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Professor Yinhai Wang

The development of economics and technologies has promoted urbanization worldwide. Ur-

banization has brought great convenience to daily life. The fast construction of transporta-

tion facilities provides various means of transportation for everyday commuting. However,

the growing traffic volume has threatened the existing transportation system by raising

more traffic safety and congestion issues. Therefore, it is urgent and necessary to implement

Intelligent Transportation System (ITS) with dynamic sensing and adjustment abilities. ITS

shows great potential to improve traffic safety and efficiency, empowered by advanced Internet

of Things (IoT) and Artificial Intelligence (AI). Within this system, the urban sensing and

data analysis modules play an essential role in providing primary traffic information for

follow-up works, including traffic prediction, operation optimization, and urban planning.

Cameras and computer vision algorithms are the most popular toolkit in traffic sensing and

analysis tasks. Deep learning-based computer vision algorithms have succeeded in multiple

traffic sensing and analysis tasks, e.g., vehicle counting and crowd motion detection. The

large-scale deployment of the sensor network and applications of deep learning algorithms

significantly magnify previous methods’ flaws, which hinder the further expansion of ITS.

Firstly, the large-scale sensors and various tasks bring massive data and high workloads for

data analysis on central servers. In contrast, annotated data for deep learning training in

different tasks is insufficient, which leads to poor generalization when transferring to another



application scenario. Additionally, traffic sensing faces adverse conditions with insufficient

data and analysis qualities.

This dissertation works on proposing efficient and robust machine learning methods for

challenging traffic video sensing applications by presenting a systematic and practical work-

flow to optimize algorithm accuracy and efficiency. This dissertation first considers the high

data volume challenge by designing a compression and knowledge distillation pipeline to re-

duce the model complexity and maintain accuracy. After applying the proposed pipeline, it

is possible to further use the optimized algorithm on edge devices. This pipeline also works

as the optimization foundation in the remaining works of this dissertation. Besides high data

volume for analysis, insufficient training data is a considerable problem when deploying deep

learning in practice. This dissertation has focused on two representative scenarios related

to public safety – detecting and tracking small-scale persons in crowds and detecting rare

objects in autonomous driving. Data augmentation and Few-Shot Learning (FSL) strategies

have been applied to increase the robustness of the machine learning system with limited

training data. Finally, traffic sensing targets 24/7 stable operation, even in adverse condi-

tions that reduce visibility and increase image noise with the RGB camera. Sensor fusion by

combining RGB and infrared cameras is studied to improve accuracy in all light conditions.

In conclusion, urbanization has simultaneously brought opportunities and challenges to

the transportation system. ITS shows great potential to take this development chance and

handle these challenges. This dissertation works on three data-oriented challenges and im-

proves the accuracy and efficiency of vision-based traffic sensing algorithms. Several ITS

applications are explored to demonstrate the effectiveness of the proposed methods, which

achieve state-of-the-art accuracy and are far more efficient. In the future, additional re-

search works can be explored based on this dissertation. With the continuing expansion of

the sensor network, edge computing will be a more suitable system framework than cloud

computing. Binary quantization and hardware-specific operator optimization can contribute
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1
Introduction

1.1 Background

1.1.1 Intelligent Transportation System

Rapid economic growth and fast technology development have prompted city urbanization.

Managing such fast-growing cities has become a critical challenge inmany countries149. City

urbanization brings superior convenience to residents but also raises extra social and envi-

1



ronmental problems, e.g., high energy consumption and severe air pollution, at the same

time229,103. From the transportation perspective, residents and commuters enjoy various fast

transportation tools but suffer more severe traffic congestion than ever. Based on the 2017

INRIX report, traffic congestionwill cost drivers additional 480 billion dollars over the com-

ing ten years in themost congested 25United States cities2. Similar situations occur inChina

as its urbanization speed is much faster than in other regions worldwide. In Beijing, with a

population of over 21million, the traffic congestion annually adds a cost of 1,126 dollars per

person. Besides, the waste of time on traffic congestion is also tremendous. In 2017, drivers

in Seattle wasted an average of 78 hours stuck in traffic. This timewas incredibly 100 hours in

San Francisco. Urbanization increases the daily travel distance as commuters usually live far

from theirworkplaces to save on housing costs. Theywill relymore onmotorized transporta-

tion tools than on walking or bicycling because of the longer travel distance. Nowadays, an

average one-way commute time is over 30 minutes in large cities. It is common to see a long

queue in large transit centers. Traffic congestion is gradually becoming the hurdle to sus-

tainable development150. Therefore, there is an urgent need to improve the current traffic

status.

