle classification (VC) neural network, CLEVER
VC. By leveraging and fusing high-speed compact pulse LIDAR and video synthesis data on edge
computing nodes, the CLEVER system can successfully recognize ten different types of vehicles
with average 91.70% true positive rate. The Chapter is organized into seven sections. Section two
describes the CLEVER edge hardware system, and Section three introduces the workflow of the
algorithm. Sections four and five present the CLEVER Vehicle Classification neural network
framework and real-world experiment, where it is compared with other advanced solutions. The

conclusions and future works are in the last section.

8.2 CLEVER EDGE SYSTEM DESCRIPTION

8.2.1 HigH-sPEED CoMPaCT (M1cRrRO) PULSE LIDAR DESCRIPTION

Based on the operating mechanisms, LIDAR can be generally divided into two types: continuous-
wave and pulse-based [132, 132]. Continuous-wave LiDAR calculates the phase difference be-
tween the reflected light and the reflected light to calculate the target distance, achieving ultra-
precise results, e.g., error less than o.1mm [133]. To avoid multiple matches in one phase, mea-
surement frequency needs to be low enough for phase distinguishing (always less than soHz)

and thus this type of LiDAR is suitable to scan stationary or slow-moving objects [133, 134].

232



Pulse LiDAR sends out laser pulses at a high frequency and then detects corresponding reflec-
tive information [135, 132]. By contrast, pulse LIDAR controls pulse frequencies and the pulse
energy is relatively concentrated in space. Therefore, pulse LIDAR is able to detect fast-moving
objects even in challenging conditions (rainy or snowy conditions), reaching ultrahigh detection
frequency (up to 1okHz), fast post-processing time and reliable accuracy (less than 1% error)
[132].

“Time-of-flight” (ToF) measurement by pulsed laser is the fundamental concept for single
beam high-speed compact pulse LIDAR. The basic principle is shown in Figure 8.1. Compared
with other scanning or flash LiDAR sensor (i.e., VLP-16 LiIDAR) mentioned earlier, the high-
speed compact pulse LIDAR has a relatively limited field of view. Despite this, the advantages

are still obvious and can be summarized as follows:

Optics
—> Laser driver —>| P'?”se Lasey
Diode ”-H
Emitter Transmission
Control lens
& |
Process Start Pulse a DR A
Reflector
N At
Stop Pulse Yl Z§ FAVAY
Receiver Receiving

lens

Distance and effective pulse couting

Figure 8.1: A pulsed laser-based 1D ToF system typically consists of a laser pulse transmitter, the necessary optics, two receiver
channels, and a high-speed analog-to-digital converter (ADC). The laser pulse transmitter emits a continuous optical pulse to
an optically visible target and simultaneously passes a starting signal to the receiver. In the same way, the optical pulse is
reflected from the object and collected by the receiver detector of the stop receiver channel and then converted by ADC. The
ADC uses its time base to convert the time interval of two signals, representing the target’s distance.

233



8.2.2

Cost-effective. The high-speed pulse LIDAR only costs 3% to 10% of the prices for the

scanning LiIDARs used in previous research.

High-speed. The pulse measuring frequency can reach up to sk-1okHz, which is hun-

dreds or even thousands of times higher than scanning LiDAR.

High-reliability Controlling only one or several beams, the LIDAR control algorithm
can change dynamically in response to the external environment more quickly and then
adjust the parameters of the laser beam to obtain a reliable detection result (especially in

rain and snow conditions).

Lower Data Volume The 3D data volume obtained by scanning LiDAR is huge (20-50
MB/s) and requires complicated processing and storage procedures. High-speed Com-
pact Pulse LiIDAR only has 2D sequence information, which is light-weight and friendly

to data processing and storage terminals.

Lighter and Smaller Since complex mechanical rotating units are no longer needed, the

size and weight of the sensor can be greatly reduced.

HARDWARE SYSTEM

The hardware system includes two key components: edge computing node and compact pulse

LiDAR, as shown in Figure 8.2. This study uses Jetson Xavier NX as an embedded edge plat-

form for real-time data processing streamed by the LIDAR sensor. The Jetson AGX Xavier hasa

6-core ARM CPU and 384 CUDA cores, and 48 tensor cores GPU. To fully stimulate the com-

puting potential on edge nodes, the entire workflow running on the edge side of the CLEVER

system is combined with reasonable computing resources without overlap in one cycle. In this

234



(b)

10 ] 10
42.
31.8

15|

38

xM3V 3.5

Figure 8.2: CLEVER system edge node, including the NVIDIA Jetson Xavier NX and Benewake TFO3 pulse LiDAR. The subfigure
(a) using an Apple iPhone 11 pro max (77.8mm*158.0mm*8.1mm) as a reference to show the system size. The sub figure (b) is
the Benewake TFO3 detail size.

research, the Benewake TFo3 single beam pulse LiIDAR, which measures the Pulse Time of

Flight (PTOF) for range calculation, is fully integrated into the CLEVER hardware system.
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8.2.3 IMPLEMENTATION [LLUSTRATION

Xyz view

Traffic mast arm
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Figure 8.3: The installation illustration of the CLEVER system. Traffic mast is one of the facilities that can install the CLEVER
edge nodes, besides, the overpass, tunnel top surface, L-shape utility pole, and other overhead facilities can be potential

installation locations.

