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Urbanization brings significant opportunities for improved quality of life, but it also poses

complex challenges in transportation, such as safety, efficiency, equity, and privacy concerns.

The widespread deployment of smart city sensors, along with data frommobile devices like on-

board sensors and smartphones, has created a substantial ”big data” environment. This disserta-

tion harnesses this vast amount of data to develop a connected and autonomous transportation

system that enhances safety, equity, and resilience through the adaptation and customization

of machine intelligence. More specifically, the dissertation introduces a three-tiered strategy to

customize machine intelligence in transportation scenarios. Firstly, at the data collection stage,

it employs cyber-physical collaboration to integrate road environment and situational data into

the sensing framework to enhance situational awareness, thereby improving data accuracy and

trustworthiness. Secondly, for data processing and modeling, integrated sensing technologies

are harnessed, synthesizing inputs from various sensors to provide a detailed and comprehen-
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sive understanding of the traffic scene. Finally, at the application level, the dissertation presents

a human-machine interaction framework, utilizing advanced communication technologies to

design customized traffic warning, control, and management systems responsive to diverse user

needs across various scenarios. Additionally, the research enhances the efficiency, utility, reliabil-

ity, and privacy ofmachine intelligence by integrating customized systemswith cutting-edge dis-

tributed computing, extending benefits to a wide array of settings, including under-served rural

and low-income areas. In summary, the dissertation introduces an innovative, situation-aware

machine intelligence system that utilizes distributed computing technology to deliver real-time,

reliable, and personalized traffic services. This system upholds safety, equity, and resilience, en-

suring equitable service across the transportation field.

iv



Contents

1 Chapter 1. Introduction 1
1.1 Research Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Existing Challenges in Transportation Systems . . . . . . . . . . . . 1
1.1.2 Machine Intelligence in Intelligent Transportation Systems . . . . . 3

1.2 Motivation and Challenges in Machine Intelligence . . . . . . . . . . . . . . 6
1.2.1 Negligence of Physical Information . . . . . . . . . . . . . . . . . 7
1.2.2 Isolated Sensing Systems . . . . . . . . . . . . . . . . . . . . . . . 9
1.2.3 Limited User Interactions . . . . . . . . . . . . . . . . . . . . . . 10

1.3 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
1.3.1 Integrating Physical Information for Traffic Sensing . . . . . . . . . 11
1.3.2 Advancing Sensor Cooperation for Complete Scene Understanding . 12
1.3.3 Enhancing Smart and Connected Traffic Infrastructure Systems . . . 13

1.4 Thesis Overview and Contributions . . . . . . . . . . . . . . . . . . . . . 13

2 Chapter 2. Literature Review 21
2.1 Machine Intelligence in Transportation Systems . . . . . . . . . . . . . . . 21
2.2 Machine Intelligence for Cyber-Physical Cooperation . . . . . . . . . . . . 26

2.2.1 Traffic Environment Perception throughMachine Intelligence . . . . 26
2.2.2 Scale-aware Machine Intelligence for Crowd Perception . . . . . . . 29

2.3 Machine Intelligence for Cooperative Sensing Technologies . . . . . . . . . 35
2.3.1 Inter-Sensor Cooperation for Cross-Camera Re-Identification . . . . 35
2.3.2 Intra-Sensor Cooperation for Multi-task Sensing . . . . . . . . . . . 39

2.4 Machine Learning on Edge Artificial Intelligence . . . . . . . . . . . . . . . 42

v



I Adaptive System forResiliencyEnhancement throughCyber-physical
Cooperation 44

3 Chapter3. Real-timeMulti-taskEnvironmentalPercep-
tion System for Traffic Safety Empowered by Edge Ar-
tificial Intelligence 45
3.1 Challenges andMotivations . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.2 Multi-task Sensing Technologies . . . . . . . . . . . . . . . . . . . . . . . 51

3.2.1 Image De-haze & Visibility Estimation . . . . . . . . . . . . . . . . 53
3.2.2 Road Segmentation . . . . . . . . . . . . . . . . . . . . . . . . . . 61
3.2.3 Road Surface Condition Classification . . . . . . . . . . . . . . . . 65

3.3 System Constructs for Edge-Adaption . . . . . . . . . . . . . . . . . . . . 66
3.3.1 Data StreamOptimization on Edge . . . . . . . . . . . . . . . . . 67
3.3.2 Computation Resources Allocation . . . . . . . . . . . . . . . . . 70

3.4 Experiment and Performance Evaluation . . . . . . . . . . . . . . . . . . . 71
3.4.1 Experiment Configuration . . . . . . . . . . . . . . . . . . . . . . 71
3.4.2 Data Description . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
3.4.3 Image De-haze & Visibility Estimation . . . . . . . . . . . . . . . . 73
3.4.4 RoadMask Extraction . . . . . . . . . . . . . . . . . . . . . . . . 75
3.4.5 Road Surface Condition Classification . . . . . . . . . . . . . . . . 76
3.4.6 System Performance Evaluation . . . . . . . . . . . . . . . . . . . 77

3.5 Chapter Summary and Future Works . . . . . . . . . . . . . . . . . . . . . 81

II Situation-aware Machine Intelligence for Active Transportation
Users 89

4 Chapter 4. Scale-Aware Representation Learning Em-
poweredSensing (SARLES) SystemforPedestrianCrowds
Perception in Complex Transportation Scenarios 90
4.1 Challenges andMotivations . . . . . . . . . . . . . . . . . . . . . . . . . . 91
4.2 Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

4.2.1 Encoder-decoder Module for Initial Density Map . . . . . . . . . . 99
4.2.2 Density Map Segmentation and Clustering (DMSC)Module . . . . 102
4.2.3 Local Patch Refinement (LPR)Module . . . . . . . . . . . . . . . 106

4.3 Experiment & Results Evaluation . . . . . . . . . . . . . . . . . . . . . . . 109
4.3.1 Experiment Design & Implementation . . . . . . . . . . . . . . . . 109
4.3.2 EvaluationMetrics . . . . . . . . . . . . . . . . . . . . . . . . . . 109
4.3.3 Data Description . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

vi



4.3.4 Encoder-decoder Performance Evaluation . . . . . . . . . . . . . . 112
4.3.5 DMSC Performance Evaluation . . . . . . . . . . . . . . . . . . . 115
4.3.6 Model Complexity . . . . . . . . . . . . . . . . . . . . . . . . . . 117
4.3.7 Results Evaluation & Analysis . . . . . . . . . . . . . . . . . . . . 119

4.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

III Cooperative SensingTechnologieswithDistributedMachine In-
telligence 127

5 Chapter 5. Real-time IoT System for Multi-camera Ve-
hicle Re-identification 128
5.1 Challenges andMotivations . . . . . . . . . . . . . . . . . . . . . . . . . . 129
5.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

5.2.1 Overall Framework Architecture . . . . . . . . . . . . . . . . . . . 133
5.2.2 Edge-side Methodology . . . . . . . . . . . . . . . . . . . . . . . . 135
5.2.3 Server-side Methodology . . . . . . . . . . . . . . . . . . . . . . . 137
5.2.4 Traffic Sensing by Vehicle Re-ID . . . . . . . . . . . . . . . . . . . 143

5.3 Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145
5.3.1 Dataset Description . . . . . . . . . . . . . . . . . . . . . . . . . 145
5.3.2 Edge-side Experiment . . . . . . . . . . . . . . . . . . . . . . . . . 147
5.3.3 Vehicle Re-ID Experiment . . . . . . . . . . . . . . . . . . . . . . 152
5.3.4 Traffic Information Estimation Evaluation . . . . . . . . . . . . . . 155
5.3.5 System Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . 158

5.4 Conclusions and Future Work . . . . . . . . . . . . . . . . . . . . . . . . 162

6 Chapter 6. Cooperative and Comprehensive Multi-task
SurveillanceSensingand InteractionSystemEmpowered
by Edge Artificial Intelligence 163
6.1 Challenges andMotivations . . . . . . . . . . . . . . . . . . . . . . . . . . 164

6.1.1 Environment Thread . . . . . . . . . . . . . . . . . . . . . . . . . 169
6.1.2 Tracking Thread . . . . . . . . . . . . . . . . . . . . . . . . . . . 177
6.1.3 Object Detection Thread . . . . . . . . . . . . . . . . . . . . . . . 179

6.2 Communication System . . . . . . . . . . . . . . . . . . . . . . . . . . . 180
6.3 Experiment & Sensing Results Evaluation . . . . . . . . . . . . . . . . . . . 181

6.3.1 System Configuration and Settings . . . . . . . . . . . . . . . . . . 181
6.3.2 Environment Sensing . . . . . . . . . . . . . . . . . . . . . . . . . 183
6.3.3 Lane-scale Volume Counting . . . . . . . . . . . . . . . . . . . . . 185
6.3.4 Vehicle SpeedMeasurement . . . . . . . . . . . . . . . . . . . . . 186

vii



6.3.5 Object Classification . . . . . . . . . . . . . . . . . . . . . . . . . 188
6.3.6 Edge Adaption Performance Evaluation . . . . . . . . . . . . . . . 189

6.4 System Implementation & Application Development . . . . . . . . . . . . 191
6.5 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 192

7 Chapter 7. Final Remarks and Envisioning the Future 195
7.1 Research Contributions and Findings . . . . . . . . . . . . . . . . . . . . . 195
7.2 Part I: Contributions on Situation-Aware Sensing Systems . . . . . . . . . . 196
7.3 Part II: Contributions onMultimodal Data Representation Learning . . . . 197
7.4 Part III: Contributions on Demonstrative Cooperative and Equitable Traffic

Infrastructure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197
7.5 Future Research Directions . . . . . . . . . . . . . . . . . . . . . . . . . . 198

7.5.1 Intelligent and Cooperative Infrastructure Systems . . . . . . . . . 198
7.5.2 Intelligent and Cooperative Infrastructure Systems . . . . . . . . . 199
7.5.3 Edge Computing and Federated Learning for Equitable Smart Cities 199

References 224

viii



Listing of figures

1.1 The Architecture of Machine Intelligence in Transportation Community . . 4
1.2 Illustration of the Thesis Organization. . . . . . . . . . . . . . . . . . . . . 16

3.1 Architecture of Edge-MuSE . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.2 Multi-scale Feature ExtractionModule Structure . . . . . . . . . . . . . . . 56
3.3 Filter Weight in the First Convolutional Layer (F1) . . . . . . . . . . . . . . 57
3.4 Data Streaming Optimization on Edge . . . . . . . . . . . . . . . . . . . . 68
3.5 Mapping of Threads to Edge Resources . . . . . . . . . . . . . . . . . . . . 83
3.6 Testbeds Setup in City of Bellevue and Oslo . . . . . . . . . . . . . . . . . 84
3.7 Critical Feature Extraction and Image Dehaze . . . . . . . . . . . . . . . . . 84
3.8 Relationship between Scattering Coefficient β and Attenuation Coefficient γ 85
3.9 Sample RoadMask Extraction Result Demonstration . . . . . . . . . . . . 86
3.10 Feature Map in Four Road Surface Conditions . . . . . . . . . . . . . . . . 87
3.11 Structure of Edge-based and Server-based Communication Systems . . . . . 88

4.1 Representative challenges for pedestrian sensing in transportation scenarios in-
clude (a) highly congested and occlusions, (b) tiny objects and scale changes, (c)
complex background and blur regions, and (d) perspective changes and diverse
density distribution. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.2 The architecture of SARLES system. . . . . . . . . . . . . . . . . . . . . . 98
4.3 The structure of the symmetric fourth-orderEncoder-decodermodule formulti-

scale feature extraction and initial density map generation. . . . . . . . . . . 100
4.4 The structure of residual module designed for multi-scale features extraction. 101
4.5 The structure of Local Patch Refinement (LPR) module. . . . . . . . . . . . 107
4.6 Ablation study for Encoder-decoder Module performance evaluation. . . . . 113
4.7 Some sample results for initial density map segmentation. . . . . . . . . . . 117
4.8 Sample results from comparison on ShanghaiTech Part A . . . . . . . . . . . 123
4.9 Sample results from comparison on the ShanghaiTech Part B . . . . . . . . . 124
4.10 Sample results from comparison on the self-collected dataset . . . . . . . . . 125

ix



5.1 Workflow of RISTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134
5.2 Optimizeddetecting and tracking frameworkon edgedevice. TheYOLOv4de-

tector and Deep SORT tracking with OSNet and Optical flow are customized
for real-time processing. . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

5.3 RISTS_Re-ID workflow on edge servers visualization . . . . . . . . . . . . . 138
5.4 The pose-aware clip-level feature extraction component visualization . . . . . 140
5.5 The detail information of FSV dataset, including 4 camers locations and view

point . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147
5.6 The combination of RISTS edge nodes workflow with Jeston Xavier compu-

tational resources . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148
5.7 TheRISTS_Re-IDFrameworkResultVisualizationonFSVandCityflowdataset153
5.8 Link travel time and average speed distribution estimation comparison . . . . 156
5.9 Area OD estimation and comparison by RISTS . . . . . . . . . . . . . . . 157

6.1 COCO SENSOR System Architecture Illustration. . . . . . . . . . . . . . 167
6.2 Sensing Technologies Architecture . . . . . . . . . . . . . . . . . . . . . . 170
6.3 RoadMask Generation by Integrating Contour Detection andOptical Trajec-

tory Flow . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173
6.4 Image Intensity Value Distribution in Different Road Surface Conditions . . 175
6.5 Dark Channel Value Distribution in Different Road Surface Conditions . . . 176
6.6 The communicationworkflowacross userPIDs, signal controllers and theCOCO

Sensor. The signal phase and timing information, user request, and other mes-
sages can be disseminated via COCO SENSOR to users and the roadside con-
trol unit. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182

6.7 COCO SENSORDeployment in Bellevue Testbed . . . . . . . . . . . . . . 183
6.8 Environment Sensing Results Visualization . . . . . . . . . . . . . . . . . . 184
6.9 Lane-scale Vehicle Counting Demo on Freeway Scenario . . . . . . . . . . . 187
6.10 Radar Cooperated Camera Calibration for Vehicle SpeedMeasurement . . . 188
6.11 Sample Object Detection Results . . . . . . . . . . . . . . . . . . . . . . . 189
6.12 Mobile Application User Interface Visualization for the Warning System . . . 192

x



List of Tables

3.1 Performance of Edge-MuSE on Visibility Estimation in Different Conditions 75
3.2 Road Segmentation Results Validation with IOUmeasurement . . . . . . . 76
3.3 Road Surface Condition Classification Results . . . . . . . . . . . . . . . . 78
3.4 Processing Efficiency Evaluation . . . . . . . . . . . . . . . . . . . . . . . . 79
3.5 Communication Efficiency Evaluation . . . . . . . . . . . . . . . . . . . . 81

4.1 Detailed information about the used datasets . . . . . . . . . . . . . . . . . 111
4.2 Encoder-decodermoduleperformance evaluation results by comparing theden-

sity maps generated from each decoder layer with PSNR and SSIMmetrics on
ShanghaiTechPartA, PartB, and self-collecteddatasets. The last column shows
the improvements of each layer compared to the last layer. . . . . . . . . . . 114

4.3 Ablation study for Encoder-decoder module. The four rows show the results
for different decoder outputs with the DMSC and LPRmodules. The output
of Decoder 4 is the initial density map we used in SARLES system. . . . . . 115

4.4 Ablation study for Encoder-decoder module. The four rows show the results
for different decoder outputs with the DMSC and LPRmodules. The output
of Decoder 4 is the initial density map we used in SARLES system. . . . . . 116

4.5 Ablation study forDMSCmodule. Compared to SARLES system, removal of
DMSC can result in the increase of MAE and MSE, as well as the decrease of
PSNR and SSIM. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

4.6 SARLES system Complexity Analysis . . . . . . . . . . . . . . . . . . . . . 118
4.7 TheDetailed Comparison of Proposed SARLES System and the SOTAMeth-

ods on ShanghaiTech [1] Part A, Part B, UCF-QNRF [2], CityStreet [3] and
Self-collected Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

5.1 TheMulti-object detection and tracking performance on four RISTS edge nodes151
5.2 The RISTS_Re-ID Framework Result Summarization and Comparison with

SOTAMethods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154
5.3 System information of three multi-camera traffic sensing architecture . . . . 159

xi



6.1 Visibility Estimation Performance . . . . . . . . . . . . . . . . . . . . . . . 185
6.2 Road Surface Condition Classification Performance . . . . . . . . . . . . . 186
6.3 MobileNet Object Detection results onMIO-TCD dataset . . . . . . . . . . 189
6.4 Processing Efficiency Evaluation . . . . . . . . . . . . . . . . . . . . . . . . 190

xii



Acknowledgments

With profound gratitude, I reflect upon the journey that has culminated in the completion

of my Ph.D. program in Transportation Engineering at the University of Washington. This

journey has been extraordinary, a confluence of challenges, discoveries, and growth that I could

not have navigated without the assistance and support of a constellation of individuals.

First and foremost, I wish to express my deepest gratitude to my advisor, Prof. Yinhai Wang.

His continuous guidance, timely encouragement, and unwavering support have been founda-

tional throughout my Ph.D. program. The breadth and depth of his knowledge, coupled with

his insightful feedback and passion for transportation engineering, have shaped my research at

every turn. Prof. Wang’smentorship has been extraordinary, and I feel privileged to have learned

under his tutelage. His generosity in sharing his expertise and his contributions to my academic

and personal growth are deeply cherished. He has played a significant role not only inmy studies

but also in my life. Without him, I could never have achieved the success I have reached today.

In addition, I am grateful tomy committeemembers, Prof. EdwardMcCormack, Prof. Xue-

gang (Jeff) Ban, and Prof. Simon Shaolei Du. Their diverse expertise, unique perspectives, and

xiii



incisive criticisms have significantly enhanced the quality of my research work. They have pro-

vided guidance through the intricacies and complexities of the Ph.D. program, strengthening

my resolve and honing my academic focus.

Extending beyond the realm of my committee, I am thankful for the camaraderie, support,

and intellectual stimulation provided by my fellow Ph.D. students and colleagues. The enrich-

ing discussions and collaborations have rendered my time at the University of Washington an

invaluable experience. I extend special gratitude to STAR Lab former members Dr. Hao Frank

Yang, Dr. Ruimin Ke, Dr. Ziyuan Pu, Dr. Zhiyong Cui, Dr. Yifan Zhuang, Dr. Meixin Zhu,

Dr. Wei Sun, Dr. Dennis Tsai, Mr. Mingjian Fu, Mr. Fengze Yang and current members Dr.

Muhammad Monjurul KarimMs, Dr. Shuyi Yin, Mr. Cole Kopca, Mr. Ollie Wiesner, Ms.

Nutvara Jantarathaneewat, Mr. BingzhangWang,Ms. Yan Shi, Mr. Shucheng Zhang, Ms. Sru-

angsaeng Chaikasetsin. Furthermore, I would like to extend my gratitude to my collaborators

and friends, Dr. Xiangyang Guan, Dr. Xi Zhu, Dr. Feilong Wang, Ms. Yiran Zhang, and Dr.

QiangqiangGuo, as well as all my friends and collaborators outside of STARLab. Their insight-

ful feedback, generous assistance, and active support on research projects and coursework have

been pivotal to the successful completion of my journey.

I would like to express my sincerest gratitude to my family, whose unwavering love, support,

and encouragement have been the cornerstone of my entire program. Their steadfast faith, sac-

rifice, and understanding during this challenging period have kept me motivated and inspired.

Most importantly, I extend my deepest gratitude to my beloved wife, Lu Lingjiu. Despite be-

ing in a long-distance relationship for six years, her endless love, encouragement, and support

have been my beacon, inspiring me and giving me strength during the most difficult moments.

I would also like to thank my father, Zhihong Liu, and mother, Linli Zhang, who have been my

xiv



strongest support, enablingme to bravely move forward step by step on the path of exploration.

As I reflect on the broader context of my journey, I owe a significant debt of gratitude to sev-

eral funding agencies and organizations that played a critical role in my Ph.D. program. Among

them, the National Science Foundation, the Federal Highway Administration, the Washington

State Department of Transportation, and the Pacific Northwest Transportation Consortium

stand out for their substantial support. Their financial backing made it feasible for me to delve

into my research work, participate in a range of conferences, and accumulate a wealth of invalu-

able experience within the diverse and dynamic research community. Simultaneously, I wish

to express my immense appreciation to the University of Washington. The institution has not

only provided an exceptional academic environment conducive to rigorous study and innova-

tive thinking but has also granted me the opportunity to pursue my passion for transportation

engineering fervently. The support I received throughout this journey was unwavering and in-

strumental in shaping my academic and personal growth. The roles played by my advisor, com-

mitteemembers, staff, colleagues, funding agencies, family, and friends have been immeasurable,

each contributing uniquely to my journey. Their support echoed in every academic milestone I

achieved and resonated in each personal development I experienced.

At present, as I stand on the threshold of this new phase in my life, the anticipation is both

overwhelming and exhilarating. My role as a researcher, transportation engineer, and lifelong

learner is set to evolve and expand, and I am eager to engage with new challenges. I look for-

ward to continuing my journey, a journey replete with uncertainties and promises, and I am

keen on making meaningful contributions to the field. The future beckons, and I am ready to

embrace it, fortified by the knowledge and experiences I gained duringmy time at theUniversity

of Washington.

xv



1
Chapter 1. Introduction

1.1 Research Background

1.1.1 Existing Challenges in Transportation Systems

Urbanization, characterized by the exponential growth of urban populations, has led to an un-

precedented strain on transportation infrastructure, resulting in serious safety challenges, mo-

bility constraints, and equity disparitieswithin existing transportation systems. Congested roads

1



andoutdated infrastructure have fueled a concerning surge in accidents and fatalities, with traffic

fatalities in the United States reaching 38,824 in 2019, according to theNational Highway Traf-

fic Safety Administration (NHTSA) [4]. Active transportation users and vulnerable road users

face heightened safety risks due to inadequate infrastructure and lack of protective measures,

exacerbated by extreme weather conditions such as heavy snow, rain, or fog [5]. Under-served

regions and low-income communities often bear the brunt of transportation safety challenges,

experiencing disproportionately higher rates of accidents and fatalities.

Resilience emerges as a paramount challenge within existing transportation systems, under-

scoredby the growingdisparity between infrastructure supply and escalating trafficdemands [6].

The strain on transportation networks exacerbates vulnerabilities, particularly during periods

of increased usage or adverse weather conditions. Chronic traffic congestion due to unbalanced

infrastructure supply compromises the reliability and resilience of urban mobility, with inade-

quate capacity to accommodate fluctuating traffic volumes heightening the risk of system fail-

ures and disruptions [7]. Aging infrastructure and inadequate maintenance further leave trans-

portation networks susceptible to damage and prolonged disruptions, emphasizing the need for

strategic investments in infrastructure upgrades, capacity expansion, and disaster preparedness

measures to ensure continuity of service.

Equity remains a persistent andpressing challengewithin transportation systems, asmarginal-

ized communities disproportionately bear the burden of inadequate access to transportation

services, further exacerbating existing social and economic disparities. Limited affordability and

reliability of transportation options create barriers to accessing essential opportunities such as

employment, education, and healthcare, perpetuating socioeconomic inequalities [8]. Low-

income individuals, people with disabilities, and communities of color face disproportionate

2



challenges in accessing transportation services, perpetuating systemic inequities [9]. Addressing

these equity concerns necessitates targeted interventions to enhance accessibility, affordability,

and inclusivity in transportation planning and policymaking, ensuring that all members of so-

ciety benefit from the opportunities presented by urbanization.

1.1.2 Machine Intelligence in Intelligent Transportation Systems

To tackle safety, resilience, and equity challenges, Intelligent Transportation Systems (ITS) have

been introduced, harnessing cutting-edge technologies for transportation applications [10]. Emerg-

ing in the late 20th century, ITS has played a pivotal role in addressing concerns such as traf-

fic congestion, safety risks, and environmental impacts [11]. Initially, ITS efforts were focused

on developing systems for traffic management, electronic toll collection, and real-time traveler

information, laying the groundwork for modern transportation technologies. In recent years,

propelled by advancements in multi-modal data inputs and sensing technologies, the scope of

ITS has expanded significantly, encompassing a diverse array of innovative applications aimed

at addressing complex challenges such as real-time control and prediction within transporta-

tion systems [12, 13]. Leveraging the power of big data, machine intelligence has emerged as a

critical enabler within ITS, empowering systems to analyze vast amounts of data, extract valu-

able insights, and optimize transportation operations in a smart, efficient, and strategic manner.

Within the transportation domain, machine intelligence is defined as an advanced form of com-

puting that enables machines or devices to interact intelligently with their environment, allow-

ing them to take actions that maximize the likelihood of successfully achieving their objectives.

The conceptual framework of machine intelligence in ITS is illustrated in Figure 1.1.

The machine intelligence defined in this thesis can be separated into four key components,

3



Figure 1.1: The Architecture of Machine Intelligence in Transportation Community

4



including 1) Traffic Sensing and Perception; 2) Data Preprocessing and Bias Mitigation; 3) Ma-

chine Learning and TrafficModeling; and 4) Information Dissemination and Traffic Control:

• Traffic Sensing and Perception: This module harnesses cutting-edge technologies to

create a comprehensive sensory network capable of capturing detailed, real-time data on

traffic conditions. Advanced sensors, such as LiDAR, radar, surveillance cameras, and

acoustic sensors, are strategically deployed to collect diverse data types like image data and

point clouds. This real-time sensing is supplemented with data from connected vehicles

and mobile devices, which provide additional layers of information through vehicle-to-

infrastructure (V2I) and vehicle-to-vehicle (V2V) communications. The collected data

serves as the eyes of the ITS, enabling the system to accurately monitor, assess, and re-

act to evolving traffic situations, thereby enhancing responsiveness to emergencies and

improving overall traffic management.

• Data Pre-processing and Bias Mitigation: This crucial module processes the raw data

collected from various sensors to prepare it for analysis. The preprocessing steps involve

data cleaning (removing or correcting corrupted or inaccurate records), data integration

(combining data fromvarious sources into a coherent dataset), andnormalization (scaling

inputs to ensure consistent data interpretation across different systems). Bias mitigation

is particularly important, as it ensures the reliability and fairness of traffic predictions and

management decisions. Techniques such as rebalancing data sets and applying statisti-

cal methods to correct for inherent biases in data collection or algorithmic processing are

implemented to ensure that the output is not only accurate but also equitable across dif-

ferent regions and populations.
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• Machine Learning and TrafficModeling: In this module, sophisticatedmachine learn-

ing techniques are employed to analyze the processed data and develop predictive mod-

els. These models utilize both supervised learning (where the model learns from labeled

historical data to predict traffic patterns) and unsupervised learning (which may discover

newpatterns or anomalieswithout pre-existing labels). The trafficmodeling also incorpo-

rates real-timedata streams to continuously update and refine thepredictions. This allows

the ITS to adapt to unexpected changes, such as accidents or unusual traffic buildup, and

provides foundations for developing simulations and what-if analyses to forecast future

traffic scenarios and plan accordingly.

• Information Dissemination and Traffic Control: The final module translates the in-

sights gained from traffic modeling into actionable strategies. This involves dynamically

managing traffic flow through automated control systems such as adaptive traffic signals,

electronic signage, and congestion pricing mechanisms. Information dissemination is

multi-channel, targeting not only traditional platforms like radio and traffic light systems

but also modern interfaces such as apps and connected vehicle systems, which provide

drivers with real-time updates and rerouting options. This proactive information sharing

and traffic management help mitigate traffic congestion, optimize route efficiency, and

enhance the responsiveness of emergency services, thereby improving the overall safety

and efficiency of the transportation network.

1.2 Motivation and Challenges inMachine Intelligence

With the widespread deployment of advanced sensing technologies and AI-related methods in

the field, ITS is increasingly capable of managing complex traffic dynamics and enhancing road
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safety through real-time data analysis and adaptive decision-making. Despite the considerable

benefits that advancements [14, 15, 16, 17] in machine intelligence have brought to ITS, rating

concerns about its reliability and trustworthiness have impeded further development in the sys-

tem. For example, with the rapid expansion of sensor networks and an increase in sensing tasks,

the centralized computing framework struggles to keep pace. Additionally, limited cross-sensor

cooperation has severely restricted network-scale data collection and information estimation.

The machine learning community faces further challenges with multimodality data formats,

unbalanced training data, and issues with algorithm reliability and robustness, which can de-

grade the ability to generalize these algorithms to real-world application scenarios. Moreover,

the quality of data in ITS applications can be compromised by adverse conditions that nega-

tively impact traffic sensing. This thesis summarizes the challenges of machine intelligence in

the following three main aspects: 1) Insufficient physical information; 2) Isolated sensors

and data; 3) Lack of interactions with users

1.2.1 Negligence of Physical Information

Neglecting physical information in Intelligent Transportation Systems (ITS) presents a complex

array of challenges that significantly impair the system’s effectiveness and safety [18]. This neg-

ligence stems primarily from an over-reliance on models and data that do not adequately reflect

the current state of the physical environment [19], leading to decisions that are not optimally

informed or adapted to real-world conditions.

Physical information, such as real-time weather conditions [20], road surface status [21], and

dynamic changes in traffic patterns [22], is critical for the accurate functioning of ITS. When

systems fail to incorporate this data, their ability to make sound decisions is compromised. For
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example, sensor technologies crucial for the operation of autonomous vehicles or traffic moni-

toring may falter under varying environmental conditions like fog or heavy rain, which distort

the accuracy of the data collected. Similarly, if ITS does not adapt to the abrupt changes in traf-

fic flow caused by temporary events or accidents, they might not manage traffic efficiently or

safely.

Moreover, the physical characteristics of the infrastructure itself, such as road quality [23]

and layout variations [24], are often underrepresented in the data models used by ITS. This

oversight can lead to navigation errors in autonomous driving systems and inefficient routing

in traffic management systems, as the algorithms may not be trained to handle the anomalies of

less-maintained roads or temporary road signs.

Finally, the behavior of different road users [25], including pedestrians, cyclists, and differ-

ent types of vehicles, introduces further complexities. A system that overlooks these variations

maymisinterpret critical cues necessary to predict and react appropriately to the actions of these

users. This can lead to increased risk of accidents and inefficiencies in traffic flow, particularly in

urban environments where the interaction between various types of road users is frequent and

unpredictable.