The introduction ofAI and IoT technologies244 has enabled cities with stronger andmore

intelligent sensing and adjustment abilities75. Cities utilize all kinds of sensors to collect data

and automated analysis technologies to helpmake better decisions and improvemultiple per-

spectives, e.g., safety, health, time, etc. In general, a smart city can be divided into three lay-

ers. The first is the technology base, including AI, edge sensors, and IoT communications.

These advanced technologies support all upper-level functions. Beyond the technology base,

the middle layer is responsible for data fusion, fusion, and mining, which further dives into

2



raw data and extracts valuable information. Finally, most residents can only interact with the

last layer of broad applications, e.g., visualization and intelligent services. The promotion of

smart cities benefits the transportation field and contributes to easing traffic congestion and

shortening travel time. As a substantial portion of smart cities, ITS targets to elevate traffic

safety and efficiency348. Daily commuters have easy access to real-time traffic information

and adjust their travel plans. Trafficmanagement agencies can automatically acquire and an-

alyze dynamic traffic data using edge sensors and AI algorithms. Big traffic data helps build

robust prediction and controlling models to optimize traffic congestion and cover more cor-

ner situations. By 2025, ITS is expected to cut down over 15% commute time on average18

based on the city scale, transit system construction, and commuting patterns.

The general framework of ITS has four hierarchical components – urban sensing & data

collection, data management, data analysis, and service providing358. Urban sensing, data

management, and data analysis provide the data foundation for subsequent services, e.g.,

traffic signal optimization. Firstly, advanced sensing and IoT technologies have enhanced

sensors for ITS, working as the frontend to collect traffic data. Modern sensing technologies

can increase information variance and quality by providing more precise and low-noise raw

data. IoT technologies can compress sensor sizes and improve communication ability. Thus,

more sensors can be deployed to sites to cover more complicated situations. These sensors

offer massive and detailed data that constructs a solid basis for traffic analysis, management,

and optimization251. After collecting high-quality traffic data, AI technologies bring pow-

erful and automated tools to analyze these complex data simultaneously in different forms

and from diverse application scenarios. However, the vast data quantity and various analy-

sis tasks raise a higher demand and bring serious challenges for accurate and efficient traffic
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sensing130.

1.1.2 Data Collection and Analysis Methods in ITS

Traffic data collection and analysis are the foundation of ITS and provide thorough extracted

information for various traffic services, e.g., traffic flow prediction199, and traffic signal tim-

ing optimization325. Generally, traffic data collection and analysis are two-step works con-

ducted on different platforms. The first step is data collection through miscellaneous sen-

sors, including automotive radar203, Light Detection and Ranging (LiDAR)306, magnetic

sensor66, and camera165. Each kind of sensor has its strengths and is suitable for different

scenarios. Automotive radars are widely applied in parking assistant systems and automated

speed-camera enforcement. The shared feature of these applications is that coarse object in-

formation is required. Both radars and LiDAR depend on sensing the distance between the

sensor and target. The difference lies in that LiDAR uses light in laser pulses with more pre-

cise distancemeasurements. Therefore, LiDAR ismuchmore accurate and offers denser data

points. Although mobile devices have integrated the LiDAR system for 3D reconstruction,

the automotive LiDAR system is still expensive, and each one can cost over $20,000. In con-

trast, radars only cost several hundred dollars. Magnetic sensors are the most power-efficient

among these sensors and are mainly deployed for parking space and traffic flow detection

without an external power supply. Nevertheless, magnetic sensors are easily affected by mag-

netic field change raised by surrounding objects, e.g., passing-py heavy vehicles. Cameras or

vision-based sensing systems are themost common in ITS because of broad coverage, scalable

deployment, and compelling analysis algorithms. Besides, sensor fusion is a favored strategy

for utilizing the strengths of multiple sensors to cope with complicated situations, e.g., ad-
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verse weather322 and scenario reconstruction. For example, autonomous vehicles combine

LiDAR and cameras in the perception system for better 3D scenario reconstruction since

LiDAR offers 3D information and cameras offer detailed target information, e.g., category.