One CLEVER edge node can contain up to four TFo3 LiDAR units to cover four separate
travel lanes. The sensor can be deployed on the traffic mast arm, L-shape arm, overpass, or even
signal light pole in an overhead configuration, as shown in Figure 8.3. The height is adjustable
from two meters to eighty meters above the targets. Each LIDAR unit emits a single laser beam
perpendicular to traffic on the XY plane and measures distances between the sensor and vehicles
passing in front of the sensor continuously with a frequency from 10oHz to rokHz measure-

ments per second. The raw sensor readings (including distance and strength) and timestamp of

each measurement are recorded.
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8.3 ALGORITHMS WORKFLOW

8.3.1  SysTEM INPUT

As in Figure 8.4, the algorithms implemented for the CLEVER system can be divided into four
parts: LIDAR data input, attributes input, the data pre-processing, and classification neural net-
work. Two data sources are used as system input, including the captured distance and strength
captured, as well as the environmental and object-level of attributes captured by sensors, e.g.,
speed limit, time of day, no object height, data record frequency, object contour length and the
object passing duration. Both the LiDAR and attributes information are used for further data
cleaning and pre-processing. Furthermore, a minority-enhancing customized neural network

for vehicle classification is developed and implemented on the edge computing node.

8.3.2 DATA CLEANSING AND PRE-PROCESSING

The data cleansing procedures are used to control and assure the real-time LiDAR features and
attributes information quality. Due to the inherent characteristics of the LIDAR system, the
generated pulse laser beam passes the high transmissive surface (i.e., glass) directly. The only
limited reflective signal is obtained for these surfaces and can not support the range measurement
algorithm. In such cases, obtained data need to be corrected based on the actual application
scenarios. This study proposes a shape-aware data correction workflow. As shown in Figure 8.5,
no meaningful data is received if the laser beam is shot on the vehicle’s front or rear glass. If the
reflective pulse is too weak to analyze, the output data records the range result as an outlier. Due
to the vehicle’s front and rear glass can be closely treated as linear change on the z-axis, a linear

relationship is imputed based on the closest normal records and replacing the outlying LIDAR
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Figure 8.4: The algorithm workflow of CLEVER, including LiDAR and attributes input, data pre-processing component and
classification neural network.
data.

After data correction, vehicle representation sequences are selected and fed to the neural net-
work. To guarantee the vehicle contour is fully captured by the associated sequence, this study

defines the following references:

* Vehicle Starting Point (p})). To guarantee the laser detected a vehicle () instead of other

disturbing objects, I defined that five continuous detection records above 3ocm can be
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Figure 8.5: lllustration of data pre-processing procedures of CLEVER edge nodes. The top figure is the belonged white sedan
captured by a video recorder.

treated as a vehicle head and used the first point as pf).

* Vehicle Representation Sequence Starting Point (s5). To make sure both the vehicle
features and background conditions are fully covered by the sequence, p} serves as the

referring point, and all records with timestamp #,.,; before p}) are valid sequence points.

* Vehicle Ending Point (p’,,,.). To guarantee the sequence recorded the vehicle completely,

the vehicle ending points are defined as five continuous detection records below 20cm.
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Denote the first record of these ending points as p’,,..

* Vehicle Representation Sequence Ending Point (s,,.). 7,,. is the referring point and

all records with timestamp #,a7/ after pf, are valid sequence points. 7, is equal to 2j,,4.

Finally, the vehicle contour representation sequence for vehicle 7 (87) is selected as the input

of the CLEVER-VC. Typical representation sequences are visualized in Figure 8.6.
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Figure 8.6: Vehicles representation sequences examples. The dark blue lines are collected in the urban area and the frequency
is 250Hz. The single container truck sequence (red) is collected at the freeway using 500Hz frequency. Left figures are the
belonged vehicles captured by a video recorder.
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8.4 CLEVER VEHICLE CLASSIFICATION NEURAL NETWORK

To fully capture the vehicle contour features and classify vehicle type, a deep learning approach
— CLEVER vehicle classification (CLEVER VC) neural network for sequential data recognition
is proposed. Inspired by the text data classification models in natural language processing (NLP)
[391, 392], two kinds of typical features, i.e., temporal dependency features and spatial distribu-
tion features, are fully learned and captured in the task. Furthermore, as vehicle representation
sequence is also somehow related to multiple environmental and identity-level attributes, e.g.,
time of day, vehicles contour estimation deviation, the sensor installation location, and speed
limit, building a learnable component to fully integrate the attributes impacts and further co-
operate with spatial and temporal features is another target for the CLEVER VC. In summary,

CLEVER VC takes as inputs vehicle representation sequence (S;) and attributes sequence