In essence, the challenge of neglecting physical information is a multi-dimensional problem

that affects all aspects of ITS operation—from perception and decision-making to adaptability

and compliance [26]. This issue underscores the critical need for systems that can integrate and

interpret physical data accurately and in real-time to ensure the safety, efficiency, and reliability

of modern transportation networks.
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1.2.2 Isolated Sensing Systems

ITS relies heavily on diverse sensing technologies tomonitor andmanage traffic flows effectively.

However, a significant impediment arises from the fact thatmany of these sensors operate in iso-

lation, without substantial inter-sensor communication or data fusion [27]. This isolated oper-

ation can severely limit the systems’ ability to form a holistic understanding of traffic scenarios,

leading to compromised decision-making and operational inefficiencies.

One of the primary challenges associated with isolated sensors in ITS is the creation and per-

petuation of data silos [28]. Each sensor type typically collects specific types of data, optimized

for particular tasks. For instance, cameras provide visual records of the environment [20], radar

offers robust distancemeasurements [29], andLiDARcaptures precise three-dimensional infor-

mation [30]. When these sensors operate independently, the data collected remains underuti-

lized for comprehensive scene analysis, as the integration of this diverse data could significantly

enhance the accuracy and reliability of traffic assessments.

Furthermore, the lack of cooperation among different sensor systems can lead to biased data

interpretations and analytics [31]. For example, a camera-based system might interpret a scene

differently from a radar-based system, leading to conflicting data about the same traffic scenario.

This discrepancy can introduce bias, particularly in dynamic and complex environments where

the interpretation of traffic elements can be highly variable. The consequences of such biases

manifest in reduced efficiency of traffic management and control systems, potentially exacer-

bating traffic congestion and increasing the risk of accidents.

Another critical impact of sensor isolation is the vulnerability to external factors [32], such

as weather conditions [20] or sensor malfunctions [33]. Isolated sensors cannot compensate

for each other’s weaknesses. For instance, cameras might fail to capture clear imagery in foggy
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conditions, whereas radar could provide reliable data. Without a mechanism to integrate these

complementary data sources, the overall system’s effectiveness is diminished, especially under

challenging conditions.

In summary, the deployment of diverse sensors in ITS has vastly improved trafficmonitoring

and management. However, the full potential of these technologies remains limited by issues

related to data isolation, which impedes the development of a unified and accurate view of traffic

situations. This challenge continues to affect the operational effectiveness of ITS, highlighting

the need for improved handling of sensor data within these complex systems.

1.2.3 Limited User Interactions

In ITS, the engagement between the system and its users is critical for optimizing functionality

and enhancing user satisfaction. However, one significant challenge that persists within ITS

is the lack of meaningful interactions with users. [34] This disconnect not only hampers the

ability of machine intelligence to grasp the true needs and preferences of users but also restricts

the system’s capacity to offer personalized services and targeted assistance to those in need.

ITS systems are primarily designed to manage and improve traffic efficiency at a macro level,

focusing on general traffic flow rather than individual user experience [35, 36]. As a result, these

systems often fail to capture detailed user-specific data that could informmore personalized ser-

vice offerings. Without direct and continuous user feedback, ITS cannot effectively adapt to

changing user preferences or identify unique user requirements. [12] This lack of personaliza-

tion can lead to a one-size-fits-all approachwhere the nuanced needs of different users, especially

vulnerable groups such as the elderly or disabled,might be overlookedor inadequately addressed.

Moreover, the absence of interactive mechanisms within ITS means that the systems are of-
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ten unable to learn from user behavior in real-time [37]. Machine learning algorithms depend

heavily on diverse and dynamic datasets to refine their predictions and functionalities. Without

access to ongoing user interaction data, these algorithmsmiss out on valuable insights that could

enhance their accuracy and relevance [38]. This limitation not only affects the system’s ability

to evolve and improve over time but also reduces its effectiveness in responding to immediate

and specific user needs during critical situations.

The lack of user interaction also poses a challenge in emergency and non-standard situations

where user input could significantly alter system response [39, 40]. For instance, in scenarios

where road conditions suddenly deteriorate or unexpected events occur, real-time user feedback

could be instrumental in recalibrating the system’s responses more effectively. Without this in-

put, ITS may continue to operate based on outdated or irrelevant data, potentially compromis-

ing both safety and efficiency.

In summary, the limited interaction with users within ITS frameworks stands as a substantial

barrier to achieving truly responsive and user-centric transportation solutions. This challenge

underscores the need for ITS to incorporate more direct and continuous channels for user feed-

back, ensuring that the system remains adaptable and responsive to the specific requirements

and preferences of its users.

1.3 ResearchObjectives

1.3.1 Integrating Physical Information for Traffic Sensing

This research aims to significantly enhance IntelligentTransportation Systems (ITS) by develop-

ing a situation-aware sensing system that effectively integrates physical information from a vari-

ety of transportation scenarios. Current ITS implementations often underperform due to their
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inability to incorporate contextual physical data—such as environmental conditions and traf-

fic densities—resulting in inaccuracies and system failures with serious implications for traffic

management and safety. This project seeks to bridge these critical gaps by employing advanced

machine learning algorithms to develop robust models capable of adapting in real-time to di-

verse transportation conditions. The objective is to ensure optimal performance under various

weather, road, lighting, traffic, and community conditions, thereby enhancing the scalability,

reliability, resilience, and accuracy of the system. By achieving this, the research aims to estab-

lish a scalable, adaptive ITS infrastructure that can effectively handle complex datasets, leading

to marked improvements in traffic management and safety outcomes.

1.3.2 Advancing Sensor Cooperation for Complete Scene Understanding

This research focuses on advancing ITS by developing an integrated sensing system that enables

comprehensive scene understanding through enhanced sensor cooperation. The objective is to

establish a situation-aware cooperative framework among sensors of different types, locations,

and times, leveraging distributedmachine intelligence to process and analyze data directly at the

edge of the network. This approach not only facilitates a holistic view of traffic scenarios but

also customizes machine intelligence to tailor responses specifically to current traffic conditions

using edge computing. By decentralizing data processing, this system enhances responsiveness

and reduces latency, providing deeper insights and amore comprehensive understanding to both

road users and transportation agencies. The integration of edge computing allows for more in-

formed and timely decision-making, leading to optimized trafficmanagement, heightened safety

measures, and improved efficiency in daily traffic operations and emergency responses. This re-

search aims to transform sensor data into actionable intelligence, fostering amore connected and
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intelligent transportation network.

1.3.3 Enhancing Smart and Connected Traffic Infrastructure Systems

This research aims to enhance machine intelligence in ITS by focusing on the dynamic interac-

tions between the system and users, encompassing both road users and transportation agencies.

The objective is to develop a smart and connected traffic infrastructure that integrates user in-

puts and feedback to tailormachine intelligence for customized services. By leveraging these user

interactions, the system can adapt and evolve, offering personalized solutions that meet the spe-

cific needs of different user groups. Furthermore, the continual integration of user-generated

data enables the machine intelligence to refine its algorithms and improve performance across

various transportation scenarios. This approach not only enhances user satisfaction and engage-

ment but also ensures that the system’s capabilities are finely tuned to the evolving demands

of traffic management and safety. Through this user centering innovation, the project seeks

to create a more responsive and adaptive ITS that excels in customization and delivers superior

performance in diverse traffic environments.

1.4 Thesis Overview and Contributions

This thesis investigates three key tasks for building smart and connected infrastructure systems

with customized machine intelligence aiming at transportation safety, resilience, and equity en-

hancement. The contributions can be divided into three finished components:

• Proposing Situation-Aware Sensing Systems:This research centers on the development

of situation-aware sensing systems that integrate physical information from transporta-

tion scenarios into the sensing framework, enhancing the reliability, resilience, and ac-
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curacy of traffic perception. The thesis unfolds through two primary research areas: 1)

Integration of road environmental conditions, including weather and road surface states,

to construct an adaptive sensing system capable of performing optimally under various

weather conditions. 2) Development of a scale-aware perception system designed to de-

tect pedestrians across varying density conditions, effectively addressing challenges such

as occlusion, small object detection, and scale variability.

• Developing a Novel Multimodal Data Representation Learning System: This re-

search enhances sensor cooperation for comprehensive traffic scene understanding. It

introduces a novel multimodal data representation learning system that allows sensors

of various types, placed in different locations and times, to collaborate effectively. The

thesis explores two primary research areas: 1) Integration of diverse sensors located at a

single point to provide a holistic view of traffic conditions. This includes the assimilation

of data on weather conditions, visibility, road surface conditions, traffic volume by type,

driving speeds, and other pertinent information to forge a detailed understanding of spe-

cific traffic scenes. 2) Synchronization of sensors dispersed across different locations to

construct an overarching view of the traffic network. The research introduces an inno-

vative framework designed to extract the appearance and orientation details of vehicles.

This facilitates the identification of the same vehicles across multiple cameras, enabling

the estimation of travel times and trajectories which are critical for assessing the overall

traffic network status.

• Building Demonstrative Cooperative and Equitable Traffic Infrastructure: This re-

search focuses on the development of demonstrative, cooperative, and equitable traffic

infrastructure systems. The thesis introduces research that utilizes real-time traffic vol-
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ume data to implement predictive dynamic reversible lane control. This system aims to

optimize the traffic flow within a road segment by dynamically adjusting lane directions

based on current traffic conditions. The predictive control model captures and utilizes

user reactions and interactions as ground truth data.

Chapter 2 Literature ReviewRepresentation 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. In the

field of transportation, representation learning has become increasingly important in recent

years as it has been applied to various tasks such as traffic prediction, pattern aggregation, ob-

ject detection and tracking. In this chapter, the discussion will be focused on the overview and

mechanism of representation 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 coop-

erative perception and learning multi-Modality data representations for unbalanced data distri-

butions, together with edge artificial intelligence in ITS.

Part I. Adaptive System for Resiliency and Equity Enhancement through

Cyber-physical Cooperation

Chapter 3: Real-timeMulti-task Environmental Perception System for Traffic Safety Em-

powered by Edge Artificial Intelligence. Traffic safety, reliability, and resilience are signifi-

cantly influenced by environmental factors such as visibility, road surface, and weather condi-

tions. Yet, currentmonitoringmethods, includingweather stations and onboard environmental

sensors, often fall short due to their high costs, significant latency, and limited dissemination.
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This paper presents the Edge-based Multi-task Safety-oriented Environmental (Edge-MuSE)

sensing system, designed to address these traffic safety challenges associated with environmental

factors. Edge-MuSE departs from traditional single-task sensing methods by performing multi-

dimensional traffic environment perception tasks. It estimates key safety-related environmental

factors exclusively through camera inputs and incorporates four innovative sensing tasks: visi-

bility estimation, image dehazing, road segmentation, and road surface condition classification.

The system is tailored to edge devices to transition computational loads from central servers to

distributed nodes, thereby enhancing privacy and reducing latency. Additionally, Edge-MuSE

integrates communication functions based on TCP/IP andWi-Fi protocols, enabling rapid dis-

semination of sensing results and warning messages to local road users. System structures and

data streaming have been optimized to accommodate the constraints of edge devices, ensuring

high-efficiency edge computing. Field testing of Edge-MuSE in multiple testbeds in Bellevue

(WA, US) and Oslo (Norway) has demonstrated its reliable and precise performance in percep-

tion tasks (92.15% accuracy in visibility estimation and 92.25% in road surface condition classi-

fication) as well as an impressive processing speed of 21.3 FPS. As such, Edge-MuSE presents a

promising solution for enhancing roadway safety, efficiency, and resilience.

Chapter 4: Scale-Aware Representation Learning Empowered Sensing (SARLES) Sys-

tem for Pedestrian Crowds Perception in Complex Transportation Scenarios. Pedestrians

are important yet vulnerable users in modern transportation systems, which account for 50%

of global fatal road traffic injuries. However, most of the existing sensing models, including

detection-based, regression-based, and density estimation methods, are developed based on pre-

settings and struggle to cope with complicated transportation scenarios. As a result, the paper

proposes an ensemble sensing scheme, Scale-Aware Representation Learning Empowered Sens-
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ing (SARLES) system, for detecting and sensing pedestrians in various transportation scenar-

ios. The study addresses the common challenges for accurate pedestrian sensing in transporta-

tion scenarios, including occlusion, complex backgrounds, scale variation, diverse distribution,

perspective changes, small objects, and blurred regions. The system comprises three innova-

tive modules: Encoder-decoder, Density Map Segmentation & Clustering (DMSC), and Local

PatchRefinement (LPR). Firstly, the Encoder-decodermodule captures global contextual infor-

mation and handles the scale variability of pedestrians. Secondly, the DMSCmodule segments

the initial density map into multiple local patches based on the density features and generates

patches with stable scale and density distributions. Finally, the LPR module utilizes an ensem-

ble FCN network with various kernel sizes to extract accurate local features from every input

patch based on its density and scale features for density map refinements. In summary, the inte-

gration of three innovativemodules addresses the common challenges, making it a powerful tool

for detecting and counting diverse distributed pedestrian groups in complex transportation sce-

narios. Extensive experiments on three challenging benchmarks indicate superior performance

in comparison to the existing state-of-the-art methods.

Part II. Cooperative SensingTechnologieswithDistributedMachine Intel-

ligence

Chapter 5: RISTS: Real-time IoT System for Traffic Sensing by Edge Computing and

Multi-camera Vehicle Re-identification. Traffic surveillance cameras are like the eyes of the In-

telligentTransportation Systems (ITS).However, each camera is isolated and can only extract in-

formation from the fixed camera view. Tomake the cities enjoy the smart surveillance system, the

research teamproposedRISTS, aReal-time IoT system for traffic sensing. RISTSpresents novel
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algorithmic and system constructs to push deep learning and multi-camera Re-identification

workflow serving for traffic sensing next to IoT devices. On the algorithm side, RISTS pro-

poses a customized edge-based computer vision framework for vehicle detection, tracking, and

representation selection in a real-time manner. Then, by only sending objects’ representations

to the dataset center, the high-bandwidth data transmission and the heavy post-processing sys-

tem can be abandoned. Furthermore, a customized clip-based vehicle Re-identification pipeline

is proposed and integrated into the RISTS, and it 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 kernel density estimation with kernel smoother is implemented into the traf-

fic information distribution estimation, which can get a precise and reliable result (less than

1.01 KL distance). By maximizing cooperation of the edges and Traffic Management Centers

(TMCs) computational resources, orchestrating data transmission, and integrating road net-

work graph features, RISTS can precisely model the network-scale traffic information in a flex-

ible, cost-effective, and easy-scalability workflow, leading to a more advanced and efficient ITS.

Part III. Connected and Smart Infrastructure System for Dynamic Traffic

Control

Chapter 6: Cooperative and Comprehensive Multi-task Surveillance Sensing and Interac-

tion System Empowered by Edge Artificial Intelligence. Numerous sensors were introduced

to the intelligent transportation system (ITS) in the past decade. As a result, new sensing tech-

nologies and the generated data attracted more and more attention, which brought new chal-

lenges to ITS like redundant sensors, huge maintenance costs, and data explosion. To satisfy

the core demands of traffic agencies in a more effective and efficient way, therefore, the paper
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proposes the idea of ”Sensing as a Service (SaaS)” and implements it toCooperative andCompre-

hensive Smart Edge Node for Sensing and OpeRation (COCO SENSOR) system for practical

deployments. COCO-SENSOR is an innovative multi-task sensing system, which is developed

to address the key practical applications, including real-time vehicle counting and recognition,

road surface condition classification, visibility estimation and live communication among traf-

fic controllers and road users only in one unit. COCO-SENSOR introduced customized co-

operative sensing and parallel computation mechanism to increase the perception accuracy and

efficiency with limited computation resources on the edge device. In collaboration with the

Washington State Department of Transportation and the City of Bellevue, a field experiment

was conducted to test the system’s performance. The results of the experiment showed that the

COCO-SENSOR effectively fills the gap between sensing and traffic services and successfully

executed four practical applications, including traffic volume counting by vehicle type, traffic

status detection, road visibility estimation, and road surface condition classification, with high

accuracy. Additionally, a mobile appwas developed for both trafficmanagers and users to access

comprehensive traffic information and live warning messages.

Chapter 7 Final Remarks and Envisioning the Future.
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2
Chapter 2. Literature Review

2.1 Machine Intelligence in Transportation Systems

With the rapid development of data science, a lot of sensors are applied in transportation sys-

tems, including those embedded in vehicles, infrastructure, andmobile devices [35]. These sen-

sors continuously gather data on various aspects such as traffic flow [41], vehicle speeds [42],

road conditions [36], and environmental factors [20]. Additionally, numerous transportation-

related mobile apps[43, 44, 45], such as navigation tools and ride-sharing platforms, as well as
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social media platforms, generate a vast amount of transportation-related data. This immense

volume of data provides a comprehensive, real-time view of the transportation network, essen-

tial for effective decision-making and system optimization.

Machine intelligence, defined as advanced computing that enables a machine or device to in-

teract intelligently with its environment, is revolutionizing transportation systems by signifi-

cantly enhancing their safety, equity, and resilience. By leveraging the data collected from var-

ious sources, machine intelligence processes and analyzes this information to extract meaning-

ful insights. These insights drive the development of intelligent systems capable of making au-

tonomous decisions [46], predicting future trends [47], and optimizing operational efficiency

[48]. In the transportation field, the introduction of machine intelligence aims to harness the

power of big data and translate it into real-world applications that improve traffic safety, en-

sure equitable access to transportation resources, enhance mobility, and bolster the resilience

of transportation networks. For instance, machine intelligence can predict and mitigate traffic

congestion [49], optimize public transportation schedules [50], and enhance the reliability and

safety of autonomous vehicles. Furthermore, by addressing biases in data processing and ensur-

ing fair representation, machine intelligence helps create more inclusive transportation systems

that serve diverse communities equitably [51].

Machine intelligence is implemented in transportation systems from the following four as-

pects: traffic sensing and perception for data collection, bias mitigation for data pre-processing,

machine learning or AI methods for traffic modeling, and information dissemination. Traffic

sensing and perception [36, 20] involve the deployment of various sensors to gather real-time

data on traffic conditions, vehicle movements, and environmental factors, providing a compre-

hensive view of the transportation network. Data processing and bias mitigation [52, 53] focus
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on cleaning, integrating, and analyzing the collected data while addressing potential biases to en-

sure accurate and equitable outcomes. Machine learning for traffic systemmodeling utilizes ad-

vanced algorithms to simulate traffic scenarios, predict trends, and optimize trafficmanagement

strategies, continuously learning and adapting to new data for improved accuracy and reliability

[54, 47, 55]. Communication centers serve as the hubs for disseminating information, integrat-

ing data from multiple sources, and providing stakeholders, including transportation agencies,

drivers, and pedestrians, with real-time updates and actionable insights to enhance situational

awareness and response [35, 9]. Together, these components enable the effective application

of machine intelligence in transportation, driving improvements in efficiency, safety, and user

experience.

• Traffic Sensing and Perception for Data Collection: Traffic sensing and perception are

critical for gathering real-time data on traffic conditions [56], vehicle movements [57],

and environmental factors [20]. This is achieved through the deployment of advanced

sensors such as high-resolution cameras, LiDAR, radar, GPS, and environmental sen-

sors. The comprehensive coverage provided by these sensors allows for continuous data

collection, ensuring that transportation systems can monitor traffic flow, vehicle speeds,

road conditions, and weather conditions accurately. The effectiveness of this aspect lies

in its ability to provide a real-time stream of data, which is crucial for timely decision-

making and responsive traffic management. For instance, in smart cities, traffic sensors

detect congestion in real-time, enabling dynamic traffic signal adjustments and rerouting

of vehicles to prevent bottlenecks and reduce travel time. This capability enhances overall

traffic efficiency and contributes to safer and more reliable transportation systems.

• BiasMitigation forData Pre-Processing: Data processing andbiasmitigation are essen-
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tial to ensure the accuracy and equity of the data used in transportation systems [52]. Col-

lected data often contains noise, errors, and inconsistencies, which are addressed through

data cleaning processes. Integration techniques combine data frommultiple sources, pro-

viding a unified and reliable dataset for analysis [53]. Bias detection and mitigation tech-

niques, such as re-sampling, re-weighting, and algorithmic adjustments, are implemented

to ensure that machine learning models produce fair and equitable results. The perfor-

mance of this aspect is demonstrated by the ability to create fair and inclusive transporta-

tion systems that do not disproportionately impact certain communities or demographic

groups [51]. For example, in predictive policing, bias mitigation ensures that traffic en-

forcement does not unfairly target specific neighborhoods or populations, thereby pro-

moting social equity and trust in the transportation system.

• Machine Learning or AI Methods for Traffic Modeling: Machine learning and AI

methods are employed to simulate traffic scenarios [49, 58, 59, 60, 54, 47, 61, 62], pre-

dict trends, and optimize traffic management strategies. These advanced algorithms cre-

ate detailed simulations of traffic conditions, considering various factors such as vehicle

behavior, road infrastructure, and environmental influences. Predictive models forecast

future traffic conditions based on historical and real-time data, allowing transportation

agencies to implement proactive measures to mitigate issues such as congestion and ac-

cidents. Optimization algorithms enhance traffic management strategies by optimizing

traffic signal timings, routing plans, and resource allocation. The continuous learning ca-

pability of these models ensures they remain accurate and relevant even as traffic patterns

evolve. The effectiveness of this aspect is evident in smart traffic management systems,

where AI-driven models predict peak traffic times and dynamically adjust traffic signals
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to improve flow, reduce congestion, and enhance road safety.

• Information Dissemination: Information dissemination is the process of sharing real-

time data and insights with stakeholders, including transportation agencies, drivers, and

pedestrians, to enhance situational awareness and response. Communication centers in-

tegrate data fromvarious sensors, transportationmanagement systems, and external sources

such asweather reports and socialmedia. This integrateddata is thendisseminated through

channels such as traffic management systems, mobile apps, dynamic message signs, and

social media platforms. The processed data is transformed into actionable insights, en-

abling stakeholders to make informed decisions and implement effective strategies. The

performance of this aspect is demonstrated by the enhanced situational awareness for all

stakeholders, contributing to amore resilient and responsive transportation network. For

example, real-time traffic updates provided to drivers through mobile apps help them

avoid congested routes and reach their destinations more efficiently, while transportation

agencies can promptly respond to incidents, ensuring smoother traffic flow and improved

safety.

In summary, these components showcase the performance and effectiveness of machine in-

telligence in transportation systems, driving improvements in efficiency, safety, and user expe-

rience. By leveraging advanced sensing technologies, robust data processing, sophisticated ma-

chine learningmodels, and efficient information dissemination, transportation systems become

more intelligent, responsive, and adaptive, ultimately enhancing urban mobility.
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2.2 Machine Intelligence for Cyber-Physical Cooperation

Machine intelligence significantly enhances cyber-physical cooperation in transportation sys-

tems by integrating advanced sensing technologies and AI algorithms to improve both traffic

environment perception and crowd sensing. For example, in traffic environment perception,

research has historically focused on the impact of weather conditions on traffic safety, leading

to the development of sensors like thermal cameras, intelligent active sensors, and LiDAR sys-

tems. These sensors provide real-time data on road and weather conditions, enabling precise

identification and differentiation of road types and conditions, such as dry, wet, snow, and ice,

through sensor fusion techniques. Similarly, in crowd sensing, detection-based methods using

deep learning algorithms like R-CNN and YOLO have become popular for their ability to de-

tect and track pedestrians in complex, high-density scenarios. Thesemethods address challenges

such as occlusions and cluttered backgrounds by focusing on local features like head, face, or

skeleton, thereby improving detection accuracy. Moreover, edge-based sensing methods, exem-

plifiedby theEdge-MuSE system, enhance real-time responsiveness and inclusivity byprocessing

data locally and providing multi-task sensing capabilities, which is especially beneficial for un-

derserved areas. Overall, the implementation of machine intelligence in cyber-physical systems

leverages advanced sensing andAI to create amore responsive, efficient, and safer transportation

network.

2.2.1 Traffic Environment Perception throughMachine Intelligence

Traffic environment sensing has been a cornerstone in transportation safety research for over

five decades [63, 35]. Throughout the previous century, a substantial portion of the research

was dedicated to understanding the influence of extreme weather conditions on traffic safety
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[64] [65]. These studies meticulously outlined critical weather factors impacting traffic safety,

which encompassed temperature, rainfall, sunlight, dry spell duration, wind speed, humidity,

low visibility, and snowfall. Such research underscored the profound effect of weather on traf-

fic safety, thereby advocating for solutions to tackle associated challenges. As we ventured into

the present century, many researchers sought to incorporate weather information from allied

fields to gather data on traffic environment for accident analysis and prevention [66, 67]. These

pioneering studies yielded significant achievements and paved the way for the adoption of many

advanced sensing technologies in the transportation community.

Weather stations, commonly installed by transportation agencies, are a widely used form of

traffic environment sensing system [68]. They are equipped with capabilities for monitoring

temperature and humidity, forecasting weather, and measuring visibility [69]. The data they

collect is publicly accessible and is typically updated every five minutes. However, their main

benefits are for transportation agencies in management roles rather than providing direct bene-

fits for road users, owing to high operational costs and deployment challenges. To improve the

situation, in recent years, taking advantage of the fast-evolving sensing technologies, more and

more advanced sensors have been introduced in the community to provide accurate, timely, and

direct environmental information to road users. Thermal cameras [70] can detect temperature

differences, which is useful for identifying road surface conditions, but their performance may

be compromised in conditions where the temperature is uniformly distributed. Jonson [71] in-

troduced an intelligent active sensor installed on roads tomonitor road surface conditions based

on freezing point detection. Similarly, sensing systems mounted on vehicle tires have been pro-

posed [72] to estimate road surface conditions via road-tire friction sensing. Kutila et al. [73]

proposed a road condition monitoring algorithm that merges a LiARD and a stereo camera.
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With sensor fusion techniques, this method achieved a 95% accuracy rate in differentiating be-

tween various road types, such as dry, wet, snow, and ice.

The recent advancements in computer vision and AI technologies have introduced image

data-based environment sensing methodologies for traffic condition monitoring [25, 74]. Cer-

tain research works adopt sensor fusion strategies, integrating inputs fromweather information

sensing systems and cameras. For instance, Jonsson [75] devised a road condition classification

model, harmonizing weather data and road image data, which attained an accuracy exceeding

90%. The primary challenge for such a method lies in reconciling disparate data sources. As a

result, these methods rely heavily on the sensors’ precise locations, hindering wide deployment

due to spatial constraints. To enhance the flexibility of the sensing system, numerous studies

proposed methods solely reliant on camera inputs. For example, Mohamed et al. [76] used im-

ages from freewaywebcams to train detectionmodels based onConvolutionalNeuralNetworks

(CNN), a leading-edge deep learning technique, for road condition classification. Similarly,

Pan et al. [77] contrasted several deep-learning CNN models, such as ResNet50, Inception-

V3, VGG16, and Xception, to address the road surface condition classification problem. In

2021, a modified ResNet18 was proposed [78] for weather and road surface condition detec-

tion, achieving accuracy levels of 97% and 99%, respectively. The study emphasized the utility

of road surface area segmentation systems in enhancing model performances. Factors derived

from images, including the wavelength bands of light reflected from the road surfaces, proved

instrumental in classification accuracy. The results underscore the significance of road segmen-

tation in environment sensing, lending further credibility to the proposed Edge-MuSE system.

Previous research collected environment data using various equipment and implemented in-

novativemodels for accurate traffic environment sensing. However, some significant limitations
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persist. First, many existing sensing methodologies focus solely on single-task sensing, such as

road surface condition classification or weather detection. However, traffic safety is influenced

by a spectrumof environmental factors, necessitatingmulti-task sensing for comprehensive traf-

fic environment monitoring and perception. Second, most of these methods are not designed

with edge devices in mind, thus failing to meet the latency and reliability requirements of real-

time applications. Edge-based sensing methods can process raw data locally, offering results dis-

semination with minimal latency. Lastly, most current methods cannot support the services to

certain demographics, including low-income groups who may be unable to afford sensor costs,

and rural areas lacking of internet coverage. To address these three significant limitations, our

paper proposes the Edge-MuSE system. It encompasses multi-task sensing, edge-device adapta-

tion, and localized results dissemination, representing a more inclusive and efficient approach

to traffic environment sensing.

2.2.2 Scale-awareMachine Intelligence for Crowd Perception

For crowd perception, detection-based methods have gained popularity for pedestrian sensing

in transportation applications due to their ability to perform multi-agent sensing, enabling the

detection and tracking of various objects in a scene. This is particularly useful in complex trans-

portation scenarios where multiple agents, such as pedestrians, vehicles, and infrastructures, in-

teract with each other, and their interactions need to be studied for traffic safety and efficiency.

In 2014, the introduction of Region-based Convolutional Neural Network (R-CNN) [79] ac-

celerated the development of traffic and pedestrian sensing in transportation applications. R-

CNN allows for more accurate and efficient object detection in complex scenes through the re-

gion suggestionmodule and the object detectionmodule, which is defined as a two-stage frame-
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work. Subsequently, Fast R-CNN [80] and Faster R-CNN [81] algorithms were proposed to

further improve detection accuracy and efficiency. However, with the development of intelli-

gent transportation systems, the demand for real-time detection and control has become increas-

ingly important. Light detectors are developed for more efficient video processing, especially on

edge devices with limited computing power. One-stage detectors, which directly predict object

location through a series of anchors on the feature map, have been proposed for higher process-

ing efficiency. In 2015, the first single one-stage detector, YOLO (You Only Look Once) [82],

was introduced, significantly improving processing speed and making real-time video process-

ing possible; its later versions [83, 84, 85] achieved even greater performances in complex scenes

for multi-scale object detection. These detectors have enabled more powerful traffic sensing on

surveillance systems. However, existing object detection solutions may struggle in high-density,

occlusion, cluttered backgrounds, tiny objects, and blurred transportation situationswhere cap-

turing sufficient features for accurate object detection and classification is challenging. As a re-

sult, many methods have been proposed to capture local features of people like head, face, or

skeleton to improve the adaptation of detection-based methods to the situations.

Local-feature-based detection methods have proved effective in addressing the above chal-

lenges, such as occlusions in pedestrian sensing. One of the popular traditional methods is the

scale-space blob detection proposed by [86]. This method is based on the Laplacian of Gaussian

(LoG) operator and theDifference ofGaussian (DoG) operator to detect blobs in the image cor-

responding to the people’s heads. Another approach for head detection in crowded scenes is the

templatematchingmethod, which uses stereo camera inputs [87]. With the recent development

of deep learning and AI technologies, CNN-based methods have become popular due to their

ability to significantly learn complex features and improve detection accuracy. For instance, Ro-
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driguez et al. [88] proposed a density-aware head detectionmodel. In 2013, Sermanet et al. [89]

proposedOverFeat, thewinner of the ImageNet Large ScaleVisualRecognitionChallenge 2013

(ILSVRC2013), utilizing a sliding window approach for head localization in crowded scenes.