Whether single sensor or sensor fusion, cameras are an essential part of the current data

collection system. The primary reason is to offer visual information close to human obser-

vations and convenient for manual analysis. In addition, vision-based analysis algorithms

and tools are comparably mature and speed up the automated analysis process. Besides, IoT

technologies further solve the data transmission problems and make large-scale deployment

possible. Representative ITS applications using cameras include traffic light enforcement238,

parking spacemonitoring148, traffic flow estimation315, vehicle tracking116, vehicle reidentifi-

cation192, and collision avoidance84. Self-driving is a hot topic in the technical field. Cameras

play a principal role in the perception system. Furthermore, Tesla only relies on the vision-

based sensing system in their autonomous vehicles and has impressive performance in pro-

duction vehicles280.

1.1.3 Computer Vision andDeep Learning in Sensing Traffic

Vision-based systems are mainstream in traffic sensing benefitting from the rapid develop-

ment of sensor technologies and computer vision algorithms. This dissertation works on ef-

ficient and robust computer vision methods for challenging traffic sensing applications. Af-

ter collecting images and videos, how to analyze them accurately and efficiently is significant,

which will primarily affect next-step work, including traffic prediction and control optimiza-

tion. The fast development ofAI has enabledmachines to learn about theworld and respond

to inputs based on practical experience. Machine learning has achieved remarkable success in
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the transportation field, including traffic detection, forecasting, and management344,51,25,16,

by extracting high-level semantic information from low-level texture information in com-

puter vision. Processing high-level information will be much easier as it has more standing

features. For example, vehicle classification is one of the basic vision-based tasks in the trans-

portation field. A general pipeline utilizes hand-crafted feature extractors to produce latent

embeddings from input images or video frames. Then, one or cascaded classifiers will classify

these embeddings and predict their categories with confidence scores127.

Promoted by GPU acceleration and parallel computing, deep-learning-based algorithms,

as a subfield ofmachine learning, showgreat success andhave gradually replaced conventional

machine-learning-based algorithms in many transportation applications218. Comparably,

deep learning offers an end-to-end solution and simplifies the whole analysis process. Take

the same example of vehicle classification. Deep learningmodels accept the input images and

outputs classification scores directly. A loss function optimizes the model without adjusting

different modules like conventional machine learning methods. Deep learning is founded

on various neural networks, e.g., Multilayer Perceptron (MLP)243,289, Convolutional Neu-

ral Network (CNN)160,282 and transformers104,68. These networks have far more learnable

parameters than statistical models in conventional machine learning, which bring unprece-

dented fitting ability to cope various input data. However, these complicated neural net-

works put a higher demand for computing resources, data sufficiency, and carefully designed

training strategies. Deep learning applications always require powerfulmachines for data pre-

processing,model training, anddata analysis. Considering theweak computingpower on the

sensor side, data collection and other processes are usually on two separate platforms. There

will be additional wireless or wired data transmission between the two platforms. Sensors are
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Figure 1.1: Deep Learning System Design Process

only responsible for data collection, and servers conduct data analysis, storage, and decision-

making172. These two platforms are relatively independent. Such design, called cloud com-

puting, simplifies the system structure and increases maintenance convenience134,33. How-

ever, cloud computing decreases system integrity. As sensor scale grows, there will be extra

costs to upgrade data transmission bandwidth and cloud computing devices.