(Ai)-

8.4.1 ATTRIBUTES EMBEDDING

Attribute features are part of the classification tasks, and can be easily divided into two types: 1)
the environmental features including the road speed limit (30mpg/6omph) and the time of day;
2) the sensing characteristics of each object, including the total contour representation sequence
length, the data record frequency (250Hz/s00Hz), the no object height and the object passing
duration. Since the impact of these variables in the classification task cannot be fully quantified,
and there may be overlap or superposition, it is crucial to integrate these variables into the frame-
work. Instead of concatenating them with vehicle contour sequence, an embedding component
is designed for these meta-features and is totally integrated into the CLEVER-VC. In general,

the embedding process is to build a learnable procedure for transferring the previous input divi-
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Figure 8.7: The CLEVER VC neural network architecture.

sions into a higher/lower-dimensional vector, which can capture the representation and enlarge

the category feature difference [388, 68]. The mathematical process can be represented as:
W4
Attﬂ; = W a; (8.1)

In equation (1), 4’ is the attribute information belonging to §". The j represents the sequence
internal reference. JW* are the learnable weights, with dimension BPE | which transforms the
input attributes category values 4’ (4’ € A) from original space 4 to the embedding space E” ;.
Each attribute feature has its corresponding mapping matrix to ensure the feature can be mapped
into a suitable space. After embedding, the next step is to concatenate the outputs F* with &
(using SE; to represent the concatenating output). SE; is then used as the input of the convolu-

tional block.
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8.4.2 ConNvoruTioNAL BLrock

Temporal convolutions (or 1D convolution) have proven to be an effective learning model for
time series sequence classification [398, 399]. Fully Convolutional Networks (FCN) [400, 394],
comprised of temporal convolutions, are typically used as feature extractors. Global average
pooling is used to reduce the number of parameters in the model prior to classification. In the
proposed model, the fully convolutional block is paralleled with an attention LSTM block for
capturing the sequential features, as shown in Figure 8.7. The ;’b dimension of its output is

denoted as:

C?Er,lr:v = Ocun * ( Vanv * SE’Z::ijkil + 6) (8.2)

In equation (2), the C?g,” is the jﬂ7 record output after the 1D convolutional layer. And the

1

W cony represents the weight matrix that needs to be trained. 0, is the activation function, and
k is the kernel size of the filter. € is the bias term. The fully convolutional block consists of three
stacked temporal convolutional blocks with filter sizes of 128, 256, and 128, respectively. Each
convolutional block is identical to the convolution block in the CNN architecture proposed by
[391]. Each block consists of a temporal convolutional layer, which is accompanied by batch
normalization followed by a Rectified Linear Unit (ReLU) activation function. Finally, global
average pooling is applied after the final convolution block, where each channel has the average

value.
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8.4.3 AtTENTION LSTM BLOCK

To further capture the input sequence’s temporal dependencies, I introduced the RNN module
into the model. RNN is a widely-used artificial neural network for learning temporal features
in sequences, especially the transportation data sequence. In CLEVER-VC, LSTM structure
is leveraged to capture the sequence dependency features. The main contribution of the RNN
block is that it can transfer and learn the features from the previous input to the future moments.
However, in scenarios requiring long-range information dependence, it is challenging to train a
well-perform RNN because of the gradient vanishing/exploding problems [1].

In each LSTM neuron, there are three gates are contained: input gate 7(,), output gate o,
and forget gate f(, inside a neural. Each gate is controlled by their own weight w® and the
previous neural output b(,_y). Also, the memory cascading process can be divided into two
parts: new memory generation ¢(;y and final memory generation ¢(;). After the last memory is
generated, the new hidden state ;) is raised by the control of output gate o(,). o(,) makes the
assessment regarding what parts of the memory need to be shown in the ;). Figure 8.7 shows
the detailed structure of proposed neural and the mathematical formulations of (3)-(8) show the

LSTM units working procedures in the following:

(1) = O (W (i) + Ui be1)) (8.3)
foy = (Wpx +Uphe-) (8.4)
o(6) = S (Wio)%(e) + Uo) be-1)) (8:5)
() = tanh(Wx) + Uiy h(s—1)) (8.6)

244



o) =S -1y F i) 0 (8.7)
b(t) =0(;)© l‘éll’lb([(t)) (8.8)

In fact, another challenge of vehicle classification based on sequential data is the key region
dependency difference. In the LSTM model, each record of LSTM output using in 4, is treated
equally while used as final input for dimensionality reduction; however, they are more like to
contribute differently to the classification result. For example, the backside of a vehicle is the
key region for distinguishing sedan and an SUV, and the length of the container is the criti-
cal difference between a 20ft or 4oft intermodal container truck. By introducing the attention
mechanism, the sequential dependency can make a difference in the key regions. Specifically,
the attention is essentially the weighted sum of the sequence /;, where the weights are param-
eters learned by the model. In the CELVER VC neural network, one layer attention LSTM
is integrated. Formally, I have the attention-aware LSTM .7, p; calculated by equations (9) and
(10). The o is the weight for the 7, input historical occupancy sequence record. Moreover, the

Q; is defined as (10).