Compared to detecting pedestrians directly, local-feature-based detectionmethods require fewer

features,making themodels better equipped tohandle complex transportation situations. How-

ever, thesemethods lack global features and spatial information, making it challenging to under-

stand scale and perspective changes in the image. As a result, they generate many false-positive

and false-negative detection results in complex scenarios.

In response to the challenges presented by complex and crowded scenes, one promising re-

search direction is to incorporate global and local features into a scale-aware detection algorithm.

To achieve this goal, various advanced detectors have been developed. For example, FPN [90] is

a multi-scale feature pyramid network that uses feature maps at different scales to detect objects

at different scales. Xiaowei et al. [91] propose hybrid convolutional features architecture that

extracts and combines information from intermediate layers to support the detection. AugFPN

[92] further enhances the multi-scale feature learning ability of the model by narrowing the gap

between features at different scales and preserving high-level information. Peng et al. [93] pro-

posed a light decoder for real-time semantic segmentation that uses pooling blocks to fuse mul-

tiple feature maps and produce high-quality results. These recently proposed methods have sig-

nificantly improved the accuracy of detection models based on multi-scale feature extraction

and fusion. However, they still struggle with objects that are small or far away from the cam-

eras with few features, which are typically found in higher-density regions. Consequently, there

has been a growing interest in tiny object detection methods, which focus on capturing contex-

tual and spatial information from the image rather than directly detecting the object. Xian et
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al.[94] collect local and global contextual information to increase the discrimination of tiny ob-

ject features. Sun et al. [94] collect both local and global contextual information to improve the

discrimination of tiny object features. Leng et al. [95] create a Context Reasoning Module to

facilitate region proposals to learn challenging objects. Chen et al. [96], Zhang et al. [97], and

Sun et al. [98] add extra modules to pass more information into deeper or multi-layers. These

approaches demonstrate the potential of incorporating contextual and spatial information into

tiny object detection to improve performance in crowded scenarios. However, they still cannot

address the challenges of occlusion and cluttered background.

In summary, detection-based methods have been widely used and proven effective in pedes-

trian detection and sensing, especially in practical transportation applications. These methods

detect pedestrians by capturing and classifying their features, which efficiently extracts targets

from complex backgrounds and enables real-time sensing of various objects in challenging sce-

narios. For objects that present sufficient features in the image, detection-based methods can

achieve high accuracy detection with low false positive rates. However, there are still some sig-

nificant challenges when applying these methods to transportation scenarios.

• Firstly, detection-based methods are significantly impacted by occlusion, which is com-

mon in busy transportation scenarios such as intersections. Occlusion can result in lack

of features for occluded objects, leading to inaccurate detection.

• Secondly, detection-based methods may miss objects located far from the camera, where

it is difficult to capture enough features for detection.

• Thirdly, the diverse sizes and scales of transportation components like pedestrians and

vehicles in transportation scenarios present a significant challenge for multi-scale object
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detection methods. These methods are designed to detect objects at different scales, but

the distribution of pedestrians in transportation scenarios may not follow continuous

scales, leading to difficulties in capturing their features accurately.

Compared to detection-based methods, density estimation methods are designed to address

the challenges of high-density scenarios and directly count pedestrians from the density map.

These methods focus on extracting contextual information and successfully overcoming chal-

lenges such as occlusion and background clutter in crowded situations. Regressionmodels were

first proposed tomap the image contextual features to people counting, including global [99] or

local features [100, 101] like texture and gradient features from the image, and thenmatched the

features to crowd counting through regression technologies such as linear regression [102] and

Gaussian mixture regression [103]. To better understand the spatial information and perspec-

tive changes in the image, a series of non-linear mapping approaches have been proposed and

achieved great success in the past decade. For example, to handle various features from different

regions in the image, Pham et al. [104] introducemultiple random forest models to handle map

features for better accuracy. Some methods [105, 106] use multiple SVM and median filters

for similar purposes. These methods successfully included spatial information and perspective

changes in feature mapping. However, they still use traditional hand-crafted features with low-

level information, which are not generalizable.

With the advancement of deep learning and AI technologies, Convolutional Neural Net-

works (CNNs) have emerged as a popular tool for crowd counting [107, 108] due to their abil-

ity to extract hierarchical features from input images. Unlike traditional hand-crafted features,

CNN models have significantly improved sensing accuracy through high-level feature extrac-

tion. Based on the feature extractors, existing methods can be classified into two categories:
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patch-based and image-based. Patch-based methods [109, 110] focus on local features and uti-

lize slidingwindows to crop images. Thesemethods extract local features frompatches of various

sizes, which are then fed to theCNNmodel for training to predict accurate densitymaps. How-

ever, these methods have difficulty handling images with large perspective or scale changes. To

address this challenge, a data-driven method has been proposed [111] to fine-tune the trained

CNNmodel with patches of different scales. Sam et al. [112] proposed a Switch-CNN that can

switch betweenCNNs to adapt to different densities. Compared to patch-basedmodels, image-

based models focus on global contextual features to better understand spatial information and

perspective changes in the image. Zhang et al. [111] proposed a multi-task deep network that

jointly predicts density maps with various densities. Sheng et al. [113] propose a Long-Short

Term Memory (LSTM) encoder to handle a series of CNN models adapted to various densi-

ties for accurate people counting. Recent developments in AI technologies have led to methods

like Contextual Pyramid CNN [114], which encodes both global and local features to gener-

ate high-quality density maps. Some researchers [115] generate attention maps in the encoder-

decoder network to alleviate the non-uniform distribution issue before generating the density

map. These attentionmaps depict the similarity of all pixel pairs (intra-layer attentionmap) and

encode the relationship between them (inter-layer attention map) [116, 117].

In summary, density estimation methods are promising for detecting and sensing crowded

pedestrians through image data. These methods can effectively capture the contextual features

and estimate the density of people in a region directly rather than detecting and counting indi-

viduals. This makes them well-suited for handling high congestion and cluttered background

situations with occlusion. However, they still face some challenges when applying them to com-

plex transportation scenarios.
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• The transportation environment is complex, with various objects like vehicles and infras-

tructure (crosswalks, poles, and traffic cones), which can be easily mistakenly recognized

as pedestrians, leading to a large number of false positives.

• Existing density estimation methods are designed to capture continuous changes in den-

sities, scales, and perspectives in images. However, in transportation scenarios, the distri-

bution of pedestrian groups is often discontinuous and diverse. For example, at intersec-

tions, a representative transportation scenario, pedestrian groups usually appear in small

waiting regions for the red light, while people walking in other directions are going across

the road with relatively low density. The two kinds of regions with different densities,

scales, and perspectives are fully independent and separated, whose features are hard to

be captured by traditional multi-scale methods.

• Density estimationmethods struggle in low-density situations, which can be common in

transportation scenarios, such as in vehicle lanes where pedestrians are not expected to be

present. However, the missing sensing of pedestrians in unexpected regions can result in

severe consequences.

2.3 Machine Intelligence for Cooperative Sensing Technologies

2.3.1 Inter-Sensor Cooperation for Cross-Camera Re-Identification

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
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cameras, a large amount of brute-force human labor work is necessary. However, vehicle Re-ID

research has 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 [80], Faster R-CNN [81] and Mask R-CNN [118]) and

single-stagedetector (i.e., YouOnlyLookOnce (YOLO) [82], Single ShotDetector (SSD) [119]).

In general, a two-stage detector can achieve better accuracy with region proposal networks. 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 en-

courage running on edge devices. For single-camera tracking algorithms, the algorithms can be

divided into online and offline. Deep SORT [120], and MOANA [121] are well-known as on-

line 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, TrackletNet Tracker (TNT) [122] has been proven to be a dependable and

high-precision tracking algorithm by many state-of-art frameworks with offline design.

For cooperation perception, object ReID 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 ReIDmethods can be divided into two categories:
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sensor-based and vision-based methods [123]. The early-stage vehicle ReID research matches

vehicle signatures detected by multiple traffic sensors. The sensor types include magnetic sen-

sors, inductive loop detectors [124], wireless sensors (GPS, RFID, WiFi and Bluetooth MAC

address) [125, 126, 127], and even sensor fusion and hybrid methods[128, 129]. 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-basedmethods 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

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

[130, 131, 132, 133]. However, the accuracy of classical feature-based approaches is limited

since traditional features may not be sufficient for vehicle ReID across different cameras. Since

different feature extraction approaches may be used for different camera views, the matching
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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 Convolutional Neural Networks (CNN) in recent years has dra-

matically promoted research topics on vehicle recognition. The task of vehicle ReID and re-

trieval with traffic cameras has always been a challenging subject. The focus of the former re-

searchers tried to extract vehicle features basedon thewhole 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 andmake a detailed comparison to achieve good

results [130, 134, 135, 136, 137, 138].

Since 2018, metric learning has become more and more popular in vehicle ReID research

[139, 140, 141, 142]. Key target of usingmetric learning for ReID task is tomaximize inter-class

similarity andminimize 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

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, [139, 143] 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-
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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, [139] customized the temporal-attentionmodel 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

[144].

2.3.2 Intra-Sensor Cooperation forMulti-task Sensing

This section reviews and summarizes the state-of-the-art roadside sensing systems for ITS appli-

cations. There is a long history of various types of roadside sensing systems being implemented

for purposes such as traffic monitoring, control, enforcement, etc. Transportation agencies op-

erate a traffic management center (TMC) for all transportation-related within the correspond-

ing jurisdiction. Historically, traffic management applications are centralized with the TMCs

to coordinate their resources of sensing, processing, and communication technologies [145, 25].

Specifically, the data collected from the roadside sensing systems with diverse sensing technolo-

gies such as inductive loop,magnetometer,magnetic,microwave radar, LiDAR,ultrasound, and

video detection systems are transmitted to the TMCs. Then, The TMCs aggregate and process

the multi-source data in their data centers. Finally, the TMCs deliver services to support traffic

operations and applications for safety [74, 146], and mobility enhancement [147, 148, 149].
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The advantage of aTMCor a central server is the huge amount of data [150] that it can collect,

aggregate, and analyze from different sources to supportmore accurate decision-making and de-

liver better services [48]. This is especially true with the wide adoption of complex yet powerful

AI algorithms to extract valuable information from roadside sensing systems [151]. However,

TMC-based applications still face many challenges, such as high overhead and delays caused by

data transmission andheterogeneousdata integration [152]. The large amountof data generated

from the increasing variety of sensing technologies introduces difficulties for the TMC to pro-

cess and fully utilize the data for decision-making. The relatively long delay makes TMC-based

services struggle to meet the ultra-fast response time requirements of many advanced ITS appli-

cations, such as connected and autonomous vehicles, real-time traffic surveillance and warning,

short-term traffic prediction, etc. [153, 42, 154]

With the advance of edge computing technology and its clear benefits of low latency and fast

response time, high computational efficiency, low bandwidth usage, and privacy, researchers

and practitioners in the transportation field have been implementing roadside sensing systems

with edge computing technologies. The early stage of deploying edge computing technology for

roadside sensing focusingon low-beamLiDARand traditional image-processing approaches[155,

156, 157]. In recent years, the advance in AI, especially deep learning methods, combined with

the rapid development of various sensing technologies greatly accelerated the implementation of

edge computing-based ITS applications [158]. Zhou et al. consider edge computing a promis-

ing solution to push AI frontier from the cloud to the network edge, or “paving the last mile of

AI” [159]. However, one of the key bottlenecks of edge computing is the resource constraints

of the edge devices, especially when considering deploying computationally intensive AImodels

on edge. To address this bottleneck, Song et al. introduced the compression of deep neural net-

40



works with a three-stage pipeline of pruning, trained quantization, andHuffman coding [160].

Instead of transmitting all the raw data from the roadside sensing systems to the data centers

of the TMCs, roadside sensing systems with edge computing capability are able to process data

where the data are generated, which can balance the computation load, reduce latency, increase

efficiency, lower network bandwidth, and protect privacy. Ferdowsi et al. proposed a novel ITS

architecture using edge deep learning to solve many ITS challenges and improve computation,

latency, and reliability [161]. Many roadside sensing systems implement CNN-based detection

algorithms, such as YOLO-V4 [85] and EfficientNet [162], for traffic data collection and mon-

itoring with high detection accuracy. In addition, there are many studies on lightweight neu-

ral network structures to reduce the computational load on the roadside sensing systems while

maintaining the detection performance [163][164].

Currently, the majority of roadside sensing systems deploy sensors for individual tasks. For

instance, traffic cameras for traffic flow detection, radars for speed detection, and LiDAR for

queue and collision detection. While it is recognized that cooperative perception by fusing in-

formation from different sensors can increase perception range and accuracy, most studies are

about sensor fusion on a single agent. For example, Chen et al. developed a multi-view 3D

sensing framework fusing LiDAR point cloud and camera images [165]. In addition, many

researchers have been studying multi-agent cooperative perception among connected vehicles,

wheremultiple vehicles share data collected by their onboard sensors such as radar, LiDAR, and

camera, via vehicle-to-vehicle (V2V) communication [166][167][168]. Google proposed feder-

ated learning in 2016, which is a distributed learning approach that can utilize the computing

capabilities ofmultiple agents for the same sensing task [169]. Nonetheless, research on utilizing

roadside sensing systems through vehicle-to-infrastructure (V2I) communication for coopera-
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tive perception is still at an early stage. Compared to in-vehicle sensors, roadside sensors can pro-

vide an additional field of view, processing resources, communication range, etc. Tsukada et al.

proposed a roadside perception unit combining sensors, i.e., LiDAR and camera, and a roadside

unit (RSU) for infrastructure-based cooperative perception [170]. Chtourou et al. conducted

simulation and analysis to compare vehicles-only with roadside sensors including cooperative

perception. The results indicated roadside sensors-based cooperative perception provided up to

8 times more effectively detected objects [171].

Becauseof the aforementioned issues, existing roadside sensing systems arenotwell-positioned

to fully utilize the large amount of data generated fromdifferent sources and support the ITS ap-

plications in an effective and efficient manner. Therefore, this paper proposes a well-established

application-oriented roadside sensing system with edge computing and cooperative perception

capabilities.

2.4 Machine Learning on Edge Artificial Intelligence

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 [172]. 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 [173]. In 2017, Ling et al. proposed an automated object detection algorithm and
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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 REVAMP2T using multi-camera pedestrian tracking [174]. In REVAMP2T, 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-

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 AI

for monitoring parking status using a single camera and achieved promising results [175]. 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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Adaptive System for Resiliency Enhancement through Cyber-physical

Cooperation
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3
Chapter 3. Real-time Multi-task Environmental Perception System for

Traffic Safety Empowered by Edge Artificial Intelligence

This chapter is modified from the published work:

• C. Liu, H. Yang, M. Zhu, T. Vaa, and Y. Wang*. ”Real-time Multi-task Environmental

Perception System for Traffic Safety Empowered by Edge Artificial Intelligence”, in IEEE

Transaction on Intelligent Transportation Systems, 2023. [20]
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• C. Liu, H. Yang, R. Ke and Y. Wang*. ”Edge-based Automatic Real-time Road Sur-

face Condition Monitoring System (RSCMS) based on Single Monocular Surveillance

Camera.”, Proceedings of the 102ndAnnualMeeting of TransportationResearch Board,

Washington D.C. USA, Jan. 2023.

• C. Liu, R. Ke, and Y. Wang. ”Dark Channel Prior Real-time Visibility Detection Using

Monocular Surveillance Cameras”. Patent application filed Apr. 15, 2022. [21]

3.1 Challenges andMotivations

Weather conditions always show significant impacts on roadway users, and sometimes the sud-

den changes are often hard to forecast and can lead to serious safety concerns. Generally, the

weather information provided by meteorologists is only 80% accurate within seven days [176].

According to theFederalHighwayAdministration (FHWA)Report [177], there are over 5,891,000

vehicle crashes yearly. Approximately 21% (1,235,000) of these crashes are adverse weather re-

lated, leaving nearly 5,000 people killed and over 418,000 people injured. Further, the report

also points out that weather conditions significantly affect driving safety from two perspectives:

low visibility and icy/wet/snow-covered road surface conditions. Firstly, low visibility, mainly

associated with fog, dust, or smoke, is one of the most hazardous driving safety factors due to its

adverse impacts. A study [178] investigated weather-related traffic crashes in Florida and found

that low visibility conditions can result in a 32.67% increase in the crash rate. Additionally, they

identified that the probability of a crash in fog or smoke is 3.24 times more likely to result in a

severe injury and 1.53 times more likely to be a multiple-vehicle crash by odds ratio. Secondly,

road surfaces covered by snow, water, or ice can reduce tire friction and extend braking distance,

which is a common cause of fatal car crashes. Survey research done in 2009 [179] shows that wet
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or icy surface conditions decrease the International Roughness Index (IRI), a significant indica-

tor to evaluate the road surface conditions, by 50%-100%. This could also reduce road level of

services (LOS) by two to three levels [180]. Moreover, low visibility and bad road surface con-

ditions usually occur together because of extreme weather conditions, resulting in severe safety

hazards.

With the development of Intelligent Transportation System (ITS), many studies have been

persistent and have made significant progress in addressing the traffic safety challenges brought

by adverse weather [153, 36]. From the perspective of visibility, related research topics like vis-

ibility detection and haze removal attracted much attention in the past decades. For example,

thermal cameras [181] installed on vehicles can produce a clear view of the surrounding objects

for drivers in low visibility conditions. Transportation agencies like the Department of Trans-

portation (DOT) deployed visibility meters along the freeway to monitor the visibility condi-

tion in the region. From the road surface condition monitoring perspective, many sensors have

been introduced to ITS for this purpose. For example, road friction sensors [72] installed on

the wheels can detect the friction on the wheels to determine the road surface condition. And

the sensing results can be transmitted to the onboard computers for further processing. Lidar

or Radar sensors can estimate the road surface condition through the reflected signal frequency

[182]. Rather than install the sensors on the vehicles, some researchers [183, 75] install the sen-

sors directly on the road surface to detect freezing points. The existing sensing technologies and

methods can help with traffic environment sensing, however, they cannot achieve the desired

effects on traffic safety improvements for the following three reasons:

• The environmental sensors and algorithms always focus on a single task. Thesemeth-

ods cannot address the traffic safety challenges oriented by complicated environmental
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factors. Most of the existing sensing technologies target only one specific sensing task,

like visibility meters for visibility estimation, thermal cameras for image de-haze, and fric-

tion sensors for road surface condition detection. However, traffic safety improvements

are impacted bymultiple environmental factors, requiring amulti-task sensing system for

comprehensive environmental monitoring and perception.

• The traditional central-processing architecture fails to meet the latency and relia-

bility requirements. Nowadays, most of the existing methods transmit the raw data to

the back server for central processing, resulting in long latency and low reliability. How-

ever, environment perception is a critical sensing task that requires high real-timing per-

formance. In rural areas like mountain roads, weather changes with high frequency. It is

necessary to alert drivers before they enter hazardous regions. However, the centralized

sensing system cannot provide timely services due to communication and data processing

delays. As a result, the sensing results cannot benefit the community in weather-oriented

traffic safety improvement.

• Access to safety information is discriminatory against low-income groups and rural

areas. Information acquisition discrimination remains a significant problem in existing

sensing systems. Due to the interactive nature of the transportation system, the safety

of every road user is consequential to the traffic system safety. Multiple studies indicate

that high-income populations [184] have fewer vehicle accident injuries and deaths. One

reason for the huge perception discrimination is primarily disparities in data acquisition,

resulting in a lack of affordable and informative traffic data. Advanced onboard sensors

[185], like LiDAR, thermal cameras, and tire friction sensors, are too expensive for low-

income populations to afford. In addition, the data collected by these sensors only benefit
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the vehicles, raising safety and equity concerns for other roadway users due to insuffi-

cient perception ability. Public data provided by the government or other organizations

do not adequately address this issue. For example, environmental data like temperature

and humidity are updated by weather stations at five-minute intervals and provided on

the WSDOT website. However, these data lack critical information like the road surface

condition of the road segment, leaving drivers inadequately informed. Additionally, the

existing weather station system covers limited regions in Washington State, and it is hard

to expand the coverage due to its high costs.

This researchproposes anEdge-basedMulti-task Safety-orientedEnvironmental (Edge-MuSE)

sensing systembased onmonocular cameras to addressweather-oriented traffic safety challenges.

Edge-MuSE is a comprehensive environment sensing system that integrates four sub-sensing

tasks with only video inputs. Firstly, Edge-MuSE can provide a visibility estimation based on

the image or video data captured by the camera sensors. Secondly, Edge-MuSE removes the haze

from the original image or video data and reconstructs a haze-free vision for the transportation

agents. Thirdly, Edge-MuSE can extract the road segments from the de-hazed image or video

data based on the integration of road contour and optical traffic flow. Finally, Edge-MuSE sys-

tem investigates multiple features, including dark channel value, intensity, color attenuation,

and hue disparity values, to identify the light reflection condition and classify the road surface

conditions into four categories: dry, wet, snow-covered, and icy.

In Edge-MuSE system, all sensing tasks are deployed on the edge devices, whose perception

results can be transmitted to the users with cost-effective, intensive, and reliable local commu-

nication protocols with low latency. In the past decade, the quick development of the Internet

of Things (IoT) technologies [158] enables the raw data streaming and post-processing on edge
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nodes to increase cyber-security and reduce computation loads on the central processor. How-

ever, it remains challenging to realize efficient and reliablemulti-task sensing on edge devices. To

achieve this, the research optimizes the structure of Edge-MuSE for edge computing architec-

ture from two perspectives: 1) SensingAlgorithm: the three sensing tasks are optimized for edge

computing to balance the accuracy and efficiency; 2) Multi-task Sensing Architecture: multiple

threads are employed in Edge-MuSE to realize parallel computing andmake full use of the com-

putation resources.

In summary, the Edge-MuSE system presented in this research offers an edge-based, compre-

hensive traffic environment sensing solution to enhance transportation safety. The contribu-

tions of this research are four-fold:

• System: The primary contribution of this research lies in the development of the novel

Edge-basedMulti-task Safety-orientedEnvironmental (Edge-MuSE) sensing system. Edge-

MuSE incorporates and executes four distinct sensing tasks to offer a comprehensive per-

ception of the traffic environment, enhancing traffic safety measures. A distinguishing

feature of Edge-MuSE is its ability to operate solely on video data, thus increasing its

adaptability for extensive deployment at a lower cost.

• Methodology: Capitalizing on computer vision andAI technologies, Edge-MuSE incor-

porates four innovative sensing methods: 1) Atmospheric Visibility Estimation, with an

average accuracy of 93.17%; 2) ImageDehazing; 3) Road Segmentation, with an accuracy

of 92.0%; and 4) Road Surface Classification, exhibiting an accuracy of 93.25%. These

methods collectively enhance the comprehensive understanding of the traffic environ-

ment.
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• Edge-Adaption: In this work, the architecture of Edge-MuSE is optimized to accom-

modate edge computing in two key aspects: 1) Data Streaming Optimization, and 2)

ComputationResources Allocation. The refined system is deployed on theNvidia Jetson

Xavier NX device for performance evaluation. The results unveil notable enhancements

in processing speed, escalating from 2.3 FPS to 21.3 FPS, and efficiency, improving from

0.106 FPS/Watt to 0.647 FPS/Watt.

• Implementation: The research team partnered with the Norwegian Public Roads Ad-

ministration (NPRA) and the City of Bellevue to establish two testing environments

for implementing the Edge-MuSE system. We successfully deployed the system across

13 surveillance cameras, enabling comprehensive environmental sensing to enhance traf-

fic safety. Feedback from the involved agencies indicates that all sensors within the two

testbeds effectively accomplished their assigned sensing tasks.

3.2 Multi-task Sensing Technologies

The section introduces themulti-task sensing technologies used inEdge-MuSE.Weather-oriented

traffic safety challenges are impacted bymany environmental factors like road surface conditions

and visibility. Compared to single-task sensing, multi-task sensing methods can integrate vari-

ous sensing results for comprehensive environment perception. Additionally,multi-task sensing

methods can reduce system costs and computation loads by maximizing resource utilization. In

the research, Edge-MuSE uses video data as the only input, which can reduce the costs and the

computation loads to integrate different environmental sensors.

The architecture of themulti-sensing technologies used in the research for traffic environment

perception is shown in Figure 3.1. The sensing technologies used in the research can be divided
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Figure 3.1: Architecture of Edge‐MuSE
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into threemodules: 1) image de-haze, 2) road segmentation and visibility estimation, and 3) road

surface condition classification. The three steps are identified through three background colors

in Figure 3.1. The following subsections introduce the details of three modules.

3.2.1 Image De-haze & Visibility Estimation

The main task of this step is to estimate the scattering effects caused by the particles in the raw

video inputs. To achieve this, the research proposes an innovative feature extraction network to

capture the four critical features of the image data: Dark Channel, Maximum Contrast, Color

Attenuation, andHueDisparity. Then, the estimated scattering effects aremapped on the image

coordinate to generate a scattering map. Finally, the scattering map can be used to estimate the

visibility and reconstruct the haze-free image.

Prior Knowledge

The hazed image captured by the camera I(x) consists of two primary light sources: air light, and

light reflected by the surrounding objects. In the research, we assume air light is a homogeneous

parallel white light in the scene, noted as A. The actual scene of the object is represented by

J(x). For the object captured in the image, the portion of the object reflected light that reaches

the camera could be represented as J(x)t(x). Because of the scattering effects, some air lights are

scattered to the region having the target object and could be represented as A(1− t(x)). Then,

the object image captured by the camera is written as:

I(x) = J(x)t(x)+A(1− t(x)) (3.1)

Where t(x) is the transmission map that can describe the light portion that is not scattered
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and reaches the camera. In the research, t(x) is defined as:

t(x) = exp(−βd(x)) (3.2)

Where d(x) is the distance from the scene point to the camera, and β is the scattering coef-

ficient of the atmosphere. Eq.( 3.3) suggests that when d goes infinity, the scattering effects t

approaches zero. Together with Eq.( 3.1), we can get:

A= I(x),d(x)→ inf (3.3)

In practical imaging of a distance view, d(x) of objects cannot be infinity. However, in a view,

the distance from the air light can be regarded as infinity. As a result, together with Eq.(3.3), we

have the air light estimation function shown in Eq.(3.4). The air lightA is the significant param-

eter to estimate the depth of image and reconstruct the de-hazed images. More explanations can

be found in Section 3.1.3.

Isky(x) = A (3.4)

Based on empirical observations, existing image dehazingmethods have proposed various crit-

ical metrics and prior knowledge for scattering map estimation t(x). The research utilizes four

well-proven metrics for haze effects estimation:

• Dark Channel: The dark channel is defined as the minimum of all pixel colors in a lo-

cal patch. The dark channel prior [186] indicates that in the haze-free patches, at least

one color channel has a very low and even close to zero intensity value. In other words,

if the haze exists, the minimum dark channel value in the patch increases significantly.
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Therefore, the dark channel value can be used as a significant indicator in haze removal.

• Maximum Contrast: Haze can reduce the contrast of the image. [187] proposed the

maximum contrast as the measurement to remove the haze from images. By applying the

maximum contrast in the local patch to its neighborhood, the visibility of the image can

be enhanced.

• Color Attenuation: The color attenuation value is defined as the difference between the

brightness value and saturation of the pixel. Color attenuation prior [188] indicates that

haze in the image can result in a sharp decrease of saturation value and increase of bright-

ness value. As a result, the difference between the two values can work as the indicator to

generate the scattering map.

• Hue Disparity: Hue disparity is proposed by [189] for image haze removal. It is defined

as the absolute difference between the original image and its semi-inverse value. In most

haze-free cases, large hue differences are observed between the two values. And the haze

in the image can reduce the difference significantly, making it a good measurement.

Multi-scale Feature ExtractionModule

The research designs an innovative feature extractionmodule to integrate the above four critical

metrics for a comprehensive haze removal algorithm. Themodule’s structure is shown in Figure

3.2. The feature extraction process can be divided into four steps.

Firstly, in the convolutional layer (Eq ( 3.5)), a 5× 5 filter is applied to the input image ma-

trix for convolutional operation. The stride of the process is one, and the padding value is zero.
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Figure 3.2: Multi‐scale Feature Extraction Module Structure

Inspired by [190], The activation function used in the layer isMaxout [191] for non-linearmap-

ping.

F1(x) = max{W1 ∗ I(x)+B1} (3.5)

HereW1 and B1 give the filters and biases respectively. ∗ indicates the convolution operation,

and I(x) represents the input imagematrix. It is worthmentioning that the filterW1 is designed

for critical features extraction [190]. The three kinds of filters used in the layer are shown in

Figure 3.3. The opposite filter (Figure 3.3(a)) with the value of −1 at the center of the kernel

is designed for dark channel feature extraction. Cooperated with Maxout activation, the min-

imum value in three channels of each pixel can be extracted to the feature map. Similarly, the

round filter shown in Figure 3.3(b) can capture the intensity difference between the center pixel

and surrounding eight pixels, which is identified as visual contrast. Cooperated with Maxout
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activation function, the maximum contrast feature can be extracted in output feature map for

haze-removal. Finally, if the filter W1 includes both opposite filter and all-pass filter (Figure

3.3(c)), F1 is the operation of the color space transformation from RGB to HSV. And then, the

color attenuation and hue disparity can be extracted.

Figure 3.3: Filter Weight in the First Convolutional Layer (F1)

Secondly, the multi-scale mapping layer is designed to capture the features in different scales.

The filters with small kernel size can help the model understand the local features in the patch.

And the large-size filters can realize the global features among patches by dropping some details.

Some studies have proved that [192] multi-scale features significantly impact haze removal. In

Edge-MUsE, we use four filters with various kernel sizes: 1× 1, 3× 3, 5× 5, 7× 7. The multi-

scale mapping layer can be represented by Eq. ( 3.6):

F2(x) =W2 ∗F1(x)+B2, (3.6)

withW2 and B2 being the weights and biases respectively. Note that the filters used in the layer

all follow evendistribution. Therefore, theweights in the filters canbe represented as 1
n×n , where

n is the kernel size of the filter (n= 1,3,5,7).
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The third layer of the feature extraction module (Eq. ( 3.7) is local extremum. The spatial

integration process is an effective method to overcome the local sensitivity and capture the rep-

resented features in the patch.