As this dissertation focuses on challenging vision-based traffic sensing applications from

the algorithmperspective, it is necessary to introduce the generalmachine learning systemde-

sign shown in Figure 1.1. The system design involves four steps – 1) Setting up the project;

2) conducting the data preparation; 3) selecting and training the model; 4) optimizing and

deploying the model. All machine-learning-related works in this dissertation follow this pro-

cedure. Project setup will define the project goal, tasks, targets, and deliverables. The second

step is building the data foundation for the project, including data collection, cleaning, and

transformation followingpre-defined rules in thefirst step. Datapreparationmaybe themost

critical step in practical applications as practitioners always adopt a mature model and train

it on the target dataset. Data preparation should reduce data noise and ensure training data

balance. After data preparation, the next step is model selection and training. The model

selection indicates either picking up a state-of-the-art model or designing a project-specific

model. In ITS applications, model training usually represents fine-tuning a well-built model
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on the target dataset rather than training a vanilla model from scratch. There are two cogent

reasons. Firstly, the pre-trainedmodel can speed up the convergence and shorten the training

time. Secondly, training samples are insufficient to support training the model from scratch,

leading to poor generalization and the overfitting problem. The last step is optimizing the

fine-tuned model to meet to demand proposed in the first step. Typical optimization meth-

ods contain model compression and training strategy adjustment.

Vision-basedmethods participate in various vision-based sensing tasks, e.g., object classifi-

cation, detection, and semantic segmentation58,195. Furthermore, there are some researches

on combining natural language and computer vision for more user-friendly services253. Ob-

ject detection367 and tracking311 are two primary tasks in ITS and this dissertation. They

are also basis of other vision-based tasks, e.g., surrounding agents’ motion prediction31,274,

motion planning219, and reidentification360. For example, intelligent parking facilities will

reduce the search time, especially in urban areas, and indirectly ease traffic congestion. The

automatic parking availability monitoring system can provide real-time parking occupancy

information82. Drivers can quickly get directions to available parking slots if they have been

in the parking garage. Others can adjust their routes based on the destination’s parking avail-

ability. This system can also benefit truck parking by avoiding drivers’ fatigue and improving

road safety330. Another example is crowd monitoring, and handling emergencies like crowd

abnormalities269. Urbanization makes people more likely to gather due to transition, enter-

tainment, religious and commercial activities. Deep learning algorithms can help localize the

abnormal crowd gathering or motion in complicated public facilities79 to avoid crowd disas-

ters337. What’smore, the vision-based sensing system is essential to autonomous vehicles and

Advanced Driver-Assistance Systems (ADAS) by offering collision avoidance function213,
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traffic signal recognition198, lane line detection310, and surrounding agent tracking29.

As vision-based traffic sensing with deep learning becomesmore popular and successful in

various tasks, it is still necessary to rethink ITS application scenarios and existing challenges.

Sensing in ITS has a high requirement for accuracy and efficiency as it is closely related to traf-

fic safety. Additionally, traffic sensing usually works in severe outdoor environments, e.g.,

low visibility weather. Thus, much computer vision-related research in ITS concentrates on

improving system accuracy and efficiency by proposing and modifying various neural net-

works. Deep learning is heavily dependent on data compared to statistical and conventional

machine learning models. Inspired by this feature, this dissertation proposes robust and ef-

ficient computer vision solutions from the data perspective. According to Figure 1.1, data

preparation is actually the first step in building a system after setting up the project. The

data quality after this step can largely determine the latter performance. For example, well-

annotated data in the training stage canhelpmodels learn fromcorrect features and construct

the accurate mapping from visual texture to target outputs, e.g., object categories and loca-

tions. In the validation and testing stages, cleaned data will reduce the negative impacts of

noise. Meanwhile, data quantity will influence both training and inference time. This disser-

tation summarizes three highly correlated challenges found in traffic sensing applications.

1.2 Challenges

Although deep learning has significantly benefited and elevated vision-based traffic sensing in

ITS, previously ignored and emerging challenges22,277 hinder its next-step development and

large-scale deploymentwith the urbanization procedure. According to Section 1.1, urbaniza-

tion encourages the construction of transportation facilities. Thus, transportation agencies
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have applied various sensors tomonitor these newly appeared regions. With the development

of technologies, high-resolution cameras are adopted to collect clearer images, and a single im-

age has a larger size, which requires broader transmission bandwidth and more computing

resources. Meanwhile, the public and transportation agencies are not satisfied with conven-

tional traffic analysis results, e.g., traffic congestion status. They have a higher demand for

more detailed and various information, e.g., abnormal activity detection. The centralized

computing framework may not catch up with the rapid expansion of the sensor network

and increased sensing tasks. In contrast to worrying about how to process the enormous

amount of traffic data, machine learning users always face the problem of insufficient anno-

tated training data, leading to a poor generalization ability to transfer algorithms to different

scenarios. Meanwhile, ITS applications’ data quality is not stable because traffic sensing al-

ways suffers adverse conditions with low data quality. Motivated by designing efficient and

robust computer vision algorithms for ITS applications, this dissertation first summarizes

three representative challenges related to data quantity and quality.