L,
Tp = Z o * by (8.9)
=1
o; = —Texp(ez-j) (8.10)
Zkil €xp(€z'7/e)

In the equation (10), the ¢;; = fa(s;—1, b;) is an alignment model, the output scores how well
the inputaround j’b record and the outputat position 7, aligned. In this research, I use the align-

ment mechanism proposed by [401]. The integrated model directly computes a soft alignment,
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which allows the gradient of the cost function to be backpropagated.

After the two blocks obtain the features, a concatenate layer is used to link both parts’ features
together, and then using a fully connected layer to transfer the original dimension of features to
the number of classes. Finally, by passing a softmax operation layer, the probability of difterent

classes can be obtained.

8.4.4 LossFuncrioN

Considering the task for CLEVER VC is mainly sequential classifications, the cross-entropy
(Lent) [402] loss in training is defined as follows, where ) is the estimated probability of the
probe object that belongs to object /, and y; denotes the ground truth vector while N denotes

the number of identities in training data.

1 X .
Lont = —X[Zyjlog(yj) (8.11)
=1

8.5 EXPERIMENT RESULTS AND DiscUssION

8.5.1 DATASET DESCRIPTION
REAL-WwORLD DaTA COLLECTION

To fully test the potential power of the CLEVER system, the data is collected by me in Seattle
during both daytime and nighttime. As Figure 8.8 shows, LIDAR sensors are installed directly
above the travel lane at overpasses (Figure 8.8 (a)): one site is urban road (speed limit 35 mph,
original height 16.65ft, Figure 8.8 (b)), and the other is freeway (speed limit 6o mph, original

height 24.89ft, Figure 8.8 (c)). A total number of 909 vehicles were captured in the daytime
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Figure 8.8: The data collection illustration. (a) visualize the installation angle of CLEVER compact LiDAR for vehicle represent
sequence collection. (b) and (c) are the two overpasses used for data collection, both located in the city of Seattle, Washington
State, USA.

and 631 vehicles in the nighttime. Vehicles are divided into ten classes: sedan, SUV, minivan,

pickup truck, standard city buses, bi-articulated buses, small trucks (less than 20ft), 20ft con-

tainers trucks, 4oft container trucks, and multi-trailer trucks. To validate the dataset, supporting
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video clips were also recorded.

Except for the real-world dataset, I also collected vehicle sequence data by augmentation (as
shown in Figure 8.9). A Mask R-CNN [150] (with ResNeXt-101-FPN backbone [125]) well-
trained on COCO object detection and segmentation dataset [194] is then implemented to cap-
ture the mask of the vehicle. 100 different kinds of vehicles with real sizes were included: 15 types
of sedans, 15 types of SUVs, 15 types of minivans, 10 types of pickup trucks, s types of standard
city buses, 5 types of bi-articulated buses, 15 types of small trucks (less than 20ft), 1o types of

20ft container trucks, 5 types of 4oft container trucks, and s types of multi-trailer trucks.

DATA AUGMENTATION

After obtaining the masks for augmented data, pixels were matched with real vehicle height. The
highest point on the mask is treated as the exact height (this study used the actual dimension size
of the brand and model for the augmented vehicle). Then, the highest values on the y axis at
every x pixel construct the raw vehicle contour. Furthermore, to simulate the sequence length at
different traffic conditions with different speed limits, this study used the real record numbers in
75% distribution interval of each vehicle type captured from the real dataset as a pool and then
randomly generated the vehicle sequences length for the augmented data. In this procedure, each
vehicle used for augmentation was re-sampled five to ten times with vehicle length distribution.
Ground truth sequence length is treated as a Gaussian distribution, and the re-sampled sequence
length is located in the ((4 — 20), (1t — 20)) interval. Furthermore, by randomly adding the
sequence head and tail through the same procedures of data pre-possessing (I used the actual
non-vehicle LIDAR records as head and tail and tried to introduce the real environment impact),

the vehicle augmentation representation sequence is generated and then fed to training.
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Online collection dataset
(OCD)

Mask RCNN segmentation

Augmentated sequence
generation

Sequence head and tail
imputation

Re-sample

Data augmentation process

Figure 8.9: The data augmentation procedure for CLEVER System. (a), (b), (c) are three examples using in the data augmenta-
tion. Each of them includes original figures, figures passed the Mask R-CNN segmentation and the raw sequence generation
visualization. Due to the raw sequence do not have real meanings except pixel location, the marks of x-axis and y-axis are
both eliminated.

Finally, Table 8.1 summarizes class distribution in the dataset, sample volume, and augmented
sequence volumes. Meanwhile, up-sampling was also conducted for the key original sequence
to make sure the training was balanced.