F3(x) = max
y∈Ω(x)

F2(y), (3.7)

where, Ω(x) is the 12× 12 neighborhood centered at x. The max pooling operation are applied

to pixels in the feature map, which can preserve the resolution for image reconstruction.

The last layer of feature extractionmodule, the concatenation layer (Eq. ( 3.8)), is designed to

integrate the multi-scale feature maps.

F4(x) = Avg{F1×13 (x),F3×33 (x),F5×53 (x),F7×73 (x)} (3.8)

The outputs of the feature extractionmodule are the concatedmulti-scale featuremaps F4(x)

for the four critical features. To integrate the four matrices for the four critical features, the

scattering map is introduced in the research to unify the four different feature maps. Based on

the prior knowledgementioned in Section 3.1.1, some pixels can be regarded as haze-free regions

to estimate the scattering effects based on the feature maps. For example, dark channel prior

[186] assumes that the haze-free pixels should have at least one channel whose intensity value

is very low and even close to zero. Therefore, the scattering map of dark channel tdc(x) can be

inferred through the normalized dark channel featuremap as 1−Fdc4 . Similarly, the other feature

maps can be estimated based on the prior knowledge. The final output scatteringmap t(x) is the

average of all four feature scattering maps:
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t(x) = Avg{tdc(x), tmc(x), tca(x), thd(x)}, (3.9)

with tdc(x) = 1−Fdc4 , tmc(x) = Fmc
4 , tca(x) = 1−Fca4 , thd(x) = 1−Fhd4 .

De-hazed Image Reconstruction

The estimated scatteringmap t(x) canwork as the input to reconstruct the real scene J(x), which

is the haze-free image. Based on Eq.( 3.1), J(x) can be represented by Eq.( 3.10).

J(x) =
I(x)
t(x)

− A
t(x)

+A (3.10)

Based on Eq.( 3.3) and ( 3.4), the air light A can be estimated through the pixels where d→

inf. And the estimated scattering map t(x) from feature extraction module can infer the depth

information in the image through Eq.( 3.2). Therefore, in this case, the pixels where t(x)→ 0

is regarded as the sky pixels, whose intensity is treated as the atmosphere light A in Eq.( 3.10) to

reconstruct the haze free scene J(x).

Visibility Estimation

The final step of the thread is to estimate the visibility based on the extracted scattering map

t(x). In the research, we define visibility as the distance at which an object or light can be clearly

observed, which is measured by visual contrast Cv. Visual Contrast Cv is the relative difference

between the light intensity of the background and the object. According to the Beer-Lambert

law [193], the visual contrast, Cv(d), can be represented as an exponential function with the

single variable, distance d:
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Cv(d) = exp(−γd), (3.11)

where γ is the contrast attenuation coefficient to describe the decrease of visual contracts with

the increase of distance d. Based on the standards published by the International Association of

Marine Aids to Navigation and Lighthouse Authorities (IALA) [194], the minimum contrast

at the eye of a given observer at which an object can be detected is 2%. Therefore, cooperating

with the ground truth visibility data d0 generated in weather stations, γ can be calculated by the

Eq.( 3.12), where Ct
v is the visual contrast threshold applied (i.e., 0.02).

γ =− ln(CT
v )

d0
(3.12)

Similarly, we can set the median value tm of the local patch Ω in scattering map t(x) to repre-

sent the scattering effects in the view. Based on the definition of scattering map in Eq.( 3.2), the

scattering coefficient β can be represented as:

β =− ln(Medx∈Ω(t(x)))
d0

(3.13)

As a result, tomap the scatteringmap t(x) to contrast mapCv(x) for visibility estimation, the

function f between the two coefficient β and γ is necessary.

γ = f(β ) (3.14)

In the process, the ground-truth visibility data can work as the training dataset to minimize

the loss functionMean Squared Error (MSE):
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MSE=
1
n

n

∑
i=1

(γ − f(β ))2 (3.15)

3.2.2 Road Segmentation

In Edge-MuSE system, road segmentation is used for sensing region determination, which im-

pacts the final detection accuracy significantly. As a result, to ensure road segmentation accu-

racy, Edge-MuSE integrates two road segmentation algorithms: road contour detection and ve-

hicle motion. The structure of the Road Segmentation Thread is marked as green background

in Figure 3.1. Both algorithms have their advantages and disadvantages. The contour detection

can be applied in all the scenarios for rapid road segmentation, while its detection accuracy is rel-

atively lowbecause of the impacts ofmany environmental factors. The optical flowmethods can

realize a very high accuracy road segmentation based on the accumulation of vehicle trajectory.

However, itmay take a long time in the low traffic volume scenarios like rural areas. Additionally,

some parts of the road like shoulders, work zones which are hardly covered by vehicle trajectories

are usually excluded from the estimated road mask. Therefore, Edge-MuSE integrates the two

methods through euclidean distance [195] for accurate and efficient road segmentation.

It is important to note that the input data of this thread should be the processed de-hazed

video data. Firstly, a backgroundmodeling algorithm is applied to the video data for background

subtraction. In this step, moving objects (foreground blobs) like moving vehicles, and static

objects (background images) like roadways, can be split to eliminate the interference between the

two kinds of objects in the following steps. In the process, road contour detection will use this

background image as the input, and the foreground blobs can work as the input of the vehicle

motion detection method. The following paragraphs will introduce these methods in detail.
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Contour Detection

In thefirst stepof thismethod, the lowerbound threshold is set as theminimummovingdistance

between two consecutive frames to filter the background image and foreground blobs. Then

Edge-MuSE employs Canny edge detection algorithm [196] [197] to estimate all contours in

the processed static background image. Edge-MuSE does contour detection using the following

three steps:

• Pre-processing: Compared to standard shape objects in the pure background, real-world

objects in complicated backgrounds present more challenges for contour detection. For

accurate contour detection, erosion anddilationoperations are neededbefore contour de-

tection can occur. The advantage of these operations can be summarized into two points:

(1) they can smooth the contour of the object, break the narrow neck and eliminates thin

protrusions; and (2) they can bridge narrow discontinuities and slender gullies, eliminate

small holes, and fill up the breaks in the contour line.

• Image Filtering: The first step of the Canny algorithm is to smooth the image. Canny

estimates the first derivative of theGaussian function, which is the best approximation of

the optimal edge detection operator. Then, a convolution operation is performed on the

image matrix. Since the convolution operation possesses both commutative and associa-

tive properties, the Canny algorithm usually uses a two-dimensional Gaussian function

(shown in Eq.( 3.16) to smooth the image and remove noise.

G(x,y) = exp[−(x2+ y2)/2σ2]/2πσ2 (3.16)
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• Image Gradient Calculation: The second step involves calculating the magnitude and

direction of the image gradient. The first order partial derivative’s approximation on the

X and Y directions can be obtained by:

Ex[i, j] = (I[i+ 1, j]− I[i, j]+ I[i+ 1, j+ 1]− I[i, j+ 1])/2

Ey[i, j] = (I[i, j+ 1]− I[i, j]+ I[i+ 1, j+ 1]− I[i+ 1, j])/2 (3.17)

Therefore, the magnitude and direction of gradient is shown in Eq.( 3.18):

∥M(i, j)∥=
√
Ex[i, j]2+Ey[i, j]2 (3.18)

The azimuth of the image gradient can be calculated by Eq. ( 3.19):

θ(i, j) = arctan(Ey[i, j]/Ex[i, j]) (3.19)

Contour detection is developed in a flexible way that overcomes many challenges. However,

because of the complexity involved in many real-world transportation scenarios, many unex-

pected factors like illumination conditions can influence contour detection if only camera in-

puts are used. Despite the aforementioned series of preventative actions to reduce the impacts

of these factors, both false-negative and false-positive can be observed when contour detection

methods are applied to actual data. To address the challenges, Edge-MuSE introduces vehicle

motion detection methods.
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Optical FlowDetection

The second method used for road segmentation is vehicle motion detection. Its first step is to

apply the background modeling algorithm to the input video. Therefore, the moving objects

in the view can be extracted from the static background. Based on the foreground blobs, Edge-

MuSE extracts the road segment in three steps:

• Pre-processing: The extracted foreground blob is the collection of all the moving pixels

in the image coordinate. However, many static pixels can be detected as moving points,

impacted by many practical factors, such as the camera’s shake in the wind. The pre-

processing step is aimed at dealing with the false-positive and false-negative pixels. The

CANNY algorithm [196] is also introduced into the step for contour detection. The area

of regions enclosed by the contours can be used to filter the target objects like vehicles,

pedestrians, and cyclists from the foreground blobs. The extracted true-positive regions

can work as the inputs to the following tracking algorithm.

• Optical Flow Extraction: Edge-MuSE uses Simple Online and Realtime Tracking algo-

rithm (SORT) [198] to track the objects and extract the optical flow. In the first step of

SORT, a lower bound threshold is set as the minimum intersection between two consec-

utive frames to filter the optical flow. Then the pixels that have beenmarked as the optical

flow can be represented by feature vectorϑ = [x,y,d,v]. Here, (x,y) is the object location

in the pixel coordination, d is themoving direction, and v is the vehicle speed in the image

coordinate.

• Road Segmentation: The marked pixels accumulate as time progresses. After time T,

the marked pixels will cover the major areas where traffic is present. For road segments
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with high traffic volume, T can be just a few minutes, while for rural roadways with low

density, a larger T is required to extract all the target regions.

3.2.3 Road Surface Condition Classification

The third thread of Edge-MuSE is Road Surface Classification. The thread input is the road

mask extracted from the background images. Then, the feature extraction module is applied

to the road mask for feature extraction. The structure of the feature extraction module is the

same as the one used for the scattering map t(x) in Section 3.1. However, unlike haze removal,

road surface condition detection focuses more on the light reflection status of the pavement. As

a result, the key features used in the module are dark channel value, gray value, and brightness

value to classify the light reflection status on the road surface. Based on the light reflection status,

the road surface condition can be categorized into four classes:

• Dry: In the dry condition, the light reflection of the road surface is diffused. This allows

light from all parts of the road to reflect into the camera, which results in the values of

image features like gray value, dark channel, and brightness to be distributed evenly (i.e.,

low standard deviation) on the roads. This is themost common status of the road surface.

• Wet: In wet conditions, water accumulating on the road creates a flat surface where spec-

ular reflection occurs. In this case, only a specific road area reflects light directly to the

camera, resulting in sharp spiking of the feature value (e.g., dark channel, intensity, bright-

ness). However, in the rest of the road segments, nearly no light reflects into the camera.

As a result, a wide range distribution (i.e., large standard deviation) should be observed in

the distributions of the features.
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• Snowy: Similar to dry conditions, the light reflection on the snowy road surface is diffuse

reflection. However, the white snow can reflect more light into the camera than dry road

pavement. As a result, even though the feature values distribute evenly on the road, they

have a relatively higher value than the dry road conditions.

• Icy: Similar to wet conditions, the light reflection on the icy pavement should be specu-

lar. However, impacted by passing vehicles, the ice on the road surface is usually mixed

with snow and dirt, which is much more closer to diffuse reflection than the wet condi-

tion. As a result, in the low-light region, all three featuremaps can show diffuse reflection

characteristics.

Based on the analysis, the extracted feature maps can act as reliable inputs to the model for

road surface condition classification. In Edge-MuSE, the inputs are fed tomultiple classification

methods, including Random Forest (RF), K-Nearest Neighbors (KNN), Support-Vector Ma-

chine (SVM), andNaive Bayes (NB) for road surface condition classification. It is found thatRF

performs the best and thus deployed in Edge-MuSE as the classifier in the practical deployment.

3.3 System Constructs for Edge-Adaption

Edge-MuSE is a comprehensive traffic environment sensing system deployed on edge devices.

The advantages of using edge devices can be summarized in the following three points. Firstly,

edge-based systems relocate the computation loads from central servers to the edge, which can

reduce the time latency caused by high computation loads on the server side. Secondly, only

the sensing results instead of the raw data are transmitted to the server side, which can reduce

the time latency and communication costs in data transmission. Additionally, the sensing re-
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sults produced by edge devices can be disseminated and serve users with local networks for lower

response time. Finally, the privacy-sensitive information can be filtered by edge devices before

sending back to the server for private protection and cyber security.

However, due to the limited computing ability of edges, it is still a significant challenge to run

the multi-task sensing system effectively on edge. Therefore, this section aims to introduce the

systematic design for edge device adaption. On edge devices, many factors could become bottle-

necks and result in a decrease in processing speed. The systematic design proposed in the section

carefully balances the factors and optimizes the entire system. We introduce the systematic de-

sign from the following two aspects: 1) data streaming optimization; 2) computing resources

optimization.

3.3.1 Data StreamOptimization on Edge

To optimize the data stream, Edge-MuSE separates the algorithm into five parallel threads, each

running independently in pre-defined memory spaces. The interactions of the threads are the

data storage and retrieval in five predefined caches, which increase the robustness and efficiency

of the system running on edge devices. Figure 3.4 shows the data stream, with each thread

introduced below.

1. Video Streaming Thread: This thread is designed to capture the video data from camera

sensors and pre-process the input data. Different camera sensors have different character-

istics, and the video streaming thread can unify the input video data to standard size and

FPS for further processing. Additionally, the stream can filter the broken images from

the raw data. The thread’s input is raw video data, and the output is the filtered and stan-

dardized image queue with stable FPS. The output image queue can be stored in Cache
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Figure 3.4: Data Streaming Optimization on Edge

68



1. A feedbackmechanism is applied toCache 1 to check the occupancy status. The check

results can feed to the video streaming thread for computation resource adjustments.

2. Image De-haze Thread: This thread aims to estimate and remove haze from the image.

The input of this thread is the image queue stored in Cache 1. And there are two outputs

of the thread: haze-free image queue and visibility estimation results. The visibility esti-

mation results are stored in Cache 2 for dissemination, and the haze-free image queue is

stored in Cache 3 for further processing. It is worth mentioning that the feedback mech-

anism applied to Cache 3 can adjust the memory allocation of the thread to control the

processing speed.

3. Road Segmentation Thread: Road segmentation Thread is to extract the road mask

from the haze-free image queue in Cache 3. For accurate backgroundmodeling and opti-

cal flow extraction, the batch size is set as 16 in the thread. The output roadmask is stored

in Cache 4 and updated every iteration. Accordingly, the previous road mask in Cache 4

serves as one of the inputs to the road segmentation thread to increase accuracy.

4. Road Surface Condition Classification Thread: This thread can classify the road sur-

face condition into four categories based on the feature extraction module. The input is

the latest road mask stored in Cache 4, and the output road surface condition results are

stored in Cache 5. Similarly, the feedback mechanism is introduced to adjust the compu-

tation resource allocation.

5. Dissemination Thread: The input of the threads consists of the de-hazed image queue

in Cache 2, visibility estimation results in Cache 3, and the road surface condition clas-

sification results in Cache 5. Edge-MuSE uses User Datagram Protocol (UDP) and local
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network socket for data transmission to the road users and trafficmanagement agency for

information dissemination.

In the process, the research designed the feedback mechanism based on five cache spaces to

adjust the distribution of the computation resources automatically. The mechanism can detect

the occupancy status of each cache with high frequency. If the cache is overflowed or empty, the

mechanism will reallocate the computation resources of the upstream thread to decrease and

increase its processing speed correspondingly.

3.3.2 Computation Resources Allocation

To achieve real-time performance on edge devices, the research selected theNvidia JetsonXavier

NX. NX is equipped with many advanced components to support the computation demands

of Edge-MuSE, including a 6-core ARM 64-bit CPU (6 MB L2 and 4 MB L3), two Nvidia

Deep Learning Accelerators (NVDLA), and a Volta GPUwith 384NVIDIACUDA cores and

48 Tensor cores. The assignment of NX computation resources to different threads is shown in

Figure 3.5. The five threads aremapped to separateARMcores (i.e., ARM0 - 4). The oneARM

core (i.e., ARM 5) left free is assigned to handle the OS and background processes running out

of the system. The two feature extraction modules in the image de-haze thread and road surface

classification thread are assigned to the CUDA cores and Tensor cores of the Volta GPU for

matrix convolution operation.
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3.4 Experiment and Performance Evaluation

3.4.1 Experiment Configuration

Because the traffic environment varies greatly in different scenarios, the research team built up

two testbeds to evaluate Edge-MuSE system comprehensively. In the research, we cooperated

with City of Bellevue and Norwegian Public Roads Administration (NPRA) to address the

weather-oriented safety challenges. Figure 6.7 shows the sensors prepared for the research and

the installation in City of Bellevue and Oslo. The testbeds in the two cities have distinct char-

acteristics. The Bellevue testbed is a local road in the forest on a small hill. As a result, the main

challenge in the scenario is the rainy weather and moist climate. The unexpected heavy rain in

thewinter season results in severe car crashes caused by slippy roads and low visibility. The heavy

fog in the morning is also a significant challenge in the scenario. Different from Bellevue, the

key challenge in Oslo is the extremely cold winter. The testbed is located on E8 Corridor, one

of the main freeways in Europe. The lowest temperature there can reach−30◦C, resulting into

heavy snow and thick ice covering the road surface, which are dangerous for passing vehicles.

Therefore, our environment sensing system, Edge-MuSE, is deployed in the two testbeds to ad-

dress the above weather-oriented traffic challenges. Its performance is highly recognized by the

local transportation agencies in both cities. At present, all installed sensors are functioning well

and playing a significant role in traffic management.

The sensors set up by the research team consist of three main modules: sensor module for

data collection, edge computing module for data processing, and communication module for

sensing results dissemination. The Oslo testbed has an add-on heating module to keep all the

electronic components warm in low-temperature conditions. The data collection module uses
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an advanced IP camera for high-resolution video data collection. The camera is empowered by

infrared technology to deal with low light conditions like nighttime or heavy snow. In the edge

computing module, we use the Nvidia Jetson Xavier NX device to process the collected video

data locally with high efficiency. Finally, the communication module is designed to disseminate

the sensing results to transportation agencies and road users for traffic safety improvements.

3.4.2 Data Description

The datawe used in the research are from three data sources for different purposes, including the

weather data, surveillance data and self-collected video dasta. Theweather data utilized in this

study, which serve as ground-truth for validating the performance of Edge-MuSE, were sourced

from weather stations installed by WSDOT. Typically, these stations generate comprehensive

weather data that includes weather conditions, air temperature, dew point, relative humidity,

atmospheric pressure, wind speed, and more. This data is publicly available, open-source, and

can be accessed via the Traveler Information Application Programming Interface (API). For the

purposes of this study, we utilized only the basic information from these weather stations, in-

cluding location (expressed in terms of longitude and latitude), timestamp, weather condition,

temperature, humidity, and visibility. It is important to note that this weather data is updated

every five minutes. Additionally, the average distance from the testbeds to the nearest weather

stations is approximately 1,500 feet, ensuring the relevance and accuracy of the data in themodel

training and results validation. The surveillance data generated by the traffic surveillance sys-

tem deployed byWSDOT is collected for model training. The research team selected 40 surveil-

lance cameras covering different kinds of transportation scenarios like freeways, rural areas, local

roads, and coastal roads to increase the diversity of the training data. The research team collects
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250 images for each camera in different weather conditions. And then, the research labeled the

images with four kinds of road surface conditions: dry, wet, snow-covered, and icy. Finally, the

data are fed to the classifier for model training and testing. The self-collected video data were

generated by sensors installed in the testbed, containing real-time raw video data and sensing

results. Cooperated with the nearest weather stations, the self-collected data is used to evaluate

the performance of Edge-MuSE system in the testbed.

3.4.3 Image De-haze & Visibility Estimation

Leveraging the image de-hazing method proposed in Section 3.B, this research extracts four es-

sential features from the original image data and removes the haze (as illustrated in Figure 3.7).

Figure 3.7(a) displays the original hazed image captured by the sensor installed at the Bellevue

testbed. To exhibit the proficiency of Edge-MuSE, we present the most challenging scenario

for haze removal in Figure 3.7: a condition of heavy fog under low lighting with glaring street

lights. The de-hazed image, shown in Figure 3.7(b), demonstrates the impressive performance

of Edge-MuSE in image de-hazing. Figure 3.7(c) presents the concatenated scattering map esti-

mated from the four critical featuremaps displayed at the bottom: dark channel (Figure 3.7(d)),

maximum contrast (Figure 3.7(e)), color attenuation (Figure 3.7(f)), and hue disparity (Fig-

ure 3.7(g)).

Then the visibility data collected byweather stations are introduced in the step as the ground-

truth data to do the model training and testing. In this case, the two coefficients, scattering

coefficient β and attenuation coefficient γ , can be calculated based on Eq.( 3.12) and Eq.( 3.13).

Then the regression model f is applied to estimate the relationship between the coefficient with

the minimumMSE (Eq.( 3.14)). The research uses 5,000 ground truth visibility records to in-
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vestigate the relationship between the two coefficients. Figure 3.8 shows the relationship and

the regression model trained by the ground truth data, where MSE is used as the loss function.

The estimated relationship between the coefficients can be represented by Eq. ( 3.20). The

value of r2 andMSE are 0.154 and 0.008, respectively.

β = 11.579∗ γ +0.356 (3.20)

One point worth mentioning is that the γ values of all ground truth records are larger than

0.001 in Figure 3.8. From Eq.( 3.13), we can see the value of γ varies in a small range in the low

haze (i.e., high visibility) condition. Therefore, in this condition, a precise γ has to be obtained

to estimate visibility accurately. However, in practical applications, measuring the change of

the coefficient γ in low visibility conditions is more meaningful and cost-effective. As a result,

existing visibility meters for commercial usage usually set up boundaries for their measurement

range. In the research, the visibilitymeters installed inweather stationsbyWSDOTset the lowest

boundary of γ as 0.001, where the upper boundary of the visibility value is about 4km ( 2.5

miles). Therefore, the lower bound of γ can be observed in Figure 3.8 as 0.01.

Table 3.1 shows the performance of Edge-MuSE on visibility estimation in different ranges.

In low visibility conditions (Vs < 500m), the visibility estimation accuracy can reach 99% in

±20% error range. With the increase of visibility, the sensitivity of visual contrast Cv decreases

(i.e., Cv/d decreases with d increasing). As a result, the accuracy drops to about 90% in the

clear atmosphere (i.e., Vs ≥ 2000m). However, the overall accuracy can still reach 93% in all

situations.
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Table 3.1: Performance of Edge‐MuSE on Visibility Estimation in Different Conditions

Threshold ±5% ±10% ±20%
Vs ≥ 2000m 85.29% 89.14% 93.18%

1000m≤ Vs ≤ 2000m 88.17% 90.25% 95.42%
500m≤ Vs ≤ 1000m 90.36% 93.22% 97.03%

Vs < 500m 91.23% 95.78% 98.75%
Overall 89.27% 92.15% 96.61%

3.4.4 RoadMask Extraction

The research introduces an innovative road mask extraction method by integrating contouring

and optical flow to increase the robustness of Edge-MuSE in various scenarios. Figure 3.9 shows

the process of road mask extraction. The left side of Figure 3.9 indicates the process of optical

flow extraction on foreground blobs. Besides moving vehicles on the road, some false-positive

pixels are also included in the foregrounddue to the camera vibrations. A regional area threshold

is introduced into the process to filter the pixels in themoving object tracking algorithm. Finally,

the accumulation of the trajectory can represent the road mask in the camera view. Road con-

touring is shown in the right side of Figure 3.9.

In the experiment, the research team labeled 100 images from various camera views to vali-

date the road mask extraction results from Edge-MuSE. In this case, the Intersection of Union

(IOU)method was introduced to quantify the difference between the detected and labeled (i.e.,

ground-truth) roadway regions. It computes the portion of the roadway that overlaps between

the detected region and the labeled region: IoU =
AreaofOverlap
AreaofUnion . The results are shown in Ta-

ble 3.2. The average IOU value from the 100 images was 0.92.
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Table 3.2: Road Segmentation Results Validation with IOU measurement

IOU Value Percentile Accumulated Percentage
less than 0.9 3% 3%
0.9-0.92 31% 34%
0.92-0.95 45% 79%
0.95-0.97 18% 97%
0.97-1.00 3% 100%

3.4.5 Road Surface Condition Classification

The three feature maps, brightness, dark channel, and gray values, are fed to classifiers for road

surface condition classification. To eliminate the bias caused by different image inputs from

various cameras, all the images are resized to 300× 350. Figure 3.10 shows the distributions of

the feature values in different surface conditions. The four columns in Figure 3.10 indicate four

different road surface conditions: dry, wet, snow-covered, and icy. Row (b), (d), and (f) show

the brightness value, dark channel value, and gray value feature maps, respectively. To clearly

visualize the feature distributions, we compress the 2D featuremaps to 1D feature distributions,

as shown inRow (c), (e), and (g). The x-axis indicates the column index of the featuremaps, and

the y-axis represents the average intensity value of all the pixels in the column.

Differences among the four road surface conditions can be observed from the 1D feature dis-

tributions. In dry and snow-covered conditions, diffuse reflection happens on the road surface.

Therefore, the three feature values keep stable with the change of x index. The white snow on

the road surface can reflect more light than the gray road surface. Therefore, the values in snow-

covered conditions are higher than those in dry conditions. For the wet and icy conditions, the

distributions of the three features vary extensively. The street lights on the left side of the road

result in the rapid rise of three features when x ∈ [0,50]. In the rest of the image, little light
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can be reflected into the camera due to the specular light reflection. As a result, rapid drops can

be observed in three feature distributions. However, because ice on the road surface can be im-

pacted by passing vehicles, the mixed ice, dust, and snow can result in diffuse reflection on the

road surface. Therefore, the diffuse reflection features can be observed from the icy conditions.

Therefore, the icy condition contains a smaller variance in all three feature maps compared to

the wet condition. In summary, the features can capture the light reflection status and are useful

for classifying road surfaces of different conditions.

In the experiment, the research team labeled 10,000 images captured by 40 cameras in differ-

ent weather conditions for model training and testing with the 8 : 2 split ratio. The test road

surface condition classification results are shown in Table 3.3. The experiment compares the

performance of four classifiers on road surface condition classification. And the results show

that the Random Forest model gets the best performance and can reach overall 93.25% accu-

racy. The dry condition has the highest accuracy, which can reach 97%, and the icy condition

has the lowest, but still reach 85%.

3.4.6 System Performance Evaluation

To realize reliable and equal traffic environment sensing for safety improvements, the experiment

tests Edge-MuSE’s performance in data processing and communication efficiency.

Processing Efficiency Evaluation

This subsection aims to evaluate the performance of Edge adaption proposed in Section 4. To

improve the processing speed on limited edge devices, the research presents two methods: 1)

parallel computing for data streaming optimization; and 2) feedback mechanism for computa-
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Table 3.3: Road Surface Condition Classification Results

Model Accuracy Mean

RF

Dry Wet Snowy Icy

95.25%
Dry 0.97 0.01 0.02 0.00
Wet 0.01 0.94 0.01 0.04
Snowy 0.03 0.01 0.91 0.05
Icy 0.01 0.09 0.05 0.85

KNN

Dry Wet Snowy Icy

83.65%
Dry 0.92 0.02 0.05 0.01
Wet 0.07 0.81 0.03 0.09
Snowy 0.09 0 0.87 0.04
Icy 0.04 0.19 0.10 0.67

SVM

Dry Wet Snow Icy

35.82%
Dry 0.56 0.18 0.20 0.06
Wet 0.21 0.34 0.19 0.26
Snow 0.38 0.10 0.37 0.15
Icy 0.09 0.36 0.22 0.33

NB

Dry Wet Snow Icy

66.36%
Dry 0.86 0.03 0.10 0.01
Wet 0.08 0.77 0.03 0.12
Snow 0.12 0.02 0.79 0.07
Icy 0.04 0.18 0.13 0.65
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tion resources allocation. To evaluate the effects of the two methods, we tesed three different

structures on Jetson Xavier NX device. The first structure follows the sequential logic flow,

indicating that the input of the module is exactly the output of the last module. The second

structure introduces the parallel programming method with pre-defined computing resource

mapping. Finally, the third one is the structure used in Edge-MuSE, parallel programming with

the feedback mechanism for computing resources allocation.

Table 3.4: Processing Efficiency Evaluation

Structures Sequential Parallel Edge-MuSE
Processing Speed (FPS) 2.3 7.4 21.3
CPUMemory Usage (%) 34% 65% 82%
GPUMemory Usage (%) 14% 51% 78%
Power Consumption (W) 21.6W 27.1W 32.9W
Efficiency (FPS/W) 0.106 0.273 0.647

Results are shown in Table 3.4. Five metrics are adopted, including processing speed, CUP

and GPU memory usage, Power Consumption, and Efficiency (FPS/Power). The comparison

of the first and second columns shows that introducing parallel computing accelerates the pro-

cessing speed from 2.3 FPS to 7.4 FPS, and the efficiency increases from 0.083 to 0.246. The

differences between the second and third columns indicate that introducing the feedbackmech-

anism increases the processing speed and efficiency to 21.3 and 0.647, respectively. The improve-

ments result from the flexible computing resource allocation: the higher usage ofCPUandGPU

memory indicates more efficient resource allocation for the system.

Communication Efficiency Evaluation

Communication efficiency can impact the time latency significantly in the system, especially

in rural areas with unstable internet connections. Therefore, Edge-MuSE deployed the system
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on edge devices to realize real-time traffic environment sensing. To test the performance of

communication efficiency, the research designs two communication structures shown in Fig-

ure 3.11. We use the same multi-task sensing technology but deploy it in edge devices and back

servers respectively in the two systems. The top one is the edge-based communication system

used in Edge-MuSE, and the bottom one shows the server-based centralized communication

system used in traditional sensing systems. Traditional sensing methods send the raw data to

the back server for central processing. Then, the raw data are processed by the back server and

the sensing results are disseminated to road users through the internet. In rural areas, unstable

internet connections can cause long time latency in large-size raw data transmission and sensing

results dissemination. However, in edge-based communication systems, like Edge-MuSE, the

data is processed and disseminated in local network. The large bandwidth of local network en-

sures stable and efficient data transmission. Additionally, the sensing results from edge devices

are transmitted to transportation agencies for large-scale trafficmanagement. Compared to raw

data, the size of sensing results is much smaller, allowing for efficient transmission to back server

and thus quick response.

This research evaluates the efficiency of communication under various internet conditions.