1.2.1 HighData Volume for Analysis

Worldwide urbanization has encouraged the construction and upgrade of transportation fa-

cilities, e.g., roadways and transit centers. Monitoring these regions is necessary and signif-

icant to traffic safety and efficiency. Transportation agencies and commuters are eager to

learn real-time traffic information. Thus, various traffic sensors, i.e., cameras, are installed

for data collection. Additionally, different regions may require distinct sensing tasks, e.g.,

vehicle counting and pedestrian tracking. Broader monitoring coverage and sensing tasks in-

dicate higher data volume and workload on the computing platform. For example, there is
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a growing need for enforcement surveillance cameras at high-risk locations for traffic safety

monitoring296. Besides roadside sensors in ITS facilities, autonomous vehicles have a high

demand for mobile sensors. Argo AI has installed two LiDAR, two forward stereo cameras,

and eight ring cameras on their autonomous vehicles. The sample rate for LiDAR is 10Hz,

and for cameras is 20Hz34. As a result, data volume from sensors rises steeply and places a

high workload on the existing system. The situation is even worse for autonomous vehicles

because they rely on onboard computing, which has a relatively weaker computing power

than cloud platforms. One straightforward solution is enhancing the computing power by

adding more computing devices or upgrading these devices. However, it is almost impos-

sible to match the computing power on the server-side to the growing traffic data limited

to the current framework. As stated in Section 1.1.3, most traffic sensing systems use the

framework of cloud computing. Cloud computing-based traffic sensing systems have two

procedures on separate platforms – data collection & transmission and cloud analysis299,305.

Field cameras capture the raw data and transmit it back to servers for the next-step analysis

and decision-making. More sensors ask for broader transmission bandwidth and more com-

puter resources. The upgrading speed of transmission bandwidth and computing resources

cannot catch upwith the expansion speed of traffic sensors. The delay in data processing will

become unignorable and intolerable. For time-sensitive applications like parking statusmon-

itoring and abnormal-event detection302, the transmission and inference time is significant

and worth thoughtful evaluation.

In addition to the growing demand for transmission bandwidth and computing resources,

it is necessary to reduce the dependency on high-performance computing machines by im-

proving the algorithm efficiency, especially for applications without such machines. For ex-

11



ample, there are around 13,000 signalized intersections in New York City. If 10% of them

aremonitored using four surveillance cameras, the demanded number of servers withNvidia

V100 or equivalent GPUs is approximately 160 for lively processing. When the coverage

rate increases, the inference speed will drop correspondingly and cannot reach in real-time.

Another example is autonomous vehicles and ADAS, which process data onboard because

the transmission latency between vehicles and servers is unacceptable. What is more, the in-

stability of communication is a hidden safety danger. Meanwhile, the computing power of

in-vehicle computing devices is weaker than that of cloud computing devices.

Constrained by limited computing power, the algorithm should be as efficient as possi-

ble. However, the algorithm conversion from conventional machine-learning-based to deep-

learning-based increases the model complexity conversely and worsens the situation. Com-

pared to the conventional machine-learning-based algorithms using hand-crafted feature de-

scriptors, deep-learning-based algorithms, e.g., Faster R-CNN76 and FCOS144, require ex-

tra computing resources to process the same amount of data. Furthermore, Using high-

resolution images and the feature pyramid can improve the accuracy of detecting tiny ob-

jects in transportation scenarios258,336. High-resolution images will increase the operation

number and further reduce the inference speed. Most previous deep learning and relevant

transportation works focus on algorithm accuracy from the framework aspect and ignore

the algorithm efficiency. As data volume keeps rising, algorithm efficiency is becoming as

important as accuracy in ITS applications. Currently, there is no deployment workflow for

machine learning algorithms in ITS, when there are more machine learning applications in

the transportation field. Researchers and practitioners always follow the system design pro-

cess from the computer science field. The process may ignore or underestimate some unique
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features in transportation applications.