8.5.2 CLEVER VC NEURAL NETWORK PERFORMANCE EVALUATION

BASELINE MODELS

This study benchmarked CLEVER-VC against five different baselines: three traditional ma-

chine learning approaches and one deep learning approach, including SVM, k-NN, RF, and
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FCN. Each method is briefly described as follows:

* SVM [403] is a well-known linear classifier proposed by Cortes and Vapnik in 1995. By
matching the given sequence data to a higher vector dimension, SVM maps training ex-
amples to points in a new space to maximize the width of the gap between the given cat-
egories. Then, the new examples are mapped to the same space and are predicted which
category it belongs to by the gap size to befall in. The kernel used for optimization in
SVM is a radial basis. In the experiment, the SVM is implemented based on the open-

source Scikit-learn package [404].

* k-NN [405] classification algorithm is a well-known statistical method for pattern recog-
nition. The basic idea is: according to each sample, select the £ nearest neighbors to repre-
sent it, and then further distinguish and compare. Cover and Hart proposed the original
proximity algorithm in 1968. The k-NN is part of the instance-based learning category,
which does not have an explicit learning process. By using the input value as the classifica-
tion feature, it can process directly after receiving the new sample. In this task, the k value
is selected by the algorithm automatically based on the true positive rate (TPR), and the
distance type is Euclidean distance. In this task, the k-NN is implemented based on the

function ’KNN(Classifier’ available in the open-source package ’sequentia’ [406].

* RF [407] is an ensemble learning method and is always used for classification and re-
gression tasks, which operates by constructing multiple decision trees during the train-
ing phase and collecting the bagging weight of trees for result generation. When carrying
the recognition task, the random forest output is the class selected by most trees. The

RF shows the best performance in the previous LIDAR-based vehicle classification task
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[139]. In this task, the number of trees used was 512 and the RF is implemented based

on the open-source Scikit-learn package [404].

* FCN [393, 394] FCN is a special kind of CNN [394]. Usually, the FCN does not have
tully connected layers (FC layers), which can extract more fine-grained information and
reduce the loss of detailed features caused by dimension transition. This structure has
been proved to have an excellent effect in the classification of sequence data than tradi-
tional CNN [408]. In the comparison, a three-layer FCN network with batch normal-
ization and rectified linear unit is used (kernel ). A global pooling layer is connected with
the output for narrowing down the feature dimension. The cross-entropy loss (L) is

used to train the model.

IMPLEMENTATION AND COMPARISON

The detailed experiment parameters used in the model comparison and research implementation

are listed as follows:

* Environment. This study leverages a Linux machine (Ubuntu 18.04.2) with PyTorch
v1.4.0,a Core-i7 7700K CPU. Two NVIDIA TITAN Xp GPUs are used for training the

neural networks.

* Data Split. The total number of vehicles in the dataset (including both natural vehicle
contour and augmented data) is 2401, and 1681 vehicles are selected as training (70%),
240 vehicles (10%) are selected as validation, and the rest part (480 vehicles, 20%) are used
as testing set. To show the power of vision-augmented data, I also train the models by

only using the real collected dataset (1541 vehicles), and the train, validation, and testing



split still follows the 70% (1078), 10% (154) and 20% (309) rule respectively.

Input for Vehicle Classification. In the experiment, the input for the CLEVER VC
and other baseline models includes two parts: the vehicle contour sequence (S;), and the

attributes information (4;, including both environmental and object-level).

CLEVER VC Attributes Embedding. In CLEVER-VC, the integrated two environ-
mental attributes information and the belonged embedding vector dimension include:
1) Time of day to %8, 2) Road speed limit (mph) to %2*. The total length for the envi-
ronmental attributes embedding dimension is 12. Also, the integrated four object-level
attributes information and the belonged embedding vector dimension are as follows: 1)
Contour sequence length (Lezng,) to %', 2) No object height to %2, 3) Passing dura-
tion time (second) to %Z'°, 4) Pulse signal frequency (Hz) to %%. The total length for the

object-level attributes embedding dimension is 36.

Kernel information. The kernel size of three 1D convolutional layers is set as 8, 5, and 3

respectively, which is the same as previous research settings [105, 391].

Number of LSTM neuron. Based on the experiment, the number of LSTM neurons is

64.

Learning rate and optimizer. I use the RMSprop as the optimizer, and the learning rate

changes from 1e — 3 to 0.5¢ — 4. After every so epochs, the learning rate is reduced 1/v/2.

Edge node deployment. The well-trained model is deployed on Jeston Xavier NX, with

PyTorch vi.4.0. The inference procedure consists of three parts: single sequence genera-
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tion, sequence pre-processing, and classification model inference. All three proceduresare

performed on the edge nodes, which can make the model run in a plug-an-play manner.
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Figure 8.10: The performance comparison visualization of the baseline models and CLEVER VC (with the numeric label). It's
clear to see that the classification precision of the minority-class significantly improved compared with other methods.