To achieve this, we set the internet bandwidth at three levels: 2 Mbps, 10 Mbps, and 50 Mbps.

We then tested the time latency in both systems, with the results presented in Table 3.5. When

using 50 Mbps, we found that real-time raw data can be smoothly delivered from the edge to

the processing center, resulting inminimal time latency in both communication systems. How-

ever, when we reduced the bandwidth to 10 Mbps, we observed that the slower upload speed

did not support the demands for real-time raw data transmission. This caused an increase in

time latency in the traditional system. Conversely, the edge-based communication system was
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Table 3.5: Communication Efficiency Evaluation

Measurements Bandwidth 2 Mbps 10 Mbps 50 Mbps

Avg Latency
for Users (s)

Centralized Sys 311.06 23.34 1.15
Edge-based Sys 0.24 0.27 0.21
Change -99.92% -98.84% -81.74%

Avg Latency
for Agencies (s)

Centralized Sys 287.92 20.34 2.18
Edge-based Sys 5.24 2.26 2.07
Change -98.18% -88.89% -5.05%

Avg Bytes
Utilization (MB/s)

Centralized Sys 0.25 1.36 4.37
Edge-based Sys 0.25 0.59 0.54
Change 0.00% -56.62% -87.64%

Avg Occupancy
Centralized Sys 96% 95% 69%
Edge-based Sys 94% 47% 9%
Change -1.86% -50.53% -86.94%

unaffected by this decrease in bandwidth. This is because the local processing and dissemination

were not dependent on the upload speed, and a 10Mbps bandwidth was sufficient for real-time

transmission of sensing results. When we further reduced the bandwidth to 2Mbps, a standard

level in rural areas, a significant latency was observed in the traditional sensing systems. In this

case, the time latency increased to five minutes during our experiment, making it unsuitable for

real-time applications. However, in the edge-based sensing system, the smaller size of the sensing

results made it possible for these results to be transmitted to transportation agencies for traffic

management in a timely manner.

3.5 Chapter Summary and FutureWorks

This research presents the Edge-based Multi-task Safety-oriented Environmental (Edge-MuSE)

sensing system as an innovative solution to weather-oriented traffic safety challenges. The sys-

tem offers comprehensive traffic environment perception through multi-task sensing, enabling
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a more efficient improvement of traffic safety compared to traditional single-task sensing meth-

ods. Additionally, by reallocating computational loads from central servers to edge devices,

Edge-MuSE ensures quicker responses, lower latency, and enhances privacy by transmitting

only processed sensing results rather than raw data. The system requires only video data as in-

put, making it versatile and cost-effective for broad deployment. The research’s main contribu-

tions lie in the creation of this system, the integration of four innovative sensing methods using

computer vision and AI technologies, the system’s optimization to fit edge computing architec-

ture, and its successful deployment in real-world testbeds. The resulting improvements in traffic

safety underscore Edge-MuSE’s potential as an effective, wide-scale solution for environmental-

related traffic safety issues.

The Edge-MuSE system,while pioneering, presents two significant limitations. First, it is cur-

rently designedwith fixed surveillance systems inmind, rather than adaptable on-board systems.

This design choice has led to the development of embedded algorithms that benefit from stable

environmental perception and fixed camera views, such as image de-hazing and road segmenta-

tion. However, these are not easily translatable tomoving camera systems, posing a challenge for

the Edge-MuSE system’s versatility. Second, the system’s performance is subject to variations in

lighting conditions. Particularly in rural areas that often lack artificial lighting at night, the ef-

fectiveness of Edge-MuSE may be significantly reduced. This identifies a need for the system to

better adapt to a range of lighting scenarios, possibly by incorporating sensor fusion technologies

integrating infrared and visual cameras.
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Figure 3.5: Mapping of Threads to Edge Resources
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Figure 3.6: Testbeds Setup in City of Bellevue and Oslo

Figure 3.7: Critical Feature Extraction and Image Dehaze
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Figure 3.8: Relationship between Scattering Coefficient β and Attenuation Coefficient γ
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Figure 3.9: Sample Road Mask Extraction Result Demonstration
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Figure 3.10: Feature Map in Four Road Surface Conditions
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Figure 3.11: Structure of Edge‐based and Server‐based Communication Systems
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Part II

Situation-aware Machine Intelligence for Active Transportation Users
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4
Chapter 4. Scale-Aware Representation Learning Empowered Sensing

(SARLES) System for Pedestrian Crowds Perception in Complex

Transportation Scenarios

This chapter is modified from the published work:

• C. Liu, H. Yang, R. Ke, S. Yin, and Y. Wang*”. Scale-Aware Representation Learning

Empowered Sensing (SARLES) System for Pedestrian Crowds Perception in Complex

Transportation Scenarios”, accepted by Transportation Research Part C in Oct 2023.
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• C. Liu, H. Yang, K. Ma, X. Jiang, S. Yin, and Y. Wang*. ”Scale-Aware Representation

Learning Empowered Sensing (SARLES) System for Pedestrian Crowds Perception in

ComplexTransportationScenarios.”, Proceedings of the 103rdAnnualMeetingofTrans-

portation Research Board, Washington D.C. USA, Jan. 2024.

4.1 Challenges andMotivations

Pedestrians are important yet vulnerable users in modern transportation systems. According to

the latest National Household Transportation Survey (NHTS) [199], walking accounts for ap-

proximately 11% of all surveyed trips and is the second most commonly used mode. However,

this popularity brings with it a high risk for pedestrian safety in urban/crowded/busy settings.

For example, the World Health Organization (WHO) reports that pedestrians and cyclists, col-

lectively known as Vulnerable Road Users (VRUs), account for 50% of global fatal road traffic

injuries, and data from the Fatality Analysis Reporting System (FARS) show that pedestrian

fatalities rates have been steadily increasing over the last two decades from 11% (2002) to 17%

(2020) in the United States. In 2020 alone, the death toll reached 6,516, meaning one pedes-

trian is killed in a traffic accident every 81 minutes on average. To address these safety issues, the

USDOT published the National Roadway Safety Strategy (NRSS) to outline strategies and en-

courage technological innovation to reduce serious roadway injuries and fatalities. Developing

new sensors and AI-based technologies can play a critical role in addressing these challenges.

Numerous studies have been conducted to enhance road management [48], traffic control

[9], and traffic sensing [158] through AI-based technologies. Instead of always installing newer

and newer sensors [74], utilizing existing surveillance systems is more cost-effective for cities and

agencies. This drives the advancement of smart infrastructure and leads to significant accom-
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plishments in the perception of vehicles [200], roads [146, 201], traffic [48], andVRUs [9] based

on surveillance cameras. As a result, there has been a growing emphasis on pedestrian sensing

technologies in the ITS community, driven by the need for traffic safety and equity. Pedestrian

sensing technologies in ITS canbebroadly categorized into three types: 1) detection-basedmeth-

ods, 2) regression-based methods, and 3) density estimation methods.

• Detection-based methods are essential for sensing objects based on feature extraction

and classification and have played a significant role in Intelligent Transportation Systems

(ITS). Recent advancements have led to the development of powerful object detectors

such as R-CNN [202], YOLO [82], and SSD [119] that have achieved remarkable per-

formances in various scenarios, including traffic control [151], forecasting [148], and

management [48]. However, directly applying these detection-based sensing methods to

multi-modal transportation scenarios for pedestrian sensing andperception is challenging

due to various factors, such as occlusion, cluttered backgrounds, tiny objects, and blurs.

Compared to other transportation agents like vehicles, Vulnerable Road Users (VRUs)

are small objects with few pixels and limited features, making them difficult to differenti-

ate from the background. Pedestrians often appear in groups, leading to higher occlusion

rates than other transportation agents. The complicated transportation backgrounds fur-

ther reduce the detection accuracy. In summary, it is still a challenging task to implement

detection-basedmethods for perceiving tiny and congested pedestrian groups in complex

transportation scenarios.

• Regression-based methods aim to capture the global features of the image, such as tex-

ture and gradient features, directly for pedestrian sensing. The learned global features

are then used for pedestrian perception and sense through various regression techniques,
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Figure 4.1: Representative challenges for pedestrian sensing in transportation scenarios include (a) highly congested and oc‐
clusions, (b) tiny objects and scale changes, (c) complex background and blur regions, and (d) perspective changes and diverse
density distribution.
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such as linear regression andGaussianmixture regression [203]. Regression solutionsmay

be better equipped than detection-based methods to address the challenges of occlusion,

tiny objects, and blurs through the ability of global feature extraction. However, changes

in perspective and scalability of 2D views can cause a decrease in performance, leading to

overestimation in low-density areas and underestimation in high-density areas. The di-

verse distribution of pedestrian groups in transportation scenarios presents a significant

challenge to regression-based methods. Additionally, without considering local features,

the performance of regression-basedmethods is significantly affected by backgrounds, re-

sulting in many false positives in multi-modal transportation scenarios.

• Density estimation methods have recently gained popularity in the Computer Vision

(CV) community for pedestrian sensing in highly dense scenarios [204, 205]. Unlike

detection-based and regression-basedmodels, density estimationmethodsutilize thepow-

erful representative feature extraction ability of CNN to estimate the crowd numbers

through the density map directly. These methods have been applied to many application

scenarios, including public safety, public space design, and intelligent crowdmonitoring.

However, several challenges must be addressed before these methods can be adopted in

transportation settings. Firstly, improving VRU safety requires more than just crowd

size and counting numbers; the status and locations of these agents are also important,

which may be difficult to obtain from density estimation methods. Secondly, VRUs of-

ten gather in various density groups in transportation scenarios, which results in unevenly

distributed crowds and unsteady scale changes in the camera view. It is difficult for most

existing density estimation methods to handle the diverse density as well as the discon-

tinuous scale changes for accurate crowd sensing. Finally, the cluttered background in
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transportation scenarios, such as road marks, uneven lighting, passing vehicles, and in-

frastructures, can significantly impact the accuracy of the density estimation results.

In a vast landscape of pedestrian sensingmethods, striking disparities in approaches have been

noted across various research sectors. Traditional computer vision tends to narrow its focus, de-

veloping models that are tailor-made for challenges within pre-established contexts. Detection-

based approaches excel when object features are distinct and discernible by the camera, while

density estimation techniques are tailored for densely populated settingswhere individual object

featuresmight be obfuscated due to distance or occlusion. However, the realmof transportation

demands a more holistic and adaptive solution, one that can adeptly navigate the multifaceted

challenges of real-world scenarios. As depicted in Figure 4.1, transportation scenarios present

myriadobstacles for precise pedestrian sensing, such as occlusions, intricate backgrounds, fluctu-

ating scales, varied distributions, perspective shifts, minuscule objects, and blurred zones. Con-

ventional methods, restricted by their predefined confines, fall short of addressing the dynamic

requisites intrinsic to genuine transportation contexts.

To address these challenges, we propose a novel ensemble sensing system: Scale-Aware Rep-

resentation Learning Empowered Sensing (SARLES). SARLES extracts multi-scale representa-

tions for enhanced pedestrian sensing accuracy, and thus is designed for heterogeneous trans-

portation scenarios. The system is divided into three modules:

The initial phase employs a robust fourth-order encoder-decoder structure, rendering a pre-

liminary density map of the entire image, facilitating the capture of global contextual cues and

accommodating the scale disparities inherent to pedestrian figures. Recognizing the potential

inadequacies of this map due to the inherent distortions of 2D imaging, the subsequent Den-

sity Map Segmentation and Clustering (DMSC) module is introduced. This innovative seg-
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ment clusters the preliminary map into congruent density feature patches, employing iterative

clustering to ensure consistency in scale and density. Culminating the system is the ensemble

scale-adaptive Local Patch Refinement (LPR) module. Leveraging an ensemble FCN network

with diverse kernel dimensions, this module refines each patch based on its unique density and

scale characteristics. Consequently, SARLES possesses the dexterity to discern both macro and

micro features of pedestrian assemblies, refining its output to produce superior quality density

maps tailored for precise pedestrian detection and enumeration.

SARLES is versatile to detect pedestrians robustly in different scenarios, especially those chal-

lenging cases identified previously: obstructions, busy backgrounds, and uneven distributions.

The contributions of this study is three-fold:

• System Design: SARLES’s primary contribution is scale adaptability for detecting di-

verse pedestrian group distributions. This robust design ensures SARLES is equipped

to tackle the multifaceted challenges pervasive in transportation environments, such as

occlusions, bustling backgrounds, minuscule entities, irregular distributions, and the in-

tricacies of perspective shifts.

• Modules and Methodology: The main framework consists of three modules, each en-

capsulating distinct methodological advancements.

– The Encoder-Decoder module is adept at harnessing multi-scale contextual infor-

mation. It encodes the spatial interdependencies within the entire image. It also

innovatively introduces a residual module tailored for feature extraction. This en-

hancement ensures optimal feature capture across varied encoding resolutions.
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– The DMSC module, through its iterative clustering approach, segments the pre-

liminary density map into congruent patches based on density characteristics. This

strategic segmentation counters the distortions due to perspective variations in 2D

representations, yielding patches with consistent scale and density metrics, priming

them for refined processing in following modules.

– With the LPR module, SARLES presents an ensemble FCN network, specifically

curated for nuanced local feature extraction. This innovation produces an impec-

cably precise density map integral for pedestrian sensing. The eclectic mix of kernel

dimensions ensures that the module adaptively refines the local patches proposed

by the DMSCmodule, granting SARLES the finesse to discern both the overarch-

ing and intricate features of pedestrian conglomerations amidst the complexities of

transportation backdrops.

• ExperimentResults: SARLESoutperformsfive baselinemodels across three benchmark

datasets. Its ability to detect heterogeneous pedestrian group distributions proves itself a

state-of-the-art (SOTA) model.

4.2 Architecture

The architecture of the SARLES system is illustrated in Figure 6.1. The system comprises three

innovative modules: an encoder-decoder module, a Density Map Segmentation and Cluster-

ing (DMSC) module, and a Local Patch Refinement (LPR) module. Firstly, the fourth-order

encoder-decodermodule takes thewhole image as input andperformsmulti-scale contextual fea-

ture extraction for an accurate initial densitymap generation. This initial densitymap is suitable
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Figure 4.2: The architecture of SARLES system.

[The architecture of SARLES system. The input image is fed to the Encoder-decoder module
for multi-scale feature extraction and initial density map generation. Then the Density Map
Segmentation and Clustering (DMSC) module segments the initial density map into several
patches based on density features. Finally, the patches are classified and finetuned in the Local
Patch Refinement (LPR) module for an accurate density map generation. The key metrics

used in the three modules are also listed accordingly.]

98



for basic sensing tasks such as crowd counting, while it may lack the details needed for higher-

level sensing tasks, particularly in transportation scenarios like pedestrian localization. There-

fore, to fit the demands, DMSCmodule is proposed in the paper to cluster and segment the ini-

tial densitymap intomultiple small local patches basedon thedensity features. TheLPRmodule

then uses a CNNmodel with two fully-connected (FC) layers to classify the local patches into

five categories ranging from high density to low density. The segmentation plan from DMSC

and classification labels are then fed to an ensemble network for patch density map refinement.

Finally, by integrating all the local patches, the system can generate a precise density map for

accurate pedestrian detection, sensing, and localization. Further details about the SARLES can

be found in the following subsections.

4.2.1 Encoder-decoderModule for Initial DensityMap

The fourth-order encoder-decoder structure used in the paper can capture four levels of fea-

tures across the input whole image (shown in Figure 4.3). The extracted multi-scale contextual

features from the image can be used to generate an initial density map. The proposed encoder-

decoder module is a symmetric network consisting of two parts: the encoder and the decoder

module. The encodermodule aims to reduce the featurematrix dimension fromhigh resolution

to low resolution, and each encoder layer consists of a residual layer for feature extraction and

a max pooling layer for encoding and dimension reduction. In the decoder part, the network

introduces the nearest neighbor interpolation for up-sampling and integrates the features across

scales through the residual layer. The decoder part allows the network to understand both crit-

ical features and spatial information for a more accurate density map generation. The encoder-

decoder module is an end-to-end architecture. Therefore, the loss function used in the training
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Figure 4.3: The structure of the symmetric fourth‐order Encoder‐decoder module for multi‐scale feature extraction and initial
density map generation.

[The structure of the symmetric fourth-order Encoder-decoder module for multi-scale feature
extraction and initial density map generation. The green blocks indicate the residual module

(see Figure 4.4) used for feature extraction. And the blue and red blocks represent the
down-sampling and up-sampling operations, respectively. Please note that before each

encoding operation, the network branches off and applies a residual module at the original
pre-pooled resolution, and this can bring significant multi-scale information to the decoder

part for spatial feature extraction.]
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Figure 4.4: The structure of residual module designed for multi‐scale features extraction.

process is standardMean Squared Error (MSE) (shown in Eq 4.1) which is aimed at minimizing

the differences between the estimated and ground-truth density map.

LED =
1

n ·m

n

∑
i=1

m

∑
j=1

(DP(i, j)−DG(i, j))2 (4.1)

Where (i, j) indicates the pixel coordinate. DP and DG represent the predicted density map

and ground truth density map, respectively. The ground truth density mapDG is generated by

applying aGaussian blur kernel to each annotated head point. The generation ofDG is shown in

Eq 4.2, where δ represents the discrete delta function; p represents the location of the annotated

head point in the image coordinate; H indicates the number of annotation head points in the

image; G represents the Gaussian kernel; and σk indicates the variance of the Gaussian kernel

applied to annotation point k. In ShanghaiTech dataset [1], σk is defined as σk = 0.3d̄k, where

d̄k is the average distance of point k to its r nearest neighbors, which can be used to customize

the kernel size of Gaussian filter to fit the points in various density regions. This paper follows

the rule and uses the customized Gaussian filter to generate the ground truth density map for

model training and validation.

DG(p) =
H

∑
k=1

δ (p− pk)∗G(σk) (4.2)

101



It isworthnoting that the innovative residualmodule (shown inFigure 4.4) play a pivot role in

the ED module. The structure begins with an input having M channels, which first undergoes

a batch normalization (BN) followed by a Rectified Linear Unit (ReLU) activation function.

This is succeeded by a 1× 1 convolution operation that reduces the channel size toN/2. After

another round of BN and ReLU, a 3×3 convolution is applied, maintaining the same number

of channels (N/2). A subsequent BN +ReLU and 1× 1 convolution expand the channels back

toN. In parallel, there is a skip connection that performs a direct 1×1 convolution on the initial

input, converting its channels fromM toN. The outputs from both themain sequence and the

skip connection are then element-wise added together, resulting in an output withN channels.

This module plays a pivotal role in encoder-decoder architectures as it allows the network to

retain critical information fromprevious layers, mitigating the vanishing gradient problem. The

residual connection ensures that, if certain layers don’t contribute to the final performance, their

weights can be set in such a way that they’ll effectively perform identity mapping, making the

network easier to optimize.

4.2.2 DensityMap Segmentation and Clustering (DMSC)Module

TheDMSCmodule is meticulously crafted to tackle the challenges of discontinuous scale shifts

and varied density distributions in transportation contexts, ensuring precise pedestrian sensing,

detection, and localization. While traditional crowd counting techniques offer numerous den-

sity estimation methods for multi-scale sensing, they predominantly lean on CNN, FCN, or

regressionmodels. These methods capture spatial details under the presumption of continuous

shifts in scales, densities, and perspectives within images. Contrarily, transportation settings

often see pedestrians clustering in distinct small groups within specific zones, leading to irregu-
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lar scale transitions and a myriad of density distributions. Addressing this, the DMSC module

adeptly segments the preliminary density map into distinct patches, each characterized by its

unique density feature. This ensures a uniform density within each patch while preserving the

diversity across them. These differentiated patches are then channeled into the Local Patch Re-

finement (LPR) module, facilitating the creation of an enhanced, precision-tuned density map

optimized for accurate pedestrian sensing.

TheDMSCmodule integrates the renownedDBSCAN (Density-Based Spatial Clustering of

Applications withNoise) algorithm [206]. A staple in computer vision and pattern recognition,

DBSCAN stands out as an unsupervised clustering technique, distinguished by its adaptability

and efficiency. Its edge lies in its ability to operate without pre-defined information regarding

cluster count or configuration. Within the scope of this research, DMSC harnesses DBSCAN

to cluster pixels of proximate values while distinguishing them from significantly varying ones.

Parameters like minimum pixel count and neighborhood radius allowDBSCAN to discern and

segment local clusters of diverse densities within a densitymap. Nonetheless, a single DBSCAN

layer can be influenced by noise present in the initial map, often leading to an excessive cre-

ation of clusters or superpixels. To remedy this, DMSC incorporates an iterative strategy (refer

to Algorithm 1) for refined density map segmentation. The process commences by partition-

ing the initial map into 3600 small standard superpixels, with each superpixel comprising 576

pixels. Subsequent DBSCAN layers then group these superpixels based on density similarities,

yielding larger, feature-rich superpixels for advanced processing. The distance between two such

superpixels, a and b, is computed using Eq 4.3.

d(a,b) =

√
n

∑
i=1

ωi · (ai− bi)2 (4.3)

103



Algorithm 1 Initial Density Map Segmentation & Clustering (DMSC)
Input: Image I, pixel p, neighbourhood threshold ε , minimum set sizeM, maximum number

of setsN, labeled set L
Output: Superpixel label sets L(p)
1: Set initial pixel label is unvisited for each pixel p ∈ I
2: whileTRUE do
3: while ∀p ∈ I is visited do
4: randomly find an unvisited pixel ps
5: set ps as visited
6: find all pixels Cs = {p1,p2, ...,pm} in the neighbourhood ε of seed pixel ps
7: if m>M then
8: Create a new label l ∈ L
9: for every pi ∈ Cs do
10: if pi is unvisited then
11: set pi is visited and add it to label l
12: if there are more thanm pixels in the neighbourhood ε of pi then
13: add the pixels into Cs
14: end if
15: end if
16: end for
17: else
18: mark ps as noise
19: end if
20: end while
21: if length(L)≤N then
22: break
23: else
24: Set the average value of l ∈ L as the new pixel p′ = avg(l) in the next iteration
25: Empty label set L and set all new pixels p′ as unvisited
26: end if
27: end while
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Where ai and bi indicates the ith attribute of pixel a and b, respectively. The ωi indicates the

weight of ith attribute in the distancemeasurement. In the paper, we use three attributes (n= 3)

including 2D coordinate of the pixel in initial density map and the pixel gray value. In each

layer of DBSCAN, the superpixels generated by the previous layer are regarded as new inputs

whose value is the mean value of all the pixels in the superpixel. Finally the iteration will stop

until the number of clusters are reduced no more than ten and the number of pixels which are

taken accounted as noises are no more than 10%. This process results in the clustering of small

patches with similar density features and the formation of larger patches for further processing.

This iterative DBSCAN procedure provides a flexible and efficient approach to segmenting the

density map into meaningful patches without the need for prior knowledge of the number or

shape of the clusters.

It is worth mentioning that the DMSC module stands out for its strategic design, aimed at

overcoming the challenges of random initialization and ensuring consistently stable clustering

outcomes. Central to its functionality is the incorporation of DBSCAN, a density-based spatial

clustering algorithm that doesn’t rely on initial seed points, but rather grows clusters founded

on point density. Enhancing its efficacy, DMSC utilizes an iterative process, refining clustering

results by iterating over the density map multiple times. Before clustering, the initial density

map undergoes segmentation into standardized superpixels, offering a more uniform basis for

DBSCAN.Additionally, the DMSC approach excels in noise handling; with the inherent prop-

erties of DBSCAN identifying and isolating noise from primary clusters, the module maintains

that noise remains below 10% of the dataset. Finally, theDMSC’s use of weighted distancemea-

surement ensures a balanced clustering, uninfluenced by individual attributes. Cumulatively,

the DMSC module showcases a harmonious blend of techniques, from DBSCAN’s capabili-
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ties to iterative refinement and noise management, making it a reliable solution for challenges in

density map segmentation and clustering.

4.2.3 Local Patch Refinement (LPR) Module

The local Patch Refinement (LPR) Module aims to build an ensemble network to handle the

patcheswith various density distributions and generate amore detailed and accurate densitymap

for precise pedestrian sensing. The LPRmodule is comprised of two parts: 1) a CNNmodel for

patches classification based on density features; 2) an ensemble network for density map refine-

ment. The classification result for eachpatch serves as one input to the ensemble network, which

determines key parameters in model concatenation. The structure of LPR module is shown in

Figure 4.5.

In the classification part, a CNN model with a 1× 1 convolutional layer and the following

two FC layers are designed to classify the patches from high to low density. The CNN model

is trained to categorize patches into one of five predefined density classes: very high density,

high density, median density, low density, and very low density. In the training process, a certain

number of regions of interest (ROIs) are generated randomly from the input initial densitymap,

and their sizesmust covermore than 1/16 of thewhole image to ensure effective feature learning.

Based on the features extracted by the convolutional layer, the FC layers assign density labels for

the ROIs. The ground truth density labels used in the training process are defined as the ratio of

people number to the region of the image. The loss function is the standard cross-entropy loss

shown in Eq 4.4, where ti is the ground truth label and pi is the Softmax probability for ith class.

LClassification =−
i

∑ ti ∗ log(pi) (4.4)

106



Figure 4.5: The structure of Local Patch Refinement (LPR) module.

[The structure of Local Patch Refinement (LPR) module. The input image patches are input
to the classification model and ensemble network for density map refinement. The three

dashed boxes indicate the three modules proposed in the SARLES system. The blue boxes and
green boxes in the figure indicate the CNN layers and FC layers, respectively. The yellow and

purple boxes indicate the inputs and outputs of LPRmodule.]
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The second part of LPRmodule is the ensemble network, which aims to generate a more de-

tailed and accurate density map by handling patches with various densities. The network con-

sists of five Fully Convolution Networks (FCNs) with the same structure but different kernel

sizes to extract features at different scales. The structure of the ensemble network is shown in

Figure 4.5. Every FCN has six layers of convolutional layers for feature extraction. The features

extracted from the five FCN models as well as the encoder-decoder module are concatenated

based on the weights determined by the classified density labels. The density classification labels

play a significant role in the concatenations process by determining theweights of different levels

of features for generating the final density map. For high-density patches, the high-level features

extracted from large kernel sizes FCN models have a higher weight in generating final density

maps. Conversely, low-level features have a higher weight in processing low-density patches.

The ensemble network is meticulously trained for comprehensive pedestrian detection, striv-

ing to accurately localize each pedestrian within the scene rather than merely counting them.

While many traditional density estimation methods prioritize crowd counting, endeavoring to

minimize discrepancies between the actual and estimated number of individuals, our method

deviates. Instead, it harnesses the standard MSE loss function (shown in Eq 4.5) to minimize

the difference between the refined density map output DR(i, j) and the ground-truth density

mapDG(i, j) (see Eq 4.2) for the input training image Ii.

LLPR =
1

n ·m

n

∑
i=1

m

∑
j=1

(DR(i, j)−DG(i, j))2 (4.5)
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4.3 Experiment & Results Evaluation

4.3.1 Experiment Design & Implementation

The system is trained in an end-to-end way, and the overall loss function is defined as the min-

imumMSE between the estimated density map and the ground-truth map (shown in Eq 4.6),

where LLPR and LED are defined in Eq 4.1 and Eq 4.5, respectively.

Loss= LLPR+LED (4.6)

In the training process, The learning rates are set as 10−4 initially andmultiplied by 0.98 every

1K iterations. The batch size is fixed as 4. All images are resized to 1080× 1920, and the labels

are generated under the same size. Finally, the Adam algorithm [207] is introduced in the paper

to optimize the SARLES system and obtain the best results on NVIDIA GTX 2080Ti GPU

using Pytorch framework.

4.3.2 EvaluationMetrics

The conventional evaluation metrics for crowd counting, such as MAE and MSE, are not suit-

able for evaluating SARLES, which aim to performpedestrian sensing tasks, including counting

and localization. Therefore, four metrics are introduced in the paper to evaluate the system per-

formance.

For counting performance evaluation, the paper uses MAE and MSE metrics which are de-

fined in Eq 4.7 and Eq 4.8. WhereN is the number of images in the test batch. Ci and CG
i are

the estimated counting and ground truth counting of pedestrians, respectively.
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MAE=
1
N

N

∑
i=1

|Ci−CG
i | (4.7)

MSE=

√
1
N

N

∑
i=1

(Ci−CG
i )

2 (4.8)

In addition, we introduce twometrics, Peak Signal-to-Noise Ratio (PSNR)metric and Struc-

tural Similarity in Image (SSIM) [208], to evaluate the quality of density maps, which is sig-

nificant for pedestrian sensing. The two metrics are well-known in image similarity calculation

metrics. The paper follows the rules given by [114] to calculate the twometrics for performance

evaluation.

For monochrome images like density maps, PSNR metric is shown in Eq 4.9, whereMAXI

represents the maximum possible pixel value in the image. D and DG indicate the estimated

density map and the ground truth density map generated from Eq 4.2. (i, j) represents the co-

ordinate of the pixel, andN indicates the test batch size.

PSNR=
1
N

N

∑10log(
MAX2I

1
mn ∑n

i=1∑m
j=1(D(i, j)−DG(i, j))2

)) (4.9)

The SSIMmetric is represented by Eq 4.10. Where µ indicates the mean value of the density

map, and sigma indicates the variance or co-variance. D andDG indicate the estimated density

map and the ground truth density map generated from Eq 4.2. N indicates the test batch size.

C1 and C2 indicate the two constant.

SSIM=
1
N

N

∑
(2µDµDG +C1)(2σD,DG +C2)

(µ2
D+µ2

DG +C1)(σ2
D+σ2

DG +C2)
(4.10)
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Table 4.1: Detailed information about the used datasets

Datasets Number of
Images

Average
Resolution

Count Statistics
Total Avg Max

ShTech-A 482 589×868 241,677 501.4 3,139
ShTech-B 716 768× 1024 88,488 123.6 578

UCF-QNRF 1535 2013×2902 1251642 815 12865
CityStreet 500 2704× 1520 - ~110 -
Self-collect
Dataset

500 1080× 1920 42,138 834.7 1836

4.3.3 Data Description

In the experiment, fourdatasets, ShanghaiTech [1],UCF-QNRF[2], andCityStreet [3], are used

in the paper to evaluate the performance of SARLES system in different application scenarios.

The properties of the datasets used in the research are shown in Table 4.1.