1.2.2 Insufficient Annotated Traffic Data

Although roadside and onboard traffic sensors produce tons of data every day193, most data

is not applicable for model training and improvement because unlabeled data is useless for

the supervised training process. Using limited annotated data for machine learning model

training faces data imbalance and insufficiency problems, which will lead to low accuracy in

minor categories andpoor generalization abilitywhen transferring to similar tasks in different

scenarios345. Millions of learnable parameters in deep-learning algorithms are a double-edged

sword by offering an unprecedented fitting ability but requiring sufficient data to avoid over-

fitting347. Massive data can yield promising results. One impressive researchwork fromOpe-

nAI is Contrastive Language-Image Pre-training (CLIP)230. CLIP is trained on theWebIm-

ageText dataset containing 400 million image-text pairs and has achieved remarkable results

in multiple downstream tasks using zero-shot, e.g., image retrieval and action recognition.

Transportation applications have their specialties. Although public datasets can contribute

to the base model training, there is a domain knowledge shift between the public dataset and

target datasets, e.g., parking space classification21, and vehicle detection from Unmanned

Aerial Vehicle (UAV)283. Training on public datasets cannot provide satisfactory perfor-

mance on the target tasks. Available training data in the target task usually contains fewer

samples and suffers category imbalance194,27 and statistic bias6.

For example, traffic sensing usually faces new or uncommon objects that appear in differ-

ent transportation facilities, as shown in Figure 1.2. The left Figure 1.2a displays an animal

appearing in the center of the road, which may happen in the wild. The right shows a set
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(a) Animals on Road (b) Unusual Traffic Signs

Figure 1.2: Sample Images of Uncommon Traffic Objects

of unusual traffic signs. In other fields, missing these uncommon objects may only lead to a

high miss rate in some categories. Missing may cause traffic crashes and traffic rule violations

in the transportation field, leading to more severe impacts. In addition, it is challenging to

detect tiny and occluded persons using computer vision184. Two sample images of pedes-

trian detection using surveillance cameras209,61 are shown in Figure 1.3, where objects are

marked by bounding boxes. The Left and right images represent outdoor and indoor de-

tection results, respectively. Targets, e.g., pedestrians, captured by surveillance cameras are

always tiny and occluded in crowded public facilities. Therefore, this dissertation addresses

two shared difficulties for traffic object detection applications. One is category imbalance in

that some categories only have limited samples. Another is lacking data containing small-scale

objects341.

Generally, deep learningmodels are primarily trainedwith supervised learning and require

sufficient annotated training data105. Ideally, categories in training data should be in uniform

distribution and cover all possible scenarios. The training process can have a similar probabil-

ity of exploring all categories with such training data. However, the fact is just the opposite

in practice. Firstly, the category distribution in practice is always unbalanced, and some cate-
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(a)Outdoor Pedestrian Detection 209 (b) Indoor Pedestrian Detection 61

Figure 1.3: Sample Images of Pedestrian Detection with Surveillance Camera

gories only have limited samples. The appearance frequency is different, related to the actual

number in that area. The deep learning model fine-tuned on such a dataset will pretend to

focus on categories with more training data. Secondly, insufficient training data can easily

lead to overfitting problems when transferring the detection model to a new application sce-

nario. The fine-tuning strategy using such datasets should be carefully designed. Under the

supervised learning framework, model training cannot directly use data collected from traffic

sensing systems before annotation.