The detailed model comparison is presented in Table 8.2. Deep learning models outper-
formed traditional approaches both on class-level accuracies and on the overall accuracy. Based
on experiment result, SVM always shows the worst performance; RF is the best traditional
machine-learning model and shows better precision than k-NN and SVM. The same situation
also can be found from the literature [139]. Furthermore, deep learning is proved to be a promis-
ing and encouraging approach in this classification task. The FCN is better than RF by 6%
to 7%. The CLEVER VC shows the best performance in all classes, with the best accuracy
on the sedan with 95.10% (no augmentation) and 96.83% (with augmentation). Furthermore,
the comparison clearly shows all methods failed at the minority classes, such as buses and 40
ft container trucks without data augmentation. However, by including visual augmented data

into the training and evaluation process, the performance on minority classes significantly im-
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Table 8.2: The TPR results comparison of CLEVER VC and baselines. The table is divided into two parts, the top half shows
the result without data augmentation and low half shows the accuracy result with both real and augmented data.

Accuracy (TPR)
Type Class
SVM | k-NN RF FCN | CLEVER VC
Sedan 74.51 75.49 78.43 88.24 95.10
SUV 76.92 79.49 83.33 88.46 92.31
Minivan 52.63 73.68 68.42 78.95 89.47
i | T | 0| v | e
Augmentation o ' ' ' ' )
Bi-articulated bus 66.67 66.67 66.67 66.67 66.67
Small truck 72.73 72.73 81.82 63.64 72.73
20ft containers truck | 77.27 72.73 7.73 86.36 81.82
4oft containers truck | 58.33 58.33 58.33 58.33 66.67
Multi-trailer truck 66.67 | 66.67 | 66.67 | 66.67 66.67
Overall Accuracy 73.65 76.25 79.17 85.33 90.20
Sedan 77.27 78.79 80.30 88.64 | 91.67 (] 3.43)
SUV 78.70 81.48 83.33 90.74 | 95.37 (1 3.006)
Minivan 67.65 70.59 82.35 85.29 88.24(] 1.24)
Pickup Truck . 2. . 2 . 3.80
With Data Stancd;z cit;Cbus ZZZ jzj: i:iz Zézj Zgzz g 294;
Augmentation o ’
Bi-articulated bus 66.67 75.00 75.00 83.33 | 83.33 (1 16.67)
Small truck 69.23 73.08 76.92 76.92 | 88.46 (1 15.73)
20ft containers truck | 73.81 71.43 78.57 85.71 88.10 (1 6.28)
4oft containers truck | 74.07 70.37 81.48 81.48 85.19 (1 6.28)
Multi-trailer truck 66.67 66.67 66.67 77.78 | 88.89 (1 18.52)
Overall Accuracy 75.73 77.18 81.12 87.97 91.70 (1 1.5)
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Table 8.3: The ablation study for the proposed CLEVER VC neural network.

Vehicle Contour Object-level Time of Day Road Speed Limit | TPR 1
Sequence Attributes
v X X X 88.23
v v X X 91.44
v v v X 91.50
v v X v 91.57
v v v v 91.70

proved, with a maximum 18.52% gain of accuracy on the multi-trailer truck. The customized
data augmentation process successfully boosts the performances of minority-class and also lead
to a 1.5% accuracy gain for overall accuracy. The detailed accuracy of each class, with or without
data augmentation procedure, can be found in Table 8.2. The final performance visualization
of each method, and the belong classification confusion matrix can be found in Figure 8.10 and

Figure 8.11.

CLEVER VC ABLATION STUDY

To thoroughly show the effectiveness of different inputs, including the vehicle representative
contour sequence, the object-level sensing attributes, the environmental attributes including
time of day and road speed limit, I devise a set of controlled experiments on the collected vehi-
cle classification dataset. Besides the necessary vehicle representation contour sequence, I elim-
inate exactly one attribute with the same testing dataset for each experiment and test on the
well-trained model. Then, I summarized the before and after true-positive rate, select the best
models by five-fold cross-validation, and summarize the result into the following Table .

From the experiment, the CLEVER VC can reach to 88.23% TPR only using the vehicle
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representation contour sequence. And the object-level attributes and the belonged customized
feature embedding component shows significantly impact to the model precision improvement,
which lead to a 3.21% TPR growth. Furthermore, even with the embedding operation, the
time of day and road speed limit only show negligible contributions (only 0.13% and o.11%
respectively), and eliminating both only triggers the TRP drops 0.20%. Based on the before-after
comparison, the CLEVER System and belong vehicle classification neural network can maintain
the high-precision and stable classification results in various types of road segments and different
time periods. However, the data was mainly collected in the Washington state, somehow with
no extreme sunlight intensity conditions in the afternoon and evening. The time of day might

be more beneficial for estimating the vehicle class for other states and countries.