To supplement the previous three datasets for model training and testing, the research team

collected a self-made dataset using live camera streaming from several busy intersections and

walking streets in Tokyo. This dataset covers various challenges mentioned earlier, including

complicated backgrounds, diverse density distribution, scale, and perspective changes. The live

camera dataset includes 500 annotated images, consisting of 400 training images and 100 test im-

ages. It contains different situations in transportation scenarios, including high-density crowds

gathering in four waiting zones with different scales for red lights, large volumes of pedestrians

going across the street during peak hours, and a few pedestrians hanging on the street in low-

light conditions at midnight. The dataset provides a diverse range of transportation pedestrian

crowds scenarios for model training and testing.
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4.3.4 Encoder-decoder Performance Evaluation

The fourth-order encoder-decoder module used in the paper can extract four levels of features

for accurate initial density map generation. The output initial density map plays a crucial role

in the final pedestrian sensing. Therefore, the section aims to evaluate the performance of the

encoder-decoder module by visualizing the effect of each encoder-decoder layer when gener-

ating the initial density map. It is worth noting that the feature matrices extracted from dif-

ferent levels of encoder-decoder layers have different resolutions. To visualize and evaluate the

features extracted from various levels of encoder-decoder layers, the research team implements

customizedup-samplingmethods to restore the featurematrices to their original resolution. Fig-

ure 4.6 shows the sample results generated from the four levels of encoder-decoder layers, from

the lowest to highest level encoder-decoder layer. The density map generated by Decoder 4 is

the final output of the Encoder-decoder module, the initial density map, which has the same

resolution as the original image. From Figure 4.6, we can observe that the global features are

easily extracted from the encoded low-level layers (first and second level layer). With the reso-

lution recovery process in decoders, the density maps gradually incorporate more details about

local features for a more accurate density map. Therefore, we can observe that more details are

included in the density maps generated from high-level layers (third and four layers).

To evaluate the performance of each encoder-decoder layer, the research team utilized two

evaluation metrics, PSNR and SSIM, to compare the density maps generated from each layer

with the ground-truth density map. The comparison results are presented in Table 4.2. The in-

crease in PSNR and SSIM fromDecoder 1 to Decoder 4 indicates continuous improvements in

the density map generation during the encoding-decoding process. Additionally, it can be ob-

served that the rate of increase for bothmetrics decreases as the number of layers in the encoder-
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Figure 4.6: Ablation study for Encoder‐decoder Module performance evaluation.

[Ablation study for Encoder-decoder Module performance evaluation. The density maps on
the top are the sample results generated from each Encoder-decoder layer, from the lowest

(Decoder 1) to the highest (Decoder 4). The density maps on the bottom are the ground-truth
density map generated by Eq 4.2. The comparison between the estimated density map and the
ground-truth density can be used to evaluate the effects of the encoder-decoder module layer

by layer.]
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Table 4.2: Encoder‐decoder module performance evaluation results by comparing the density maps generated from each
decoder layer with PSNR and SSIM metrics on ShanghaiTech Part A, Part B, and self‐collected datasets. The last column
shows the improvements of each layer compared to the last layer.

Layers Metrics Shanghai-
Tech A

Shanghai-
Tech B

Self-collected
Data

Avg
Improvements

Decoder 1
PSNR 12.74 14.23 18.36 –
SSIM 0.32 0.41 0.46 –

Decoder 2
PSNR 18.04 19.95 24.14 +30.62%
SSIM 0.55 0.60 0.68 +46.23%

Decoder 3
PSNR 21.95 23.56 27.39 +12.81%
SSIM 0.68 0.76 0.81 +18.22%

Decoder 4
PSNR 23.31 25.15 29.63 +6.01%
SSIM 0.73 0.82 0.86 +6.95%

decoder module increases, indicating that deeper encoder-decoder modules with more layers

may have little impact on performance improvement.

Additionally, the ablation study is implemented to Encoder-decoder tomeasure the impact of

the module on the performance of SARLES system. The paper replaces the initial density map

generated by the original Encoder-decodermodulewith the intermediate densitymap generated

byDecoder 1, 2, and 3. The output of Decoder 4 is the output of Encoder-decodermodule. We

did the tests on all three datasets based on the two metrics, PSNR and SSIM. The comparison

results are shown in Table 4.4. It is observed that the quality of the initial density map is sig-

nificant for the final output refined density map. Compared to the results shown in Table 4.2,

high-quality initial density map can be improved better in the following DMSC and LPRmod-

ules (PSNR: 20.11% andSSIM:12.79% improvements for the initial densitymap generated from

Decoder 4). However, if the initial density map is in low quality, the improvements are very lim-

ited (PSNR: 9.49% and SSIM:7.21% improvements for the initial density map generated from

114



Table 4.3: Ablation study for Encoder‐decoder module. The four rows show the results for different decoder outputs with the
DMSC and LPR modules. The output of Decoder 4 is the initial density map we used in SARLES system.

Models Datasets Shanghai-
Tech A

Shanghai-
Tech B

Self-collected
Dataset

Decoder 1 +
DMSC + LPR

PSNR 13.43 15.33 20.71
SSIM 0.34 0.45 0.50

Decoder 2 +
DMSC + LPR

PSNR 19.94 21.52 23.95
SSIM 0.60 0.65 0.73

Decoder 3 +
DMSC + LPR

PSNR 23.78 25.91 32.23
SSIM 0.74 0.82 0.89

Decoder 4 +
DMSC + LPR

(SARLES System)

PSNR 24.07 29.45 35.59

SSIM 0.81 0.94 0.97

Decoder 1).

4.3.5 DMSC Performance Evaluation

This section aims to visualize and evaluate the effects of DMSC module in SARLES system.

The initial map segmentation is significant for the refinement process. Figure 4.7 shows some

sample results for initial density map segmentation. In column (a), the input initial density map

is displayed. All the initial densitymaps aremonochrome images and have been resized to a scale

of 1080× 1920 for further processing. In column (b), the initial 60× 60 = 3600 superpixels

are displayed. These superpixels are defined using the k-means clustering method. The value

and location of each initial superpixel in the image is the mean value of all the included pixels.

This step reduces the calculation load of the module, and the reduced resolution is sufficient for

accurate diverse density patches clustering. In column (c), the intermediate results of the third

iteration are shown. Most of the superpixels are well-clustered into patches, but some super-
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Table 4.4: Ablation study for Encoder‐decoder module. The four rows show the results for different decoder outputs with the
DMSC and LPR modules. The output of Decoder 4 is the initial density map we used in SARLES system.

Models Datasets Sh-A Sh_B Self-collect

ED with residual module
PSNR 23.31 25.15 29.63
SSIM 0.73 0.82 0.86

ED without residual module
PSNR 19.52 20.95 23.19
SSIM 0.53 0.61 0.65

Changes
PSNR -16.26% -16.70% -17.01%
SSIM -27.40% -25.61% -21.73%

pixels on the edges are still not because their values and locations are between two groups. The

clusteringmethods with small search radius are not able to group them and have to regard them

as noises. The targets of the following iterations are to cluster these superpixels into surround-

ing patches. Finally, in column (d), the output density map segmentation is presented. All the

superpixels are well-clustered into proper patches, and the patches are well-separated based on

the density features.

To quantitatively evaluate the effect of the DMSC module on the SARLES system, an abla-

tion study was conducted, comparing the proposed system with and without the DMSCmod-

ule using four evaluation metrics: MAE, MSE, PSNR, and SSIM. The results are presented in

Table 4.5. Without theDMSCmodule, the initial densitymap is directly fed into the LPRmod-

ule without undergoing the clustering process. This means that the LPR module is not able to

fully utilize the prior knowledge about the density classification. As a result, the performance of

the SARLES system drops significantly after the DMSCmodule is removed. It is worth noting

that the performance drop is smaller on the ShanghaiTech A dataset, which has many scenarios

with consistent density distributions. In such cases, there is little difference between the initial
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Figure 4.7: Some sample results for initial density map segmentation.

density map and the clustered density map. However, in scenarios with diverse density distribu-

tions, such as those in the ShanghaiTech B and self-collected datasets, theDMSCmodule proves

to be essential in accurately clustering the image intomultiple patches based on their density fea-

tures, resulting in amore consistent density distributionwithin each patch and different density

distributions among different patches.

4.3.6 Model Complexity

The complexity analysis of the SARLES system, as outlined in the provided table, presents a

concise overview of the system’s architectural details. The SARLES model consists of approxi-

mately 38 million parameters, indicating a sophisticated yet efficient design capable of handling

complex tasks. The model’s total size is measured at 147.55 megabytes, which reflects its sub-

stantial capacity for processing and analysis without being excessively large for practical applica-

tions. Furthermore, the SARLES system requires 5.8 billion floating-point operations per sec-
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Table 4.5: Ablation study for DMSC module. Compared to SARLES system, removal of DMSC can result in the increase of
MAE and MSE, as well as the decrease of PSNR and SSIM.

Models Datasets Shanghai-
Tech A

Shanghai-
Tech B

Self-collected
Datasets

ED+LPR

MAE 78.91 10.23 11.34
MSE 143.89 15.83 22.27
PSNR 21.85 23.52 25.14
SSIM 0.76 0.83 0.84

ED+DMSC+LPR
(SARLES)

MAE 69.08 8.33 9.07
MSE 116.12 12.12 16.42
PSNR 24.07 29.45 35.59
SSIM 0.81 0.94 0.97

Changes

MAE +14.23% +22.81% +25.03%
MSE +23.91% +30.61% +35.63%
PSNR -9.22% -20.14% -29.36%
SSIM -6.17% -11.70% -13.40%

Table 4.6: SARLES system Complexity Analysis

Model Name # Parameters Model Size FLOPs
SARLES 38M 147.55MB 5.8G
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ond (FLOPs) to function, showcasing its computational intensity and the intricate calculations

it performs to achieve its objectives. This analysis underscores the balance SARLES maintains

between complexity and efficiency, making it a powerful tool in its domain.

4.3.7 Results Evaluation & Analysis

The initial density as well as the segmentation results are input to the Local Patch Refinement

(LPR) module for final refined density map generation. To evaluate the performance of the en-

tire SARLES system, the paper compares the proposed SARLES system with five recently pub-

lished state-of-the-art methods, CSRNet [204], FCN [209], PCCNet [210], DM-Count [211],

andDISSINet [212] on ShanghaiTech, UCF-QNRF, CityStreet and self-collected datasets. Ta-

ble 4.7 shows the detailed comparison results.

ShanghaiTech Part A andUCF-QNRF focus on high-density situations, making them inher-

ently challenging. Methods such asDM-Count andDISSINet, which are explicitly designed for

pedestrian counting in these situations, demonstrate superior performance. These specialized

methods cater to the unique challenges posed by high-density scenarios. Although SARLES is

not the best-performing model, its design principles are optimized for transportation-oriented

pedestrian sensing.

ShanghaiTechPartB, consistingof situationswith lowerpedestriandensity to Sh-AandUCF-

QNRF, is notable for its variation in density. Such diversity necessitates a model maintaining a

reasonable balance between accuracy and the fidelity of densitymaps to the ground truth. This is

SARLES’s tru strength. Achieveing the highest scores in PSNRand SSIM, SARLES proves that

its generated density maps are very close to the ground truth. This aptitude in handling diverse

densities and maintaining high fidelity distinguishes SARLES from other traditional models.
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Table 4.7: The Detailed Comparison of Proposed SARLES System and the SOTA Methods on ShanghaiTech [1] Part A, Part B,
UCF‐QNRF [2], CityStreet [3] and Self‐collected Datasets

Methods CSRNet FCN PCC
Net

DM-
Count

DISSINet SARLES

Sh-A

MAE 68.17 126.51 73.52 59.7 60.63 69.08
RMSE 115.04 173.47 124.03 95.7 96.04 116.12
PSNR 23.79 22.18 22.78 24.74 24.18 24.07
SSIM 0.76 0.65 0.74 0.85 0.84 0.81

Sh-B

MAE 10.56 23.81 11.03 7.4 6.85 8.33
RMSE 15.95 33.10 18.96 11.8 10.34 12.12
PSNR 27.02 21.36 23.80 27.94 28.76 29.45
SSIM 0.86 0.79 0.90 0.91 0.93 0.94

UCF-
QNRF

MAE 266.14 153.18 148.71 85.6 99.1 108.64
RMSE 397.53 256.5 247.30 148.3 159.2 181.54
PSNR 12.40 17.22 17.64 23.17 22.84 23.31
SSIM 0.24 0.37 0.41 0.79 0.72 0.76

City
Street

MAE 14.93 24.86 21.71 12.24 11.62 9.37
RMSE 22.87 57.19 43.64 17.27 15.41 12.05
PSNR 26.46 21.85 22.31 26.23 26.54 38.15
SSIM 0.84 0.72 0.76 0.82 0.85 0.95

Self-
collected
Dataset

MAE 13.27 41.91 18.55 9.88 10.05 9.07
RMSE 22.30 63.74 31.28 13.52 14.87 16.42
PSNR 24.58 17.12 19.97 26.92 27.06 35.59
SSIM 0.76 0.46 0.67 0.82 0.89 0.97
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CityStreet andSelf-collectedDatasets captureurban scenarioswherepedestrians interactwithin

complex transportation environments. To evaluate SARLES’s performance in these environ-

ments, our research team amalgamated images from two camera perspectives within the CityS-

treet dataset with our self-collected datasets. This approach aimed to comprehensively evaluate

the performance of the proposed SARLES system. SARLES demonstrates its efficacy by out-

performing other methods across all metrics in these urban contexts. The inherent challenges

presented by these datasets, including diverse pedestrian density and intricate transportation

scenes, adversely affect competing methods. Their failure to accurately differentiate between

true pedestrians and false positives, which emerge from the complex background, leads to de-

creasedperformance. This highlights the importance of SARLES’s designprinciples, specifically

tailored to adeptly navigate the challenges of urban environments.

In summary,with its specializeddesign catering to transportation-orientedpedestrian sensing,

the SARLES system proves especially effective in datasets representing urban contexts. While it

may not be the top performer in high-density scenarios, its ability to handle diverse densities

and maintain high structural and visual fidelity makes it more robust. The shortcomings of

other methods in urban settings further emphasize the robustness and applicability of SARLES

in real-world transportation scenarios.

The visualized comparison amongMCNN,CSRNet, SCAR, andSARLES systemsonShang-

haiTech part A, part B, and self-collected datasets are shown in Figure 4.8, Figure 4.9, and Fig-

ure 4.10.

Figure 4.8 shows the sample results from comparison on ShanghaiTech Part A. Most of the

scenarios in the datasets are highly congested, but the distribution of density is continuous, and

the scale changes in the image are steady. Therefore, CSRNet, SCAR, and SARLES (ours) can
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all handle this situation well and perform similarly well on the dataset.

Figure 4.9 shows the sample results fromcomparisonon the ShanghaiTechPartB.Thedataset

is known forhavingoutdoor sceneswith lowormediumdensity anddiverse crowddistributions.

From the presented images, it is observed that SARLES outperforms all the other methods in

handling high-density, low-density, diverse-density, and complicated backgrounds. To highlight

the strengths of SARLES, we have marked four red boxes on the image. Boxes 1, 2, and 3 show

local low-density areas with uneven distribution, and SARLES can accurately capture these fea-

tures in the generated density map. Box 4 demonstrates the impact of complex backgrounds

on these methods. SARLES can correctly identify a false negative, while other methods exhibit

false positives. The results illustrate the excellent performance of SARLES in dealing with di-

verse density crowds and complex backgrounds.

Figure 4.10 shows sample results from comparison on the self-collected dataset. The three

columns of figures depict a busy intersection with pedestrian groups concentrated in the four

waiting areas or going across the street, resulting in dynamic density distribution. This scene also

contains complicated backgrounds, including road signs, traffic facilities, passing vehicles, and

clothing models in street shops, which can negatively impact crowd detection and lead to many

false positives. Three red boxes are drawn on the figures to highlight the challenges. Box 1 shows

traffic facilities on the roadside, box 2 shows a street shop model, and box 3 shows the passing

vehicles as well as roadmarkings. It is observed that SARLES outperforms all other methods on

this dataset by handling these challenges. These results demonstrate the excellent performance

of SARLES for pedestrian sensing in transportation scenarios.
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Figure 4.8: Sample results from comparison on ShanghaiTech Part A
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Figure 4.9: Sample results from comparison on the ShanghaiTech Part B
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Figure 4.10: Sample results from comparison on the self‐collected dataset
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4.4 Conclusion

In summary, this study addresses the common challenges for accurate pedestrian sensing in

transportation scenarios, including occlusion, complex backgrounds, scale variation, diverse dis-

tribution, perspective changes, small objects, and blurred regions. Then the proposed SARLES

utilizes a scale-aware approach to capture multi-scale features and perceive representation infor-

mation for more accurate pedestrian sensing. The system comprises three innovative modules:

Encoder-decoder, DMSC, and LPR. Firstly, the Encoder-decoder module captures global con-

textual information and handles the scale variability of pedestrians, improving the quality of the

final outputs by 98.27% in the ablation experiment. Secondly, the DMSCmodule segments the

initial densitymap intomultiple local patches basedon thedensity features andgenerates patches

with stable scale and density distributions. This module results in an average improvement of

20.54% onMAE, 29.17% onMSE, 18.94% on PSNR, and 8.71% on SSIM in the ablation exper-

iment. Finally, the LPRmodule utilizes an ensemble FCN network with various kernel sizes to

extract accurate local features from every input patch based on its density and scale features for

density map refinements. In the ablation experiment, the LPR module improved the average

performance by 21.08% onMAE, 26.85% onMSE, 13.29% on PSNR, and 7.34% on SSIM. In-

tegrating three innovative modules addresses common pedestrian detection challenges, making

SARLES a powerful tool for detecting and counting diversely distributed pedestrian groups in

complex transportation scenarios.
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Part III

Cooperative Sensing Technologies with Distributed Machine Intelligence
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5
Chapter 5. Real-time IoT System for Multi-camera Vehicle

Re-identification

This chapter is modified from the published work:

• C. Liu, H. Yang, R. Ke, M. Zhu and Y. Wang*. “Real-time IoT System for Traffic Sens-

ing by EdgeComputing andMulti-cameraVehicleRe-identification (ICTD32-RISTS)”,

Podium Presentation of AI & Big Data Track, Sensing and Data Analytics, Proceedings

of 2022 ASCE International Conference on Transportation and Development (ICTD),
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May 2022. Seattle, USA.

• 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. [213, 25]

5.1 Challenges andMotivations

With the rapid development of video processing and communication technology, surveillance

cameras arewidely implemented in IntelligentTransportation Systems (ITS). Today, the surveil-

lance cameras deployed in the road network are not only for transmitting the real-time traffic

data, but also for traffic sensing, transportation data analysis, road surface condition estimation,

and security management [214, 215, 216, 217]. Currently, in each city, hundreds of cameras

are distributed in the road network. However, the system has not been fully exploited: cameras

are isolated and can only extract information from their own Field Of Views (FOVs). To trans-

mit the raw video to the Traffic Management Centers (TMCs), huge data streams needs to be

transmitted, and large volume storage resources need to be allocated to the surveillance system.

Although video-based methods have been well-investigated by previous researchers, however,

most of them focus on single-camera information analyses, and only can be correctly deployed

on the powerful servers in TMCs. After post-processing by algorithms, the cross-camera infor-

mation (i.e., the same vehicle captured by various cameras) needs to be manually checked and

summarized by labors, which is unacceptable and unaffordable for most of agencies.

To extend the traffic manager’s eyes from a single camera to a camera system and facilitate

traffic sensing on a network level, Multi-Target Multi-Camera Tracking (MTMCT) and multi-

camera vehicleRe-identifiction (vehicleRe-ID) relatedworks are emerged [139, 143]. In thepra-

129



maryMTMCT framework, the system is feasible to detect and track objects across various cam-

eras with overlapping/non-overlapping views. Specifically, the MTMCT technology workflow

includes two steps: 1) single camera-based information extraction, generally including Multi-

Object Detection (MOD) and Single Camera Tracking (SCT); 2) extracting and matching the

same objects captured by distinct cameras and further associating them from various FOVs by

Vehicle Re-ID; With the booming of vehicle Re-ID algorithms development, researchers can

make the cameras to a real system and extract the information from multiple selected sensing

nodes together.

However, to apply the cutting-edge complicated researches for systematical traffic sensing,

challenges are almost everywhere. The first and foremost one is limited computing storage re-

sources. As mentioned above, MTMCT and vehicle Re-ID inputs are based on every single

cameramulti-object detection and tracking. Runningdetection and tracking algorithms for tens

even hundreds of cameras simultaneously is too expensive to implement for TMCs. Secondly,

using the video generated by various cameras as inputs, the individual differences of themcannot

afford to ignore. The resolution, lighting condition, frame rate, and orientation for each camera

deployed in the road network sometimes have huge dissimilarities. In this case, without individ-

ual features, using a unified Re-ID algorithm deploying on cloud or center servers for all inputs

can inevitably lead to a significant decrease in accuracy. Thirdly, even obtaining multi-camera

vehicle tracking and Re-ID results, the accuracy levels vary in different camera viewpoints, and

at different locations. How to efficiently use the outputs to sense and summarize traffic param-

eters is becoming a significant hurdle.

With the increasing computing power on the edge devices, the researchers see the light at the

end of the tunnel. With the popularize of IoT technology, processing the raw video data on
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distributed edge nodes, then selecting the representations of the objects is becoming a potential

way to achieve the network scale traffic sensing. Instead of streaming raw video data to TMCs

24/7, edge computing resources allowed each node to filter the original input, transmit the use-

ful object images to servers, and then use them as the input for the vehicle Re-ID algorithm.

Under the circumstances, each distributed edge node can contribute to the whole framework

and the pressure of computing resources for TMCs can be decomposed a lot. Also, muchmore

communication bandwidth can be saved for use in the V2X tasks. A huge amount of raw video

storage space can be economized by only collecting helpful recording clips, instead of raw data.

However, to build a hybrid IoT system for traffic sensing basedmulti-camera information ex-

traction is beset with difficulties. The first and foremost is how to boost the objects candidates

selection algorithm in real-time with high accuracy. Although real-timeMOD has been verified

to be feasible in many edge devices [218], however, how to make online tracking affordable is

an obstacle that needs to be overcome. Algorithm optimization, efficiency improvement and

consideration of differences in various FOVs are necessary. Secondly, after obtaining the track-

ing results with different object tracks, suitable represent images of each object need to be fur-

ther investigated. Additionally, reliable data transmission for multi-camera tracking and Re-ID

is indispensable, especially for such a time-sensitive (vehicles passing a camera normally in sev-

eral seconds) task. Furthermore, different from well investigated image-based and video-based

Re-ID, automatically cross camera objects matching is highly related with the Rank-1 accuracy.

Re-design and improve SOTA Re-ID frameworks and customize an object Re-ID algorithm

based on short reorientation clips need to be developed. Besides, instead of visual features, find

a possible solution for utilizing the roadway geometric features, road network graph node and

link connectivity, and spatial-temporal constraints to aid the limited clip information for cross-
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camera objects Re-ID process is a topic for further exploration.

In summary, the authors proposed a comprehensive hybrid IoT system for network-scale traf-

fic sensing solution by edge computing and Vehicle Re-ID – Real-time IoT System for Traffic

Sensing (RISTS). The team claims the technical contributions as follows:

• A comprehensive hybrid IoT workflow RISTS for network-scale traffic information es-

timation has been investigated and tested. Four components are included: edge nodes

objects representations selection; cross-camera objects Re-identifiction, traffic informa-

tion estimation; and TMCs traffic manager interactions. This is the first IoT system for

cross camera traffic information estimation to the research team best knowledge.

• To boost the edge objects representations selection framework works in a real-time man-

ner, each edgenode is integratedwith theNVIDIAAGXXavier embedded edge-computing

platform, running the adapted andoptimizeddeep learningbased videoprocessing frame-

work, to achieve the vehicle detection, tracking and representation selectionover the stream-

ing pixels in a real-time manner. Based on the experiment on the real dataset collected in

midsize USA city, the edge achieved average MOT IDF1 at 81.84%, 76.63%, 73.91% and

71.42% with 34.4, 33.6, 34.2 and 33.9 FPS at the light, normal, busy and heavy traffic

conditions, respectively.

• Tomatch the edge inputs and get precise and reliable Rank-1 result, a novel Re-ID frame-

work is proposed and integrated into the RISTSworkflow. Four hierarchical levels of fea-

tures, including frame-level, clip-level, identity-level (vehicle attributes information) and

network connectivity information (road graph constraint) are integrated into the pro-

cess. An attributes-aware multi-query to candidate re-ranking mechanism is designed to
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improve the best candidate match performance. Based on our extensive experiments on

two datasets, our Re-ID algorithm significantly outperforms other SOTAmethods with

90.14% and 92.43% on Cityflow and Freeway Sensing Video (FSV) dataset, respectively.

• With RISTS, the traffic sensing scale extended from point-based to the link and network

scales. To extract the accurate information from various camera pairs with difference Re-

ID accuracy, a precision-aware kernel density estimator is integrated in RISTS instead of

using the Re-ID result directly. By comparing with the metadata, the link travel time and

speed distribution estimation can achieve less than 1.01 KL distance. The area network

OD extraction is within 2% error.

• The RISTS is an affordable, easy to scale up, less bandwidth and power consuming solu-

tion. By maximizing the potential of the hybrid IoT architecture, RISTS can save much

moremoney on the server hardware, including bothGPUs (onlywith 25%) and data stor-

age (10% of data volume). Considering hundreds of traffic sensing cameras are necessary

in a city, the total cost will be only 30% or less with a muchmore comprehensive network

sensing ability.

5.2 Methodology

5.2.1 Overall Framework Architecture

To be brief, four components are involved: edge nodes, communication system, edge server and

TMC control center. TMC is the control center of the whole system for admitting the input

from traffic managers to visualize the results. Including n edge nodes are separated in the road

network. The object detection, single-camera tracking, clips selection and generation are simul-
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Figure 5.1: Workflow of RISTS

taneously running on the edge devices. Via the TCP/IP socket-based onWiFi, clips are summa-

rized and sent to the edge server. Then, the edge server is used to finish heavy computation tasks,

including the cross camera objects Re-ID, traffic information estimation and send the necessary

parameters to all edges and the TMCs.

In general, there are four components are involved: multiple edge nodes, communication

system based on TCP/IP socket, the edge server and TMC control server. The FIGURE 1.

shows the workflow ofRISTS. InRISTS, TMC are the control center of the whole system. The

system can admit the input from traffic managers, including attributes information (weather

condition, road type), choosing camera groups and also use to visualize the traffic network in-

formation estimation results. Then,N edge nodes are separated in different locations of the road
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network. Each of them are equipped with anNVIDIA Jetson AGXXavier to support real-time

object detection, single-camera tracking, tracker clips selection and generation. Via the TCP/IP

socket-based on WiFi, tracker clips and the spatial-temporal information are summarized and

sent to the edge server. The last component in the RISTS is the edge server, which is the central

node for listening and summarizing the belonging edge nodes’ information and finishing the

cross camera tasks. The tasks include clips features extraction, candidates filter and selection,

cross-camera vehicle Re-ID, traffic information estimation, and communicating the necessary

parameters to all edges and the TMCs.

5.2.2 Edge-sideMethodology

Figure 5.2: Optimized detecting and tracking framework on edge device. The YOLOv4 detector and Deep SORT tracking with
OSNet and Optical flow are customized for real‐time processing.

Real-timeMulti-object Detection and Tracking

Deep learning feature extractors are usually the bottleneck in online tracking algorithms, which

makes them unscalable for real-time applications, not to mention running on the edge devices.

To achieve faster processing on the edge side, we choose to use YOLOv4 [85] and Deep SORT
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as basic structure. YOLOv4 [120] is a famous single stage detector with a CSPDarknet53 back-

bone, SPP neck [219] and YOLOv3 [84] Head, which can achieve the balance of processing

speed and accuracy. In the experiment, we retrained the detector by two datasets: MIO-TCD

[220], and LHTV [221].

Inspired by the current state-of-art joint detection and embedding [222], Tracktor [223] and

Fast MOT [224], the researchers designed a mechanism for the tracking feature extractor. As

shows in the FIGURE2. in the practice, the feature only extracted everyK frames and thenusing

as the frame-level features. Since the surveillance cameras are always mounted at a certain point

with a stable background, optical flow [225] is thenused to fill in the gaps. Towards a lightweight

and reliable feature extractor for clips, the team chooses to implement the omni-scale network

(OSNet) [226]. In OSNet, to efficiently capture the spatial dependencies and avoid introduc-

ing many parameters, the building block is operated through pointwise and depthwise convo-

lutions. A unified Aggregation Gate (AG) is integrated into the tracking framework for dynam-

ically fusing multi-scale features with various input-dependent channel-wise weights. Based on

the customized design, OSNet achieves impressive feature extraction results with a featherlight

architecture.

Clip Selection and Generation

After the real-time detection and online tracking procedures, the object are cut into different

tracks. The nest step is to select N frames of a track with the high quality representativeness

and consist into a clip C . Here, the selection rules are related with several factors, including

the object detection confidence (θ ), object size (S ) and the attributes input (weather condition

and road type). A size normalization is integrated into the selection process by regarding the
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biggest size frame of a track as unit. Then, a confidence θi is used as the bottom value to filter

the low-confidence frames. Define the object frame k score as ρk, Then calculate the score for

each frame for each tracker:

ρk = {θ k ∗S k|θ k > θi} (5.1)

With the value of ρk, the next step is to select topN frames with largest result of ρk as rep-

resentative frames to consist a C . The last task for the edge is to send the C for each track to

the sever for further processing by TCP socket protocol. It is worth noting that for different at-

tribute inputs, the θi andN can be changed by the real situation. The detail parameter settings

are in the experiment section.

5.2.3 Server-sideMethodology

After receiving the the clips and attributes information from edge devices, the server keeps run-

ning four threads simultaneously tomatch the information amongmultiple cameras. Thewhole

processes show in FIGURE 3.

RoadNetwork Graph Constraint

In order to save computing resources, before extracting vehicle representations, the researchers

use road graph restrictions and travel time restrictions to filter the set of potential matching tar-

gets. The first step is to build the adjacent matrix A for the installed cameras. Based on the

connection information ofA, the second step is setting up the query and gallery camera pairPij,

which represents matching the objects using the camera i as query set and j as candidate set. The

third step is to set the match time constraint. Based on the transportation domain knowledge
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Figure 5.3: RISTS_Re‐ID workflow on edge servers visualization

support, the research team using a matching time window by considering the real-time travel

time reliability. Considering the average travel time at time t is tij, considering a buffer index (bij,
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varies with time of a day), and then the matching time window length is

TPij = (tij · (1− bij), tij · (1+ bij)). (5.2)

The detail value of the bij is various for different cities at different time of a day. In this pa-

per, the author using the bij by referring the city’s congestion level and the travel time reliability

summarized in [227].