Unluckily, data annotation is costly in both budget and time. Multiple vendors can pro-

vide data annotation services like Amazon SageMakeGroundTruth andGoogle CloudData

Labeling Service. For example, the price of annotating bounding boxes using Google Cloud

Service in September 2021 was $63 per 1,000 images per human labeler. Different label-

ers should annotate the same image multiple times to ensure the annotation quality because

there are human annotation errors. Cross annotation can help reduce errors but increase

both cost and time. A cleared annotation guidance is necessary to guarantee the work quality

and efficiency. Additionally, some uncommon and novel categories only have a few samples

in raw data. It is impossible to create such data out of the air for model training. Conse-
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quently, utilizing the unannotated and limited annotated data for model training is essential

for deep learning research and practice. However, transportation applications may not have

many resources like big technology companies to implement effective but expensivemethods

to fundamentally improve deep learning performance, e.g., labeling new data. There is an ur-

gent need for cost-effective solutions to promote the system with limited annotated data.

1.2.3 Poor Data Quality in Adverse Conditions

Compared to computer vision tasks in other fields, e,g., retail product recognition, vision-

based traffic sensing facesmore severe application scenarios andweather conditions, e.g., rain-

ing and foggy days, and is more likely to fail to detect objects. Missing an object will lead to

severe traffic safety issues, e.g., false-positive detection in self-driving. Thus, Miss Rate (MR)

is more suitable than precision as themetric to evaluate the algorithm performance. The def-

inition of MR is shown in Equation 1.1, where FN indicates the number of false negatives,

and TP indicates the number of true positives.

MR =
FN

TP+ FN
(1.1)

Robust traffic video sensing in adverse conditions is complicated. The adverse conditions

mainly shorten the visible distance and reduce the contrast between the target and the back-

ground. Thus, extracting valuable information from data collected in such an environment

is challenging, especially with conventional hand-crafted feature descriptors. Deep-learning-

based computer vision algorithms have promising performance and even surpass humans in

some sensing tasks92. In addition, RGB cameras with the advanced CMOS can capture im-

ages and videos with much higher Signal-to-Noise Ratio (SNR) information in adverse con-
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(a) RGB Pedestrian Image (b) Infrared Pedestrian Image

Figure 1.4: Sample Images of Multispectral Pedestrian Detection126

ditions than ever. However, there is still much noise in those images and video frames. With

the increasing distance between the target and cameras, suchnoise canhavemore negative im-

pacts. Meanwhile, texture information is lacking in low-light conditions, e.g., trails and rural

roads at night, because no light is reflected from the target. High noise and lacking texture

information are a disaster for computer vision algorithms. One potential solution is sensor

fusion through synthesizing multiple kinds of data to overcome the poor data quality when

using a single sensor.

This dissertation investigates one common adverse condition in traffic sensing – low light.

There is not enough city light to light up the road, even in urban areas. Drivers are also likely

to ignore crossing pedestrians when entering the intersection in these conditions. There-

fore, robust traffic sensing under low-light conditions is necessary to improve traffic safety.

According to the previous discussion, the conventional RGB camera may be incompetent

for this sensing task, and sensor fusion contributes to the overall performance. The infrared

camera is studied to help distinguish the target from the background based on the target’s

infrared radiation. Two sample images from the KAIST multispectral dataset126 are shown

in Figure 1.4, where orange bounding boxes draw the persons’ position. The left image Fig-

17



ure 1.4a displays the RGB image and the right Figure 1.4b displays the thermal image. It is

difficult to manually localize targets from Figure 1.4a, and harder for machines. The RGB

image is more likely to miss texture information because the object is drowned in the back-

ground noise. In contrast, the thermal image can provide more precise visual information

such as object contour because the target has infrared radiation. However, infrared cameras

and thermal images cannot replace RGB cameras entirely and still have drawbacks because

they receive infrared radiation and are sensitive to environmental temperature. Influenced

by the environmental temperature, the infrared camera is more likely to confuse the target

and background during the daytime when the object and background have similar infrared

radiation. What is more, infrared cameras have much lower resolution, such as 320 × 240

and 640 × 480, than RGB cameras capturing 1920 × 1080 images. When the target is dis-

tant, detection using infrared cameras is also difficult. Therefore, it is necessary to develop

practical sensor fusion algorithms to utilize multiple sensors and improve detection accuracy

in adverse conditions.