8.6 SYSTEM EVALUATION

Table 8.4 compares the proposed new traffic sensing framework based on compact high-speed
pulse LIDAR with the state-of-the-art research from both technical and practical aspects. Most
of the previous research ignored system-level optimization. Among five systems, three of them
used the VLP-16 LiDAR 16 beams LiDAR. Though they considered this LIDAR sensor as
cost-effective, it is ten times higher than CLEVER system to cover two travel lanes. Consid-
ering the other hardware cost, including the communication facilities, laptops/server system,
the CLEVER system cost is only around 10% of current cutting-edge solutions. Furthermore,
previous solutions were all processed offline, which transmits collected data to the server or com-
putational facilities where the post-processing was finished. However, CLEVER can work end-
to-end with an average inference time from 212 to 459ms based on the different lengths of

input sequences. Besides affordability and easy-scalability architecture, compared with the cur-
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rent pioneer research solutions, CLEVER was also born with several inherent advantages from
the system perspectives, including negligible power consumption (15% of other systems) and
communication cost (20% of other systems), edge empowered plug-and-play skeleton, online

data processing, and classifications, etc.

8.7 CHAPTER SUMMARY AND FUTURE WORKS

This chapter presents a real-time plug-and-play vehicle counting and classification framework
based on compact pulse LIDAR and edge artificial intelligence. A comprehensive LIDAR pre-
processing workflow is proposed, automatically correcting the outlying values and providing
reliable inputs for the classification algorithm. A customized minority-care vehicle classification
methodology with environmental attribution integration component is customized and fully
integrated into the CLEVER system and achieved significantly leading TPR to other advanced
methodologies. Based on the benchmarking results, the CLEVER system has several advantages
over previous solutions, including only about 10% of sensor and system costs, 15% of power con-
sumption, and 20% of communication cost. Through the edge empowered end-to-end skeleton,
the vehicle counting and classification algorithms can be finished in an online real-time manner.
To build a more powerful and reliable vehicle classification system, future research will focus on
improving algorithm accuracy, especially how to solve the vehicle recognition task under unbal-

anced data distributions.
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Chapter 9. Final Remarks and Envisioning the Future

9.1 RESEARCH CONTRIBUTIONS AND FINDINGS

Trustworthy ML and advanced computing in transportation systems merge dependable ML
models with complex computational methodologies to enhance infrastructure cooperation and
service adaptability. The efficacy of these models is tied directly to their training data and foun-
dational algorithms. In transportation, the customization of trustworthy ML and advanced

computing implies tailoring AI models that exhibit improved reliability, transparency, fairness
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and robustness. These models have undergone comprehensive testing and validation, provide
predictable results, can handle varied data inconsistencies, and are safeguarded against manipu-
lation or deception. The dissertation’s primary findings and research contributions, linked to
the mentioned key topics, are organized into three distinct categories. These works have been

thoroughly executed, documented, and discussed.

9.1.1 PART [: CONTRIBUTIONS ON TRAFFIC PERCEPTION AND DATA ACQUISITION

As the saying goes, one cannot make bricks without straw. An accurate data-driven algorithm
must be supported by a high-quality afluent data set. Thus, one part of my Ph.D. research work
aims to explore novel sensing technologies and to improve the accuracy, efficiency and privacy
of the perception algorithms.

Key Contribution 1. Cooperative Traffic Perception and Operation via Distributed IoT
Systems: In the realm of data-driven solutions, abundant high-quality datasets are the backbone
of effective algorithms. One key area of my doctoral research involves leveraging innovative sens-
ing technologies to augment the accuracy, efficiency, and privacy of traffic perception and oper-
ation algorithms. Chapter 3 introduces the ECoMS system, an inventive algorithmic and edge-
server collaborative structure that integrates edge computing and multi-camera re-identification
to enhance traffic sensing via cooperative IoT architecture. ECoMS optimizes the utilization
of computational resources at both the edges and traffic management centers, enabling efficient
data transmission and the integration of road graph features. This results in an accurate repre-
sentation of network-scale traffic information across various traffic modes—trucks, buses, mo-
torcycles, bicycles, and regular vehicles—within a flexible, economical, and scalable workflow.

Key Contribution 2. Privacy-preserving Perception Methods of Non-motorized Users
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with Edge Al: The rising tide of IoT devices is shifting the design of traffic perception systems
from centralized cloud-based models to edge-of-network architectures. Edge computing is a dis-
tributed computing paradigm that situates computation and data storage closer to data sources,
thereby enabling enhanced speed, reliability, security, and scalability. Furthermore, edge com-
puting provides a platform for video-based pedestrian detection that is sensitive to privacy con-
cerns. In Chapter 7, my research is thus devoted to the video-based perception of non-motorized
users, with a focus on detection, classification, counting, pose estimation and interaction with

traffic infrastructure systems based on customized Edge AI methods.

9.1.2 PARTII: CONTRIBUTIONS ON LEARNING MULTIMODALITY DATA REPRESENTATIONS

To leverage the power of big data and traffic domain knowledge for establishing smarter urban
traffic systems, customizing the machine learning methodologies and integrating the hetero-
geneous representations extracted from the deep neural networks to create physical-informed
models for the traffic tasks has become one of my focuses.