Frame-level Feature Extraction

After receiving the clips (I) from edge nodes, the frame-level features extraction is designed for

capturing necessary information using for vehicle Re-ID. Here, the research team extracted the

features of each single frame from the ResNet50 [228] backbone pre-trained on the ImageNet

[229] and CityFlow [230] datasets. The 2048 dimensional vector of the fully-connected layer is

treated to represent the appearance features (fIai) for each frame.

From previous research, pose and orientation shows significant impact for the human and

vehicle Re-ID result. So, the team integrates the car key points estimation to represent the pose

and structural features. In detail, by using the car key points network estimation proposed by

[231], 18 vehicle surfaces can be obtained by each input frame. Then, by concatenating the

nodes of surfaces in order, the researchers can convert the 3D information into a 72-dimensional

vector. Then, embedding the obtained vector to a 2048 dimensional vector to represent the

vehicle pose features (fIpi).
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Figure 5.4: The pose‐aware clip‐level feature extraction component visualization

Clip-level Feature Extraction

After obtaining the frame-level features, the team uses the pose-temporal attention mechanism

to fuseC frames features into a clip-level feature (fIc). The detailed process is shown in FIGURE

4. For the appearance features fusion, a 2D convolution operation is used to capture the spatial

correlations of neighborhood frames. Meanwhile, for better utilizing the vehicle pose features,
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an embedding process is designed by multiplying a parameter matrix ofW ∈ R72∗2048. Then,

apply pose-attention to the two vector sets with the same size of R2048∗T and fuse into a final

vector. Then, to leave the raw pose information for further comparison, another smaller embed-

ding is used to map the (fIpi) into a 256 dimension vector and then concentrate with the output

of the pose-attention. Both vectors constant the final clip feature (fIc) of clip I.

Vehicle Re-ID by Clips

After obtained the features of each clips, then the similarity calculation can be measured by the

Euclidean distance. Only top five closest targets will be used as the alike candidates sets (A ) and

then considered for further re-ranking.

The loss function of the vehicleRe-ID is consists of twoparts. Considering the task somehow

contains classifications, the cross-entropy (Xent) loss is included.

LXent =−
P

∑
i=1

log(p(i))q(i)), q(i) = δi,j, (5.3)

Meanwhile, inspired by metric learning used in human Re-ID, triplet loss is widely used for

distinguishing intra-class and inter-class differences. Batch hard (BH) triplet loss [232] shows

promising results. However, a significant fundamental difference between vehicle and face Re-

ID tasks, which is no people with the same appearance in the world, but there are cars with

exactly the same appearance features. If training the vehicle Re-ID model using BH loss, the

processwouldbe too tough toobtain reliable results if the samevehicle exists. So, in this research,

the team uses batch sample (BS) instead [233, 139] of BH triplet loss intomodel training. In BS

loss, a mini-batchB is defined in the following equation:
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LBS(θ ;B) = ∑
all batches

∑
a∈B

ltri(a), (5.4)

Where

ltri(a) = [m+ ∑
p∈P(a)

wpDap− ∑
n∈N(a)

wnDan]+, (5.5)

In equation (5),wp are the weights of positive samples,wn are the weights of negative samples,

Dap are the distances of anchor sample to the positive samples, Dan are anchor samples to the

negative samples, andm represents the predefined margin value.

The final loss function of the proposedRISTS_Re-IDmethodology is a combination of both

BS triplet loss and cross-entropy loss, as shown in the following,

LReID = λLBS+(1−λ )LXent. (5.6)

Attribute-aware Re-Ranking

To obtain cross-camera traffic information, the toughest part is a reliable matching result with

precise top-one accuracy. In this research, the team integrates a light attributes classification of

the final alike candidates’ sets (A ) to choose the best one. Since the appearance features and

pose features have already been well used in previous steps, object attributes features, including

vehicle types, brand, color and module are included in the process. For the balance of com-

puting time and classification accuracy, Light-CNN, proposed by Wu et al. [234], is adopted

into this process. The MFM_fc1 layer with 256 dimensions, and then expanded into 512 by

a fully-connected layer is used for final classification features. Using pi and pj as the metadata

probabilities, for samples i and j from classes ci and cj, then the meta-data distance can be shown
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in the following equation:

Dm(q,gi) = ∑
n
dn(q,gi), (5.7)

where q represents a query clip and gi represent the ith candidate. In detail,

dn(q,gi) = c(pi) · c(pj) · (−lognP(ci = cj|pi,pj)). (5.8)

And the c(pi) is the KL distance between pi and the uniform distribution. The n is the number

of classes defined in the dataset.

Finally, the candidates are re-ranked by the distance in the equation (9)

D = De(q,gi)+β ·Dm, (5.9)

where theDe is the euclideandistance obtained from the clipsRe-ID.Theβ a hyperparameter

that can be tuned in the experiment.

5.2.4 Traffic Sensing by Vehicle Re-ID

Point-level Traffic Information Extraction

Through each node deployed in RISTS, point-based vehicle counts can be obtained by the de-

tection and tracking algorithms in real-time. Meanwhile, based on the general definition that the

traffic flow rate as the number of vehicles passing a point in a given time period usually expressed

as an hourly flow rate. RISTS can easily obtained the flow rate by summarizing the count value

every per time unit (i.e., per hour).
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Link-level Traffic Information

Cross camera information extraction enable RISTS can be used for estimate link-level traffic

information (i.e., link travel time, speed) in a high penetration rate. Firstly, several parameters

need to bed defined: Tr, Tl represents the thread time length for vehicle Re-ID to select the

bestmatch candidate and time length for extracting cross camera link information from the best

candidate match pool. In this research, Tl is consists ofM continuous Tr.

For the link information estimation, the input are the clips pairs in the best candidate pool

and their attributes information. Assume the time for object vehicle v passing the camera i is tvi

and then passing the camera j is tvj , then the travel time of v from i to j is tvj minus tvi . Suppose we

have V vehicles in the pool, then calculated all the vehicles’ travel time and speed (link distance

over travel time). Based on the values, estimates the real-time cross camera travel time distri-

bution based on Kernel Density Estimation (KDE) and Kernel Smoother (KS) [235]. In the

traditional way, researchers always use a parametric probability approach to estimate the cross-

camera traffic information (i.e., travel time, speed, etc.) distributions. The basic assumption of

the proposed approach is the traffic information distributes similarly to a specified distribution

and then estimation necessary parameter based on the observed data. However, the large errors

and limited capability of handling complex scenarios make these methods unsuitable for cross-

camera scenes. Here, the research team introduces KDE and KS as a nonparametric approach

for estimating probability distributions. The proposed approach enables the construction of

travel time distribution 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 (X ) by the KDE and KS is shownmathematically as:
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f(Xij) =
1
nh

n

∑
i=1

K(
x− xo
h

). (5.10)

In equation (10), Xij are variable need to estimated, including speed (lsij) and travel time

(tij). n is the number of observations and h is the kernel bandwidth that controls the smoothing

level of PDF. K represents the kernel function and the researchers using the Gaussian kernel

here. With the f(tij) and f(sij), information like link speed distribution and travel time reliability,

congestion level can be obtained.

Network-level Traffic Information

After obtaining the vehicle Re-ID information between adjacent cameras, combined with the

graph of the road network, the trajectory of the vehicles can be extracted. Accumulated the tra-

jectory by every time period (network information extraction thread time length,Tn), areaOrig-

ination andDestination (OD) information can be extractedwith the channelized characteristics

of roads. Subsequently, the utility level, the traffic flow distribution, and the OD distribution

can be extracted in realtime. 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.

5.3 Experiment

5.3.1 Dataset Description

Cityflow

TheCityflowVehicleRe-IDdataset is proposed byNVIDIA in 2019 [230], whichwas captured

by 40 traffic cameras, including the scenario of intersections, street roads and highways. In this
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research, the Cityflow dataset is used to train and evaluate the detection and vehicle Re-ID algo-

rithm performance deploying on the edge server. In detail, a total of 666 vehicles are 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. Due to the testing query

set are only a single image, is not well suited into the clip-based scenario. So we use the original

20% of the training set as the testing set.

Freeway Sensing Video (FSV) Dataset

Due to the time length of each surveillance video clip in Cityflow dataset is too short (average

length is only 4.88 min) and not included 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) video and includes four different cameras

on Interstate 5 freeway, with the video format of 1080p/30 fps. The illustration of the FSV

dataset is shown in the FIGURE 5, with the FSV cameras (from camera #1 to camera 4) lo-

cation, orientation and view. All the image frames include ground truth time and the camera

location GPS information. Among the camera links, the longest distance is 3216 m, and the

shortest is 405 m. In this research, a total 40.12 minutes of video is used to fine-tune the detec-

tion, tracking andRe-ID algorithms, and 218.23minutes of video are used to evaluate the traffic

sensing framework performance. In evaluation, using the long video as input of the edge devices

for real-time detection and tracking, and then send the clips to the server with spatial-temporal

information for cross camera vehicle Re-ID and traffic information estimation.
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Figure 5.5: The detail information of FSV dataset, including 4 camers locations and view point

5.3.2 Edge-side Experiment

Edge-sideWorkflow and Algorithm Adaptation

The Nvidia Jetson AGX Xavier is choose as an embedded edge platform for real-time vehicle

detection, tracking and clip selection, integrated with an 1080P camera. The Xavier has eight147



Figure 5.6: The combination of RISTS edge nodes workflow with Jeston Xavier computational resources

Carmel CPU and eight Volta SMGPU to consist the CPU andGPU cluster. To fully stimulate

the computing potential on edge nodes, the entire work flow running on the edge side of RISTS

is combined with the reasonable Xavier resources without overlap in one cycle. As FIGURE 6.

shows, the CPUs are divided into seven groups for handling OS system, input preparation, data

processing for algorithms, output preparation and output control, then one for communication

receiving orders from TMC and another is used to transmit to data to edge servers. Then, the
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GPU cluster is incharged for handle the detection and tracking script. The CPU andGPU clus-

ter share the information through the cache for each cycle. To speed up the whole edge frame-

work, the detector and feature extractor use the TensorRT backend and perform asynchronous

communication inference. In addition, all code finished by Python language, including Kalman

filter, optical flow, and data association, are optimized using Numba.

Edge-side Parameters

The parameters using on the edge nodes are as follows:

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

associations by optical flow. Here theK is equal to four.

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

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

• object size (S ) here is no less than 500 pixel.

Edge-side Detection and Tracking Performance

For the real-time multi-object detection, the authors 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 IoU threshold as 50%, then the Area-Under-Curve

(AUC) for each unique recall mean average precision (mAP@0.50) is 85.55%.

The teamevaluated the real-timemulti objects tracking result separately under different traffic

conditions (light traffic (less than50v/min), normal (50v/h to 85v/h) andbusy (85v/h to 120v/h)
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heavy (more than 120v/h), with the accurate result and the computational performance. The

results are summarized in the Table 2.
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Table 5.1: The Multi‐object detection and tracking performance on four RISTS edge nodes

Traffic
condition

Camera #1 Camera #2 Camera #3 Camera #4
IDF1 MOTA FPS IDF1 MOTA FPS IDF1 MOTA FPS IDF1 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 20.1
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
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As shown in Table 2, The scripts are deployed on edges can perform real-time MOD, MOT

and candidates selections process with reliableMOT 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 10-15 FPS as standards, such a performance can satisfy all kinds of real time traffic

multi-object detection and tracking with post processing.

5.3.3 Vehicle Re-ID Experiment

Vehicle Re-ID 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 RISTS, the edge server is equipped with A

CPU of Intel Core-i9 9900K and two GPUs manufactured by NVIDIA. The cost of the server

is around $3500. The server can support up to eight RISTS edge nodes input. The operating

system is Linux system and the RISTS_Re-ID is implemented by PyTorch.

RISTS Vehicle Re-ID Parameters

The parameters using on the edge nodes are as follows:

• bij 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

Evaluation Network (DRIVE Net) platform developed by the Washington State of De-

partment of Transportation and University of Washington.
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• The clip level features (fIc) is fused by C frames, and here the C is equal to four.

• Each vehicle can be obtained two clip level features (fIc) by fuse frame zero to three and

one to four, then used for re-ranking together.

• The λ in equation (6) is 0.5.

• The β in equation (9) is 0.4.

Vehicle Re-ID Results Summarization and Comparison

Figure 5.7: The RISTS_Re‐ID Framework Result Visualization on FSV and Cityflow dataset

To show our proposed RSITS_Reid’s potential in vehicle Re-ID tasks, the research intro-

duced four SOTAmethods.
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Table 5.2: The RISTS_Re‐ID Framework Result Summarization and Comparison with SOTA Methods

Type Method Accuracy
Rank-1 ↑ Rank-5 ↑ mAP ↑ Infer time (s/b) ↓

FSV dataset

BoT 80.03 82.92 69.58 0.201
AGW 80.55 84.05 68.22 0.226

BoT_ibn 82.57 85.23 71.68 0.202
SBS 82.08 85.95 72.62 0.317

RISTS_Re-ID 90.14 93.72 77.01 0.309

Cityflow2021

BoT 85.45 87.86 70.11 0.142
AGW 86.74 88.98 72.31 0.165

BoT_ibn 88.79 90.58 75.57 0.214
SBS 88.13 90.72 75.04 0.251

RISTS_Re-ID 92.43 94.87 80.09 0.242

BoT [236]. Bag of Tricks (BoT) is a well-known baseline for deep human Re-ID. Here, the

author re-train themodel by a 256*256ResNeXt50 as a backbone, withGlobal Average Pooling

(GAP). Cross-entropy and triplet loss are integrated into the BoT.

AGW [237, 238]. Attention Generalized mean pooling withWeighted triplet loss (AGW) is

proposed in 2020. Here, the author re-train the model by a 256*256 ResNeXt50 as backbone,

withAttentionGeneralizedMeanPooling (AGMP).Cross-entropy andweighted triplet loss are

used in the model.

BoT_ibn [236, 239]. 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 [237]. SBS is proposed in the Fast Re-ID framework by integrating the SOTA tricks

used in the Re-ID tasks. Here, the author re-train the model by a 256*256 ResNeXt50 as the

backbone, with on-local block (NL). The Generalized Mean Pooling (GMP) is used to down-

sample the vector. Circle Softmax is used instead of traditional linear classification layers. Both

Cross-entropy and weighted triplet loss are integrated into the BoT.
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The results are summarized into Table 3 and visualized on the FIGURE 7., including the

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

icantly outperforms other SOTAmethods on both datasets, especially on the Rank-1 accuracy.

On the FSV dataset, the RISTS achieves 90.14% Rank-1 and 3.72 Rank-5, with the best mAP

accuracy. As mentioned before, to extract link traffic information, Rank-1 accuracy is the most

important measurement need to be improved. The customized attributes-aware multi-query

and re-rankingmechanismplay an essential role in enhancing theRank-1 accuracy. Such a result

indicates that the RISTS Re-ID results can sufficiently support traffic information estimation.

5.3.4 Traffic Information Estimation Evaluation

The final target of RISTS is to sense the information atmulti-level of traffic networks, including

node, link and local area. Here, the research team mainly evaluate the link and network level of

traffic information estimation, including link travel time and speed, as well as network OD flow

distribution.

Link Information

The link speed and travel time are two key parameters to be estimated. Different from the tra-

ditional method, for RISTS, the research team estimates the distribution instead of the average

value. The FIGURE8. shows the box plot ofmetadata and estimated distribution. From the re-

sult, both the travel time and speed are obtained a very close distribution (with less than 1.01KL

distance) for three camera link. For the link travel time, the distribution of Cam1-2 andCam3-4

are obtained0.09, 0.11KLdistance respectively, which canbe treated as the same. For theCam2-

3, due to two exits are located in the road section, as well as the road network graph constraint,
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Figure 5.8: Link travel time and average speed distribution estimation comparison

the estimated 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 average 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 FlowDistribution

AreaOD estimation is a long-lasting challenge for traffic sensing. The previousmethodsmainly

rely on vehicleGPSdata capturedby the onboarddevice. However, theGPS tracking equipment
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Figure 5.9: Area OD estimation and comparison by RISTS

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 [240]. However,

with RISTS, the researchers can kill two birds with one stone. The RISTS 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 9., the RISTS 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 ODwith high precision.

157



5.3.5 System Evaluation

Due to the RISTS is the first proposed IoT system for network-level traffic sensing framework

by multi-camera Re-ID, we 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 andmulti-camera Re-ID. Such a framework is the currentmost popular structure

and implementedbypioneer researchers [143]. Themotion-trigger-basedmethods are proposed

in recent years [241, 242]. 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.

In this research,we conducted a comparisonwith video-based andmotion-trigger frameworks

by conducting same workflow in MOD and MOT. For the vehicle Re-ID component, due to

the RISTS_Reid is customized and can not suit for the video based Re-ID framework, we using

the SOTA video-based SBS Re-ID framework in the workflow. The detail system information

can be found in TABLE 4.

Communication Efficiency

The communicationband-with requirements are always the traffic engineersworried aboutwhen

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-
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Table 5.3: System information of three multi‐camera traffic sensing architecture

Name Video-SBS Motion-SBS RISTS

Hardware two Titan Xp two Titan Xp four Jeston Xavier and one Titan Xp

Archt. online MOD andMOT, Re-ID online MOD, offlineMOT, Re-ID online MOD andMOT, Re-ID

Sys Power 846w 825w 4*34.2w+402w

Cameras 4 4 4

Latency 198.98s 42.74s 10.21s

cles Re-ID utility in transportation information collection. However, with the RISTS 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 our experiment, the av-

erage data stream is only 8.1% of videomethod and 24.4% of motion-triggered IoT system. The

RISTS makes traffic data in the rural and low communication band-width area also can enjoy

better transportation services by SOTA IoT technologies.

Power and Computational Consumption

With the help of edge and center IoT structure, the power consummation, computational la-

tency can be much more saved based on the experiment. Here, we evaluated the computational

latency from the video clip input to obtain the traffic information estimation results, and then

average the latency on each vehicle. The team found that the traditional video-basedmethod are

with the highest latency due to the server is in charge ofmultiple videoworkflow simultaneously.

Even twoTitanXp is installed, such a framework is the highest latencywith themaximumpower

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 RISTS performs only 5% of the latency, 63% of the power consummation, with
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the highest Re-ID accuracy.

Scalability
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When the traffic managers consider actual deployment, scalability becomes one of the most

significant factors. For the video based system, the department not only need to pay for the

hardware system, but also the fee of database, communication services, power supply, and peri-

odical maintenance. Here, the research team compared the RISTS with traditional frameworks

in TABLE 5. From the comparison, it is easy to find that RISTS has multiple advantages. For

the original video processing framework, one server can only deal with two video streams. A

huge amount of cost needs to be spent on GPUs and data storage. The motion-trigger method

can reduce half of the communication and data volume, bu the cost is higher when nodes are

limited. Compared with the previous two frameworks, RISTS has four advantages. 1) Due to

the hybrid Iot architecture, RISTS can save much more money on the server hardware, includ-

ing both GPUs (only 30%) and data storage (5%). 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 bandwidth can fit into the system. 4) The power consummation

is much more user-friendly. The total cost will be only 35% or less if twenty nodes are included

in the RISTS. Considering the number of cameras installed in the current surveillance system

for traffic monitoring, the RISTS is a solution with high reliability, low price, and easy manage-

ment.
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5.4 Conclusions and FutureWork

In this research, the authors proposed a hybrid IoT system – RISTS for extracting the com-

prehensive network-level traffic information by edge artificial intelligence andmulti-camera Re-

identifiction. As whole new traffic sensing architecture, RISTS provides network-level vehicle

Re-identifiction and traffic information estimation without using the steaming video. By max-

imizing cooperation of the edges and Traffic Management Centers (TMCs) computational re-

sources, orchestrating data transmission and integrating road network graph features, RISTS

can precisely model the network-scale traffic information in a flexible, cost-effective and easy-

scalability IoT workflow.

Future research of RISTS is planned as follows. For the edge artificial intelligence, especially

the multi-camera vision information extraction, the team will integrate and integrate various

smart edge nodes with various types of sensors, such as UAV cameras and on-board cameras,

as well as thermal cameras to build up a more inclusive Re-ID and tracking algorithms. Also,

exploring the graph representation features extraction model and fuse the spatial-temporal in-

formation with graph information, and then automatically generate the camera loop based on

the algorithms will be another necessary point very necessary.
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6
Chapter 6. Cooperative and Comprehensive Multi-task Surveillance

Sensing and Interaction System Empowered by Edge Artificial Intelligence

This chapter is modified from the following published works:

• C. Liu,H. Yang, R.Ke,W. Sun, J.Wang andY.Wang*. ”Cooperative andComprehensive

Multi-task Surveillance Sensing and Interaction SystemEmpowered byEdgeArtificial In-

telligence.” Best Paper Award of TRB AED30 Committee, Lectern Session, Proceedings

of the 102ndAnnualMeetingofTransportationResearchBoard,WashingtonD.C.USA,
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Jan. 2023.

• C. Liu, H. Yang, R. Ke, W. Sun, J. Wang and Y.Wang*, 2023. ”Cooperative and compre-

hensive multi-task surveillance sensing and interaction system empowered by edge artifi-

cial intelligence.” Transportation research record, 2677(9), pp.652-668. [35]

• C. Liu, H. Yang, Z. Cui, R. Ke, and Y. Wang*. ”Cooperative and Comprehensive Multi-

task Surveillance Sensing and Interaction System Empowered by Edge Artificial Intelli-

gence” in Transportation Research Record, 2023.

6.1 Challenges andMotivations

Modern society faces severe challenges in the transportation systems, including, but not limited

to, traffic congestion, injuries, and lack of perception fatalities. To overcome these challenges,

taking advantage of the development of sensing technologies in the past decade, a variety of sen-

sors have been introduced to the transportation community and used in the development and

evolution of ITS. Combinations of advanced sensors, data process algorithms, and communica-

tion systems are applied in different transportation applications. Based on theNational ITSRef-

erence Architecture published by the United States Department of Transportation (USDOT)

[243], the target clients of ITS services can be summarized into four categories: vehicles, travel-

ers, infrastructures, and control centers. Therefore, in the past decade, thousands of researchers

studied and exploited new combinations of sensing systems (i.e., the combination of sensors,

algorithms, and communication systems) for various kinds of clients and applications. A report

[244] published by USDOT in 2018 reviewed multiple ITS case studies and proved the effects

of ITS on advancing traffic safety, mobility, and environmental sustainability.
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While these technologies have the potential to revolutionize the way in which transporta-

tion systems operate, they also raise new questions and concerns. [14]. The studies related

to ITS prioritize technological advancements over the practical needs and demands of users.

This has resulted in a situation where many studies focus more on the development of cutting-

edge technologies oriented systems rather than on addressing the real-world problems faced by

road users or managers. Focusing too heavily on technologies while ignoring users’ needs can re-

sult in bloated and redundant sensing systems in ITS. As we know, transportation is a complex

system that involves various components, including travelers, vehicles, infrastructure, environ-

ment, and control centers. As a result, the demands for similar sensing tasks may vary among

different transportation system users, leading to a diversity of solutions. Set speedmeasurement

as an example, while transportation agencies tend to use loop detectors to gather speed infor-

mation for traffic flowmanagement purposes [48, 154], individuals such as drivers prefer to use

advanced onboard sensors, such as radars, to capture the speed of their and surrounding vehi-

cles for the purpose of travel safety and efficiency. This disparity in preferred sensors highlights

the varying demands and needs among different components of the transportation system and

leads to the sensor and data explosion in the field [36]. The vast amount of multi-source data

generated from different sensors is overwhelming data centers and hindering the full potential

of ITS. Estimates suggest that all data centers globally can only handle approximately 20 ZB,

while approximately 850 ZB are generated daily in 2021 [159]. Furthermore, the design ofmost

sensors to provide sensing services exclusively to their target users often leads to an uncoopera-

tive sensing system where information is not shared among different components. This lack of

collaboration results in the generation of a large amount of redundant data, which then leads

to increased costs and decreased efficiency due to repetitive processing. In addition to efficiency
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issues, the limitations of uncooperative systems also include potential risks from blind spots and

the inability to achieve systematic optimization due to a lack of global information. In conclu-

sion, ignoring user needs and only focusing on technologies in the design of the sensing system

leads to a decrease in safety, as well as an increase in redundancies and costs.

To address the above challenges, the research team proposed the idea of ”Sensing as a Ser-

vice (Saas),” aiming to develop a user-demand-oriented sensing system. The team collaborated

with the Washington State Department of Transportation (WSDOT) and the City of Belle-

vue to set up two real-world testbeds to evaluate the system’s performance. Based on the ac-

tual needs of the road users and transportation agencies, the team developed a transportation

application-specified Cooperative and Comprehensive Smart Edge Node for Sensing and Op-

eRation (COCO SENSOR) system. The architecture of the COCO SENSOR system, shown

in Figure 1, consists of four levels. The first level is the application level, which determines the

needs of the different users in the application scenarios. The team focused on two well-defined

transportation applications: traffic status for transportation agencies and real-time safety warn-

ings for road users. The second level, sensing technologies, is designed to fulfill the needs defined

in the first level and utilizes parallel computing to performmultiple sensing tasks efficiently. The

third level is responsible for identifying the necessary data to support the sensing technologies

in level two, while the fourth level involves the sensors used in the COCO SENSOR system to

provide data inputs to the third level. The four levels are connected through communication

systems, both local and global.

COCOSENSORcanaddress the above challenges in the following threeperspectives. Firstly,

the COCO SENSOR introduces an edge computing mechanism in the system to process

the raw data close to where the data is generated. With the assistance of edge computing,
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Figure 6.1: COCO SENSOR System Architecture Illustration.
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most of the data can be processed locally, and only sensing results are transmitted back to the

server. Therefore, integrating edge computing with customized algorithms can address data ex-

plosion challenges by significantly reducing the computation loads of central processing units.

Secondly, intra-unit cooperative sensing is the approach proposed in COCO SENSOR to

connect all the sensors in the system and share the sensing results with all the demanded

users. The paper introduces multiple cooperative sensing models for various applications. Fi-

nally, achieving ”Sensing as a Service (SaaS)” is always the key target throughout the cus-

tomization of COCO SENSOR.Traditional sensing system focusesmore on sensors and sens-

ing technologies. However, COCO SENSOR treats sensing as a tool to serve the users in ITS.

The first level in COCO SENSOR is transportation application, which determines the follow-

ing three levels: sensing technologies, sensing data, and sensor selection. Therefore, COCO

SENSOR is customized and developed, especially for the user demands in real application sce-

narios. The contributions of the paper can be summarized in the following four parts:

• Idea: The first and main contribution of the paper is the idea of ”Sensing as a Service

(SaaS).” The paper implements the idea and develops an application-oriented Coopera-

tive and Comprehensive Smart Edge Node for Sensing and OpeRation (COCO SEN-

SOR) system to address practical transportation applications.

• SensingTechnologies: COCOSENSORsystem introduces the cooperative sensingmech-

anism and coordinates the computation resources on the edge device for multi-task sens-

ing including visibility detection ( 92% accuracy), road surface condition detection ( 91%

accuracy), lane-based volume counting ( 97% accuracy), average speed detection ( 90%),

and object detection ( 95% accuracy).
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• ParallelComputing: Due to the limited computation resources on the edgedevice,COCO

SENSOR system introduced three independent threads to coordinate the computation

loads for each thread.

• System Implementation: CooperatingwithWSDOTand theCity of Bellevue, the team

set up testbeds COCO SENSOR system implementation. The team targets four critical

applications in the testbed: traffic volume by vehicle type, traffic status detection, low

visibility warning, and road surface condition warning. Additionally, a mobile APP is

developed forboth trafficmanagers andusers toobtain comprehensive traffic information

and live warning messages anytime, anywhere.

The architecture of the sensing technologies is shown inFigure 6.2. Unlike the other architec-

tures described in Section 2 that balance the computation loads between edge and cloud servers,

COCO SENSOR system is designed to operate fully on the edge device. To make efficient use

of the limited resources on the edge devices, including CPU, memory, and disk space, the sys-

tem includes three parallel and independent threads for multiple sensing tasks: 1) Environment

Thread; 2) Vehicle Tracking Thread; 3) Object Detection Thread. The reasons for designing

three threads instead of one are summarized in three points. These threads allow for efficient

resource allocation based on the varying computation demands of different sensing algorithms

and enhance the system’s robustness in real-world applications. The specifics of each thread are

discussed in the following section.

6.1.1 Environment Thread

Environment Thread is indicated with a yellow background in Figure 6.2. Firstly, the dehaze

algorithm is applied to the input video stream from camera sensors to estimate and remove the
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Figure 6.2: Sensing Technologies Architecture
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haze for visibility estimation and haze-free video, respectively. Then the background modeling

is implemented in the haze-free video to generate background and foreground images. The con-

tour extractionmodel and tracking algorithms are applied tobackgroundand foreground images

respectively for road mask extraction. Finally, four features, including two image features (i.e.,

intensity and black channel) are extracted from the road mask and two environment features

(i.e., temperature and humidity) from DHT22 sensors are taken by a random forest model for

the road condition classification.

Image Dehaze and Visibility Detection

The hazed image captured by the camera I(x) consists of two primary light sources: air light and

light reflected by the surrounding objects. In the paper, we assume air light is a homogeneous

parallel white light in the scene, which is represented by A. The actual scene of the object is

represented by J(x). For the object captured in the image, the portion of the object reflected

light that can reach the camera could be represented as J(x)t(x). Because of the scattering effects,

some portions of air light can be scattered to the region where the target object is located. And

this portion of air light can be represented asA(1− t(x)). Therefore, the object image captured

by the camera can be represented as the sum of J(x)t(x) andA(1− t(x)). And the target of haze

removal is to estimate the scattering effects t(x).