Key Contribution 3. Fusing the Spatial-temporal Sequential Features with Language
and Personal Attributes Features for More Robust, Precise and Interperable ML Mod-
els: In Chapter4 and Chapter s, both proposed new methods incorporates multimodality data
types, inclduing the historical sequential data, real-time sequential data, attributes categorical
data, personal attributes data in the an end-to-end learning scheme. The integration is achieved
via representation learning and heterogeneous feature embedding. Extensive testing shows that
the customized ML models with multimodality data inputs outperform

Key Contribution 4. Integrating the Traffic Priors with Representation Leaning for

More Robust, Precise and Interperable ML Models 6: Currently, city-wide application of
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current congestion predictions methodologies presents significant challenges, including dealing
with varied sensor data modalities, inadequate congestion fluctuation and propagation model-
ing, and poor adaptability to heterogeneous traffic network structures. My research addresses
these issues by integrating urban planning domain priors into a general sequence prediction
model, culminating in the TinT. The TinT model counters receptive field bias with a unique
mix of long and short-range information routing mechanism and features an innovative anisotropic
graph aggregation to capture uneven traffic flow propagation based on orientations. The TinT
model’s efficacy and versatility have been proven through extensive testing against other state-

of-the-art models and across multiple data modalities in six major cities.

9.1.3 PART III: CONTRIBUTIONS ON DEMONSTRATING PILOT COOPERATIVE AND EQUI-

TABLE TRAFFIC INFRASTRUCTURE SYSTEMS

I have been dedicated to enhancing the transportation needs of the elderly and disabled popu-
lations, as well as underserved and disadvantaged groups through the advanced technology cus-
tomization. Currently, the traffic equity research is always closely related with safety and ac-
cessibility, and most applicable systems are in their infancy. To solve the challenges, my related
research and contributions can be summarized into the following parts.

Key Contribution 5. Proposing the Cooperative Traffic Signal Assistance and Warning
System for VRU: In the connected vehicle environment, most improvements primarily focus
on the vehicular side, leaving a significant gap for non-motorized and disabled users. To address
this, I introduced VENUS smart node, a novel infrastructure offering cooperative SPalI services
and warnings. The smart node utilizes tailored computer vision algorithms and artificial intelli-

gence pipelines at the edge to gather necessary user information in a privacy-preserving manner.
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It generates real-time directional crossing requests for each pedestrian and cyclist. Furthermore,
its enhanced communication system enables it to function as a reliable hub, sharing safety mes-
sages and interactions with signal controllers, connected vehicles, and users” personal devices.
Compatible with the connected vehicles environment, the VENUS smart node improves the
signal system cost-effectively due to its adaptability to existing infrastructures.

Key Contribution 6. Bias Mitigation for Learning-based Traffic Perception Models
Through Vision-LiDAR Data Fusion: Given that real-world object distributions are often
uneven and follow a long-tail pattern, deep learning networks may amplify biases and exhibit
unacceptable accuracy for tail classes or uncommon objects with limited training data, leading
to significant precision and equity issues. Therefore, quantifying and mitigating the biases of
these networks in transportation data collection has become imperative. To enhance model fit-
ness, I devised a specific multimodality data fusion mechanism that incorporates visual synthetic
data to improve training for tail classes, yielding up to a 17% accuracy gain for uncommon vehi-

cles, such as bi-articulated buses and multi-trailer trucks.

9.2 FUTURE RESEARCH DIRECTIONS

9.2.1 CUSTOMIZED TRUSTWORTHY FEDERATED LEARNING AND ADVANCED COMPUT-

ING METHODS FOR TRAFFIC SYSTEMS

With more and more edge-computing devices deployed in urban CPSs (cameras, LIDAR, com-
munication devices, other smart sensors), compiling the data to a central server and training
models using the data centrally pose increasing challenges, due to high latency, high communica-
tion cost, and privacy concerns. In my future research, I will keep investigating new distributed

computing approaches, as well as novel machine learning approaches to collect urban data in
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a collaborative and decentralized way (i.e., ubiquitous computing, federated learning). Feder-
ated learning is a promising technology that enables multiple devices to collaboratively learn a
shared model while keeping all the training data locally on each device. This distributed learning
framework has the potential to greatly improve model performances, while reducing the com-

putational load (on servers) and better protecting the privacy of CPS users.

9.2.2 EQUITABLE & COOPERATIVE TRAFFIC INFRASTRUCTURE SYSTEMS

Transportation is a complex system-of-systems that needs to seamlessly and holistically integrate
physical systems (roadways, bridges, devices), digital infrastructure (communication, data, soft-
ware), and humans (users, workers, policy makers), with the central focus to fulfill the needs
of people. This human-system cooperative approach is crucial to develop sensible transporta-
tion solutions that will be accepted and appropriately used. As part of this research direction,
I will identify the factors that limit or facilitate system interactions with humans. I will foster
infrastructure-vehicle cooperation technologies and research, including infrastructure/vehicle
sensing and data collection, cooperative and infrastructure-enabled traffic-vehicle control, and
related issues such as traffic equity and accessibility, cybersecurity (of both vehicles and the in-
frastructure) and privacy protection. Additionally, I will stay dedicated to enhancing the infras-
tructure needs of the elderly and disabled populations, as well as underserved and disadvantaged

groups through cutting-edge technologies and novel methodologies.
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