Dark channel is a concept proposed by [186] in 2011, indicating the smallest value in the

three channels of Red, Green, and Blue. The Dark Channel Prior (DCP) is based on the broad

observation of outdoor haze-free images. In most of the haze-free patches, at least one color

channel has some pixels whose intensity values are shallow and even close to zero. Therefore,

based on the
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Therefore, if we apply the dark channel operation to Eq. (1), we can get the following:

D(
I(x)
A

) = t(x)D(
J(x)
A

)+(1− t(x)) (6.1)

Based on DCP, the dark channel value of the real scene Jc(y) should be close to 0. Therefore,

we can get the following:

Jdark(x) =D(
J(x)
A

) = 0 (6.2)

Therefore, based on Eq. (2) (3) (4), we can get the transmissionmap t(x), which indicates the

scattering effects in the scene. Based on the transmission map, we can realize image dehaze and

produce visibility estimation to warn the road users.

t(x) = 1−D(
Ic(x)
A

) = 0 (6.3)

RoadMask Extraction

The team proposed a method to improve road mask generation in the Environment Thread by

integrating the results of contour detection andmotion detection. Themethod takes advantage

of the strengths of both techniques to overcome their limitations. Vehicle motion detection

tracks moving objects to extract the region of interest in the scene, however, struggles in regions

with low traffic volume. Road contour detection quickly detects road segments, but accuracy

is impacted by environmental factors such as lighting. The proposed integration enhances the

system’s adaptability and accuracy. A detailed explanation of the process can be seen in Figure

6.3 and the following paragraphs.
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Figure 6.3: Road Mask Generation by Integrating Contour Detection and Optical Trajectory Flow

Object contour detection is a research topic with a long history. The paper employs Canny

edge detection algorithm [196, 197] to estimate all the contours in the processed background

image. Compared with standard shape objects in the pure background, the real-world objects

in the complicated backgrounds bring more challenges to contour detection. Therefore, the

paper applies both erosion and dilation operations to the image to smooth the edges of the im-

age. Then, the Canny algorithm is implemented to generate the first derivative of the Gaussian

function, which is the best approximation of the optimal edge detection operation. Finally, the

calculated magnitude and direction image gradients can realize road contour detection.

The second method used for road segmentation is vehicle motion detection. In the method,

firstly, a lower bound threshold is set up as the minimummoving distance between two consec-

utive frames to filter the optical flow. Therefore, the moving vehicles can be extracted from the

static background. Then the pixels which have been marked as the optical flow can be repre-

sented by feature vector [x,y,d,v], where (x,y) indicates the location of the vehicle in the pixel

coordination, d represents the moving direction, and v indicates the travel speed of the vehicle.

The marked pixels accumulate as time goes on. After time T, the marked pixels will cover the
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major areas where the traffic driving through. For the road segment with high traffic volume, T

can be just a few minutes, while for the rural roadways with low density, a large T is required to

extract all the target regions.

To integrate the road mask generated by contour detection and optical trajectory flow, we

introduce the cosine similaritymethod to quantify the distance between contour points and the

edge points of the accumulated optical flow. The method can eliminate the outliers contour

points can produce an accurate road mask.

Road Surface Condition Detection

We have selected four features, two from the image data and two from the environment, for road

surface condition classification. The two image features are the intensity value and dark channel

value. Based on DCP theory, for most objects in nature, the dark channel value is pretty small,

otherwise, the object will be in white. This is also the case for most road surfaces. However,

for rainy or snowy conditions where there are a lot of reflections or white pixels, the dark chan-

nel can be relatively higher. The intensity value, on the other hand, can differentiate between

snowy and non-snowy conditions, as the intensity values are high in snowy conditions. Figure

6.4 and Figure 6.5 show examples of intensity and dark channel histograms of road regions in

Washington State, respectively, as captured by a surveillance camera. The difference between

the intensity and dark channel features of roads with snow and without snow is still significant,

which can be used for classification in our method. The addition of temperature and humidity

sensors will further increase the accuracy and reliability of the classification.

In addition to the image features, two environmental features, temperature and humidity,

collected from the DHT22 sensor, are also considered. Temperature is an indicator of snowy
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Figure 6.4: Image Intensity Value Distribution in Different Road Surface Conditions

conditions and humidity is an indicator of rainy conditions. The selected features are simple,

representative, and form a feature space suitable for successful classification. The feature vector

is expressed as [I,K,T,H], where I is the median intensity, K is the median dark channel value,

T is the temperature, andH is the humidity.

Based on the four features motioned before, COCO SENSOR can classify the road surface

conditions into four categories:

• Dry: Diffuse reflection occurs on the road surface. In this case, the gray value should be

steady and the dark channel value should be close to 0.

175



Figure 6.5: Dark Channel Value Distribution in Different Road Surface Conditions
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• Wet: Specular reflection is the main approach to light transmission on the road surface.

Impacted by surrounding light sources, the brightness varies a lot on the road surface,

which results in a large variance of gray values. The increased portion of specular reflec-

tion results in the increase of dark channel value.

• Icy: Icy condition has similar intensity and dark channel values to the wet condition

because they both result from specular light reflection on the road surface. However, in

this case, environmental features like temperature can help the system judge if the road

surface is covered by ice or water.

• Snow: Diffuse reflection occurs on the snow-covered road surface. Compared with dry

conditions, the reflection rate of snow is much higher. As a result, both image intensity

values and dark channel values are higher.

6.1.2 Tracking Thread

The Tracking Thread is indicated with a red background in Figure 6.2. In COCO SENSOR,

Tracking Thread is the main thread that connects the other two threads and produces multi-

ple sensing results to support the transportation applications. In the thread, SORT tracking is

applied to the foreground images extracted by background modeling from traffic video. The

tracking results are used for three sensing tasks: 1) optical flow trajectory extraction for road

mask; 2) AI trigger for object detection and vehicle counting; 3) cooperative camera calibration

for speed measurement. The optical flow trajectory extraction is introduced in Section 3.2.1

for road mask generation. Therefore, the section only introduces the other two sensing tasks in

Tracking Thread.
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AI Trigger

COCO SENSOR system is an edge-based system, whose performance highly depends on the

limited computation resources of edge devices. In Tracking Thread, AI trigger is designed to fil-

ter the frames containing the interested objects for further sensing tasks. In the system,AI trigger

controls the inputs of multiple algorithms including volume counting and object detection. AI

trigger can reduce estimated 50% computation loads for the system.

First of all, we need to define a region as the region of interest, which triggers further process-

ing using the AI classifier when there are moving objects. This can be done by either manually

labeling one area for each traffic direction or using the extracted road mask in the previous step

as the region of interest. Then, the background modeling and SORT tracking run in real-time

in the main thread to process every video frame. In case there is any object detected and tracked

in the region of interest, it will activate the procedure that extracts and stores the intermediate

information into a global variable queueQ.

Each element in the Q has three major elements: the current time T, the current frame F,

and a list L that contains objects’ information in the current frame. Note that the current time

T is needed as a time label because the frame may be processed later, depending on how many

elements are left in Q. The list can be any length depending on the number of moving objects

in the region of interest. There are three sub-components for each object in L: the bounding

box bb, the tracking id tid, and the direction id of the road area. Note that the bb and tid are

obtained from the background modeling and SORT tracking.

For traffic volume detection and classification, it constantly checks if the queueQ is empty. If

Q is not empty, it will pop the first element fromQ, then it will run the Mobilenet V2 classifier

for road user classification and use other information we store in Q for traffic volume counting
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for each type of road user and each traffic direction. Note that the moving object may not be

any road users we are interested in, e.g., an animal, or just some false detections due to sudden

light change of camera vibration. The AI classifier can filter out those detections in addition to

classifying road users into different types.

Radar Cooperative Camera Calibration

Camera calibration is aimed at converting the 2D image coordinate to a 3D real-world coor-

dinate, which is critical for video-based speed measurement. In recent years, many solutions

strategies are proposed in calibration equations, however, most methods require the placement

of calibration points or calibration objects in the field of view. In transportation scenarios, it

does bring difficulties in placing the calibration objects or targets in the roadway. Additionally,

re-calibration operations are required every time the camera internal parameters like focal length

and angle demands are adjusted. Therefore, the system introduces the radar sensor to provide

the ground truth spatial information to calibrate the camera system.

Radar is the common sensor for high accuracy and efficiency speed sensing. However, in

transportation scenarios, especially in the freeway system, there are multiple lanes in each direc-

tion. Therefore, limited by the beam width, a single radar sensor cannot cover all the lanes in

the road to realize lane-based speedmeasurement. Therefore, the system proposes an innovative

fully-automatic radar cooperative camera calibrationmethod for lane-scale speedmeasurements.

6.1.3 Object Detection Thread

TheObject DetectionThread is indicatedwith a blue background in Figure 6.2. TheAI trigger

in Tracking Thread is designed to select, store, and process just a small portion of the original
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video frames, which are the frames of interest. Specifically, when moving objects are defined

and tracked in predefined regions on the road, the frame will be stored in a queue waiting to

be processed. As a result, even in some limited IOT devices like Raspberry Pi, the independent

threads can ensure the system works in a consistent way.

In the paper, to generalize the system to limited IOT devices, the research team uses Mo-

bilenet V2 [245], a light convolutional neural network architecture specified for mobile devices,

to complete object detection tasks. And the one-stagemodel Single ShotDetection (SSD) [119]

is applied to the architecture. The model MobileNet V2 SSD is not the most advanced model

in the object detection task, however, it has the best performance on accuracy and efficiency bal-

ancing. The research team pre-trained the model with COCO dataset[246] and finetuned the

model withMIO-TCD traffic surveillance dataset [220] for eleven specific classes of transporta-

tion agent detection. The model is light enough to be deployed on limited IoT devices without

GPUs.

6.2 Communication System

The Figure 6.6 shows the communication synchronization among COCO Sensor, signal con-

troller and the user person identifier devices (PIDs) through WiFi or cellular network. All the

communication algorithms can be divided into two parts: interaction with the controller and

interaction with user PIDs. The communication workflow of COCO Sensor with the signal

controller (sending the pedestrian information and obtaining the waiting time for each phase)

can be finished by cable connection or local wireless network. Based on the standard of in NT-

CIP, the communication script can capture the real-time signal phase and timing information

by the API and then store it in the buffer. Then, the signal and the sensing information can
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be broadcast to the user PIDs (cell phones, wearable devices) with the COCO cooperative user

application. The COCO sensor is also integrated with an independent thread for licensing the

request (i.e., crossing request) or messages (accident information) generated by roadway users.

The detailed communication scheme is illustrated in Figure 6.6.

6.3 Experiment & Sensing Results Evaluation

6.3.1 System Configuration and Settings

In the research, COCOSENSOR system is implemented onRaspberry Pi 4 formulti-task sens-

ing. Raspberry Pi 4 is a limited edge device without the support of advanced hardware like GPU

for video processing. However, its low price and ease of operation make it particularly suitable

for large-scale deployments in transportation systems. Additionally, if COCO SENSOR can

realize real-time video processing on Raspberry Pi 4, it is easy to be transferred to other edge de-

vices like Nvidia Jetson series. Therefore, in the test, we employed Raspberry Pi 4 as the central

unit to connect all the other components in the traffic scene. The other hardware components

used in the test are customized based on the applications in the scenario, including the environ-

ment sensor (i.e., DHT22), PTZ camera, radar sensor, communication kit, and protective shell.

To test the performance of the system, the team prepared some devices including a test vehicle,

a cell phone with COCO SENSOR application installed, a portable radar gun, and a laptop.

The research team cooperates with Washington State Department of Transportation (WS-

DOT),City of Bellevue, andPacificNorthwestTransportationConsortium (PacTrans) to build

the testbed for COCO SENSOR system experiment and test. We installed MUSCs in multiple

transportation scenarios including mountain roads, local streets, freeways, and intersections for

various application tests. Figure 6.7 shows the deployment of COCO SENSOR system in the
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Figure 6.6: The communication workflow across user PIDs, signal controllers and the COCO Sensor. The signal phase and
timing information, user request, and other messages can be disseminated via COCO SENSOR to users and the roadside
control unit.
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Figure 6.7: COCO SENSOR Deployment in Bellevue Testbed

testbeds. The system has been deployed and tested in the testbed since 2021. And all the data

used in the paper to validate the performance of the system is collected during the test period.

6.3.2 Environment Sensing

To validate the performance of environment sensing, the team introduced the public weather

data collected by WSDOT weather stations near the testbeds as the ground truth data. The

ground truth data used in the paper includes real-time weather conditions and visibility condi-

tions.

The results of visibility detection are shown in Table 1. The overall accuracy of the visibility

detection can reach 92.15% (threshold = 10%). The results in Table 1 show that the detection

accuracy increases when the visibility condition turns better. In extreme conditions like thick

fog or snow storms, the visibility detection accuracy drops to about 89.14%. The image dehaze
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Figure 6.8: Environment Sensing Results Visualization
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Threshold ±5% ±10% ±20%
Vs < 500m 85.29% 89.14% 93.18%

500m≤ Vs < 1000m 88.17% 90.25% 95.42%
1000m≤ Vs < 2000m 90.36% 93.22% 97.03%

Vs ≥ 2000m 91.23% 95.78% 98.75%
Overall 89.27% 92.15% 96.61%

Table 6.1: Visibility Estimation Performance

effects are shown in Figure 6.8. The difference between the original images (i.e., the first row)

and the de-hazed images (i.e., the last row) indicates the effects of the haze removal algorithm

proposed in COCO SENSOR.

The results of road surface condition classification are shown in Table 2. We can see that the

accuracy can reach 96%, 92%, 90%, 86% for dry, wet, snowy, and icy road surfaces. It is no doubt

that the dry and wet conditions have higher accuracy because they are the two most common

road conditions, which means they have more data to feed the model for training. However,

snowy and icy conditions only happen for a short period during the winter season in Washing-

ton State. As a result, the lack of data can result in the drop in accuracy. Additionally, in the

data annotation, it is difficult to distinguish the icy and snowy conditions in some cases, which

may confuse the model in dealing with the two situations. However, in summary, the overall

results (95%) are still good enough to support the piratical weather condition warning system.

To visualize the process of road surface condition classification, Figure 6.8 shows the intensity

map (second row), dark channel map (third row), and final results (the last row).

6.3.3 Lane-scale Volume Counting

The demo of lane-scale vehicle counting is shown in Figure 6.9. The lane information is ex-

tracted from the roadmask inTrackingThread. Cooperatingwith SORT algorithm, the vehicle
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Surface Condition Dry Wet Snowy Icy
Dry 0.96 0.01 0.01 0.02
Wet 0.01 0.92 0.04 0.03
Snowy 0.03 0.00 0.90 0.07
Icy 0.00 0.05 0.09 0.86

Table 6.2: Road Surface Condition Classification Performance

can be tracked and counted in the lane. It is worth mentioning the situation about lane change.

The lane change behavior has not impact on the total traffic volume counting, however, it is

difficult to determine which lane the vehicle is in. Therefore, the paper introduces the count-

ing zone design in the scene. The vehicles can only be counted in the lane where they pass the

corresponding zone.

Because there is no public traffic volume data in the test road segment, the ground truth data

is collected throughmanually counting. The team counted four hours of traffic volume in total

covering 16 time periods in one day. The results show that the counting accuracy can reach 97%

in the test road segment.

6.3.4 Vehicle SpeedMeasurement

Figure 6.10 shows the radar cooperated camera calibration results. Cooperated with a radar

sensor, spatial information including speed and distance can work as the ground truth reference

for camera calibration. The yellow dash lines in Figure 6.10 determines four parallel lines with

the same distance. The space between the first line and the last line (marked in red) is selected

as the speed measurement region. The speed detected in the system is calculated by the travel

time for the vehicles passing the two red lines. The blue lines extracted from the road mask are

used to determine lane distribution in the scene for lane-based speed measurement. To validate
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Figure 6.9: Lane‐scale Vehicle Counting Demo on Freeway Scenario
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Figure 6.10: Radar Cooperated Camera Calibration for Vehicle Speed Measurement

the speed measurement results, the team employed a portable radar gun to detect the speed of

passing vehicles. And the results show that the average errors in±10%.

6.3.5 Object Classification

The object detection model is retrained by MIO-TCD dataset which consists of ten classes of

road users. Based on the demands of the applications in the testbed, COCO SENSOR com-

bined the class labels into four road user categories: car, truck, bus, and cyclists and the back-

ground. In the new classifications: truck consists of single-unit truck and articulated truck; cy-

clists consists of bicyclist and motorcyclist; and car consists of car, work van, and pickup truck;

bus is still the original bus. Figure 6.11 show some sample object detection results in various

conditions. Table 6.3 shows the object detection results in the test period. In the test, bus and
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Detection Results Car Truck Bus Cyclist
Car 91% 5% 2% 2%
Truck 6% 87% 4% 3%
Bus 1% 2% 96% 1%

Cyclist 2% 2% 1% 95%

Table 6.3: MobileNet Object Detection results on MIO‐TCD dataset

Figure 6.11: Sample Object Detection Results

cyclists have relatively higher accuracy and reach 96% and 95% respectively. However, the car

and truck categories have relatively low accuracy, which may be due to the common features of

the pickup truck.

6.3.6 Edge Adaption Performance Evaluation

This subsection is aimed at evaluating the performance of Edge adaption of COCO Sensor sys-

tem. To improve the processing efficiency on edge devices, COCOSensor introduces twometh-

ods, parallel computing and AI trigger, in Section 3. For parallel computing, we designed three
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Table 6.4: Processing Efficiency Evaluation

Structures Sequential Architecture Parallel Architecture COCO SENSOR
Processing Speed (FPS) 1.3 3.2 11.3
CPUMemory Usage (%) 34% 65% 82%
Power Consumption (W) 2.2 4.1 5.6
Efficiency (FPS/W) 0.591 0.780 2.018

independent parallel threads, Environment Thread, Tracking Thread, and Detection Thread.

Based on the computation resources consumption in each independent thread, the system can

adjust the processing speed and resource allocation to realize systematic optimization. Secondly,

AI trigger is an innovative trigger mechanism designed by COCO SENSOR to filter the frames

without the objects of interest for matrix computation loads reduction. Both methods can im-

prove the system performance on edge devices significantly.

To evaluate the performance of the twomethods on edge devices, the research team deployed

the same system with different architectures. The first architecture follows the sequential logic

flow, which indicates the input of the module is exactly the output of the last module. The sec-

ond architecture introduces three independent threads for parallel computing without the AI

triggermechanism. Finally, the third architecture is COCOSENSOR system, parallel program-

ming with the AI trigger mechanism for computation loads reduction and resource allocation.

The three systems are tested on a popular but limited IoTdevice, Raspberry Pi4. TheRaspberry

Pi 4B has a Broadcom BCM2711 system-on-chip, and it runs on a 1.5-GHz quad-core 64-bit

ARMCortex-A72 CPU@ 1.5 GHz and no GPU. The memory size we used in the project is 4

GB. The experiment compares the processing speed of three architectures with the same input

and processing model.

The comparison results of three architectures are shown in Tabel 6.4. We use four metrics,
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processing speed, CUP memory usage, Power Consumption, and Efficiency (FPS/Power), to

measure the performance of three structures. By comparing the first and second columns, the

introduction of parallel computing can increase the processing speed from 1.3 FPS to 3.2 FPS,

and the efficiency is increased from 0.591 to 0.780. And the differences between the second

and third columns indicate the introduction of the AI trigger mechanism can increase the pro-

cessing speed and efficiency to 11.3 and 2.018, respectively. The improvements from sequential

architecture to COCO SENSOR system show the effects of parallel computing and AI trigger

mechanisms.

6.4 System Implementation & Application Development

COCO SENSOR is a transportation application-oriented sensing system. Therefore, this sec-

tion introduces how to apply the sensing results in Section 4 to practical application. Based on

Figure 6.1, the system builds up four different kinds of applications, including traffic volume

by type, traffic congestion detection, low visibility warning, and road surface condition warn-

ing. In the system, the first two applications are developed for traffic status monitoring, and the

other two applications are for real-time safety warnings. As a result, the design of the two kinds

of applications is totally different.

For the second kind of application, the team used visibility sensing results and road surface

classification as the two inputs to generate the real-timewarningmessage for traffic safety. In the

test, if the visibility is lower than 1,000 m or the road surface condition is wet, icy, or snowy, the

system will generate warning messages and broadcast them to all the clients.

To disseminate the information including traffic status reports and safety warning messages,

the team developed a mobile APP for the clients. Figure 6.12 shows the design of the App.
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Figure 6.12: Mobile Application User Interface Visualization for the Warning System

The user can select the device they want to access on the home page. After a click, the detailed

information including real-time surveillance view, traffic volume (15 min), average speed (15

min), temperature, humidity, visibility, and road surface condition are presented on the App.

Users can also turn on the notification and customize the information theywould like to receive.

And the historical events including traffic congestion, speeding events, wet/snowy/icy surface

conditions, and low visibility can be checked by the users.

6.5 Chapter Summary

The paper presents the concept of ”Sensing as a Service (SaaS)” aimed at creating a user-centric

sensing system. The research team partnered with the Washington State Department of Trans-

portation (WSDOT) and theCity of Bellevue to set up a real-world testbed to gather actual user

and transportation agency demands. Based on these demands, the team developed the Coop-

erative and Comprehensive Smart Edge Node for Sensing and OpeRation (COCO SENSOR)

system specifically for transportation applications.
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COCOSENSORhas a four-layer structure as shown in Figure 6.1. The system includes four

different transportation applications, including traffic volume counting by vehicle type, traffic

status detection, road visibility estimation, and road surface conditions detection, which were

proposed in the testbeds. The second layer has three independent threads designed to handle

five challenging sensing tasks - visibility detection, road surface classification, lane-scale traffic

volume counting, vehicle speed measurement, and object detection - on the edge device. The

third layer supplies the crucial data for the sensing tasks in the second layer, and the final layer

consists of the sensors used in the system, providing the inputs to the sensing algorithms. These

final two layers demonstrate how the cooperative mechanism works in the COCO SENSOR

system.

The contributions of the paper can be summarized in the following four aspects:

• The ”Sensing as a Service (SaaS)” concept: The paper presents a novel idea of ”Sensing

as a Service (SaaS)” which focuses on developing a transportation application-oriented

system that addresses real-world demands. Based on the idea, the paper proposes a Co-

operative and Comprehensive Smart Edge Node for Sensing and OpeRation (COCO

SENSOR), which was tested in collaboration with the Washington State Department of

Transportation and the City of Bellevue.

• SensingTechnologies: COCOSENSORsystem introduces the cooperative sensingmech-

anism and coordinates the computation resources on the edge device for multi-task sens-

ing, including visibility detection (92% accuracy), road surface condition detection (91%

accuracy), lane-based volume counting (97% accuracy), average speed detection (90%),

and object detection (95% accuracy).
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• Parallel Computing: To handle the limited computation resources on the edge device,

COCO SENSOR system introduced three independent threads to coordinate the com-

putation loads for each thread.

• Real-world Implementation: Collaborating with WSDOT and the City of Bellevue,

Washington, the team set up testbeds to support the implementation of COCO SEN-

SORsystem. The team implemented and evaluated four critical applications in the testbed:

traffic volumeby vehicle type, traffic status detection, low visibilitywarning, and road sur-

face conditions detection and warning. Additionally, the team developed a mobile APP

for information dissemination.

The deployment of COCO SENSOR in various tests highlights its strength in using the

”Sensing as a Service (SaaS)” approach but also reveals some limitations. Firstly, while coopera-

tive sensing in COCO SENSOR provides more comprehensive traffic sensing, it lacks effective

human interaction. Users can benefit from the system, but their feedback cannot directly in-

fluence its customization for better services. Secondly, while COCO SENSOR offers real-time

traffic services, it does not fully utilize high-speed local networks for efficient data dissemination.

Hence, the research team plans to focus on improving the communication components of the

system in the future to enhance its human interaction.
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7
Chapter 7. Final Remarks and Envisioning the Future

7.1 Research Contributions and Findings

The advancementof IntelligentTransportationSystems (ITS)hinges on the integrationof cutting-

edge technologies and customized machine intelligence to address safety, equity, and resilience

challenges. This dissertation contributes to these advancements by developing innovative sys-

tems that enhance traffic perception, data representation, and infrastructure adaptability. The

research contributions are categorized into three key areas, each of which has been thoroughly
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explored and documented.

7.2 Part I: Contributions on Situation-Aware Sensing Systems

The foundation of accurate and reliable traffic management lies in the effective acquisition and

processing of contextual data. This part of the research focuses on developing adaptive sensing

systems that dynamically integrate physical information from diverse transportation scenarios

to enhance traffic perception.

• Key Contribution 1: Integration of Contextual Physical Information for Enhanced

Traffic Perception This research introduces situation-aware sensing systems that signif-

icantly improve the reliability, resilience, and accuracy of traffic data by incorporating

environmental factors such as weather conditions, road surface states, and traffic densi-

ties. These systems are designed to adapt in real-time to changing conditions, leading to

more precise and informed decision-making processes. The innovative integration of this

contextual information not only enhances traffic management and safety outcomes but

also ensures that the system performs optimally across a wide range of scenarios.

• Key Contribution 2: Scale-Aware Perception for Improved Pedestrian Detection

In addressing the challenges of pedestrian detection, such as occlusion, small object de-

tection, and scale variability, this research develops a scale-aware perception system that

adjusts dynamically to varying density conditions. By enhancing the precision of traf-

fic data collection, this system contributes to a safer and more equitable transportation

infrastructure, ensuring that vulnerable road users are accurately detected and protected.
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7.3 Part II: Contributions onMultimodal Data Representation Learning

To fully leverage the potential of diverse sensor data in ITS, this research focuses on the devel-

opment of advanced data representation systems that facilitate comprehensive traffic scene un-

derstanding and improved sensor cooperation.

• KeyContribution3: Enhanced SensorCooperation throughMultimodalDataRep-

resentation The research presents a novel multimodal data representation learning sys-

tem that enables a holistic understanding of traffic conditions through the integration of

data from various sensors across different types, locations, and times. This system cap-

tures critical details such as weather, visibility, road surface states, and traffic volumes,

which are essential for optimizing traffic management and ensuring the system’s respon-

siveness in diverse scenarios.

• Key Contribution 4: Synchronization of Distributed Sensors for Comprehensive

Traffic Network Analysis Innovating further, this research synchronizes sensors dis-

persed across multiple locations, constructing an overarching view of the traffic network.

This framework allows for the identification and tracking of vehicles across different cam-

eras, enabling the accurate estimation of travel times and trajectories. The result is a more

connected and intelligent transportation system that enhances both safety and efficiency.

7.4 Part III:ContributionsonDemonstrativeCooperativeandEquitableTraf-

fic Infrastructure

This part of the research is dedicated to improving transportation equity and safety by devel-

oping systems that are responsive to the needs of diverse user groups, including vulnerable road
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users and underserved communities.

• Key Contribution 5: Predictive Dynamic Reversible Lane Control for Traffic Op-

timization The research introduces a predictive dynamic reversible lane control system

that optimizes traffic flow by adjusting lane directions based on real-time traffic volume

data. By incorporating user reactions and interactions as ground truth data, the system

ensures that trafficmanagement strategies are both effective and equitable, addressing the

needs of a diverse range of road users.

• Key Contribution 6: User-Centered Innovation for Adaptive Traffic Management

This research emphasizes the importance of user-centered approaches within ITS, focus-

ing on dynamic interactions between the system and its users, including both road users

and transportation agencies. By leveraging user inputs and feedback, the system tailors

machine intelligence to offer personalized solutions that enhance user satisfaction and

engagement. This ensures that the system’s capabilities evolve to meet the changing de-

mands of modern urban environments, providing equitable and responsive transporta-

tion services.

7.5 Future ResearchDirections

7.5.1 Intelligent and Cooperative Infrastructure Systems

These future research directions are designed to push the boundaries of current intelligent trans-

portation systems and urban management practices. By focusing on human-system coopera-

tion, decentralized computing, and resilience,my research aims to create smarter, safer, andmore
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equitable urban environments capable of adapting to the evolving challenges of modern cities.

The following three potential research directions summarize my future research objectives:

7.5.2 Intelligent and Cooperative Infrastructure Systems

Urbancyber-physical systems (CPS) represent intricate, interconnectednetworks requiring seam-

less integration of physical structures (like intersections and curbsides), digital infrastructure,

and human elements (encompassing users, workers, policymakers). Central to this integration

is a human-system cooperative approach, essential for creating transportation solutions that are

both effective andwidely adopted. My future researchwill explore the dynamics of human inter-

action with these systems, aiming to advance technologies that facilitate infrastructure-vehicle

cooperation. This includes developing sophisticated sensing and data collection methods, en-

hancing traffic-vehicle control systems, and addressing broader concerns like traffic equity, ac-

cessibility, cybersecurity, and privacy. A significant emphasis will be placed on improving infras-

tructure for vulnerable road users and underserved communities through innovative technology

and methodologies. This research aims to create a more inclusive urban environment where all

users can benefit from advancements in intelligent transportation systems, ensuring that tech-

nological progress leads to equitable and accessible outcomes for everyone.

7.5.3 Edge Computing and Federated Learning for Equitable Smart Cities

Theproliferationof edge-computingdevices inurbanCPS, such as cameras andLiDAR,presents

challenges in data centralization and model training due to latency, cost, and privacy issues. My

future research will delve into novel distributed computing and machine learning techniques

for collaborative and decentralized urban data collection, with a particular emphasis on ubiq-
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uitous computing and federated learning. Federated learning, which allows devices to collab-

oratively learn a shared model while keeping data localized, shows great promise in enhancing

model performance, reducing server load, and bolstering user privacy in CPS. This research will

investigate the application of federated learning in smart city environments, developing algo-

rithms and frameworks that ensure efficient and secure data processing at the edge. The goal

is to create smart city infrastructures that are not only intelligent but also equitable, ensuring

that the benefits of technological advancements are distributed fairly across all urban areas and

populations.

Cyber-Physical ResilienceModeling and Enhancement

As IoT and ICT technologies become integral to urbanmanagement, their reliance on robust in-

frastructure highlights the risks of cyber failures, necessitating a comprehensive study of network

resilience in interconnected smart city infrastructures. My future research will focus on devel-

oping an attack-resilient operational framework designed for proactive resource allocation and

adaptive response to failures across various urban scenarios, including sensor networks, smart

homes, and connected intersections. This framework will identify and address network vul-

nerabilities, minimize system instability, and provide targeted retrofitting recommendations to

strengthen overall resilience. By simulating a range of cyber-physical threats and failure scenar-

ios, the research will aim to enhance the robustness of smart city systems, ensuring that they can

withstand and quickly recover from disruptions. This will involve interdisciplinary approaches

combining cyber-physical systems engineering, cybersecurity, and urban planning to create re-

silient, secure, and sustainable urban environments.
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