1.3 ResearchObjectives

Motivated by the rapid development of ITS and the emerging challenges of deploying the

machine-learning-enabled traffic sensing system, this dissertation proposes a systematic and

generalized workflow to optimize traffic sensing accuracy and efficiency. Founded on three

transportation-specific challenges described in Section 1.2, this dissertation firstly tries to im-

prove deep learning algorithm efficiency and deploy them on edge devices if possible. Mean-

while, this dissertation faces realistic problems of working with insufficient and low-quality

data formodel training and inference. Originated from the transportation field, this disserta-
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tion studies several transportation scenarios and factors in priority and highlights differences

in computer vision algorithms between general and ITS applications.

The information era brings massive data generated every second from various sensors,

which raises concerns about existing computing resources and algorithm efficiency. This

dissertation first explores deep learning compression and post-training techniques to reduce

model complexity and simultaneously keep accuracy. The server can thus process more data

and operate multiple tasks with the same computing power. After model compression, it is

also possible to deploy algorithms on edge and further distribute computing workloads334.

The compression and optimization techniques are also crucial parts of the remaining chap-

ters, which consider applying deep learning algorithms on edge devices. Traffic sensing will

meet different targets, ranging from small-scale persons to large trucks. Some objectsmay ap-

pear more frequently, while others have a lower appearance frequency. It is critical to detect

all targets andminimize false negatives. However, insufficient annotated traffic data is a com-

mon situation, which brings data imbalance and leads to overfitting problems. More specif-

ically, this dissertation focuses on training a robust and generalized model in the condition

without sufficient training data of lacking annotations of small-scale objects and uncommon

categories. Instead of utilizing unlabeled data as self-supervised learning, data augmentation

and FSL are considered to explore more valuable information from existing annotated data.

Compared with computer vision tasks in other fields, traffic sensing is expected to operate

normally under adverse conditions. Adverse conditions bring poor data quality when com-

puter vision models are likely to fail to extract texture information drowned in background

noise. This dissertation considers implementing sensor fusion by combining multispectral

data sources for object detection163,167,12. Therefore, the primary research objectives are sum-
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marized in the following four topics.

a) Optimize deep learning model efficiency, especially on the edge device, to process

massive traffic data. This dissertation explores model compression, i.e., quantization,

and knowledge distillation strategies to simultaneously boost inference speed and keep

high accuracy. They are also fundamental optimization strategies applied to the re-

maining parts of this dissertation. Furthermore, these optimization techniques are

not limited to computer vision applications and have a great potential to expand to

other machine-learning-related transportation applications.

b) Improve tiny traffic object detection, i.e., in the crowd monitoring scenario. Crowd

monitoring plays a vital role in traffic safety with the development of urbanization.

However, crowd monitoring always faces challenges of localizing persons on a small

scale. Small-scale object detection is significant as it provides essential information for

crowd motion detection and group clustering. This study designs a novel data aug-

mentation strategy to enhance tiny object detection accuracy. This strategy explores

valuable information by increasing the tiny object sample number from existing train-

ing data.

c) Promote rare and novel traffic object detection accuracy. This dissertation develops a

few-shot object detection algorithm to improve the detection accuracy of novel cate-

gories, e.g., wild animals on the road and unusual traffic signs, in the transportation

scenario. Compared to the previous research objective of enhancing tiny object de-

tection, this part concentrates on rarely appeared traffic categories in all scales. This

dissertation tries to force the model to learn more features from uncommon or novel
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categories with limited samples, thus promoting the detection accuracy in those rare

categories while keeping detection accuracy in base categories. Few-shot object detec-

tion can also help data mining and reduce the workload of data annotation.

d) Improve vision-based traffic object detection accuracy in adverse conditions, especially

low-light conditions. The biggest challenge in detecting objects in such an environ-

ment is poor data quality, which cannot be solved using theRGB information because

almost no visible light is reflected from the object’s surface. Sensor fusion can utilize

the strengths of different sensors and generate high-quality features. This dissertation

proposes a multispectral detection algorithm for 24/7 traffic object detection through

fusing RGB and thermal images.

1.4 Dissertation Organization

This dissertation focuses on designing efficient and robust machine learning algorithms for

challenging traffic video sensing applications. To be more specific, this dissertation works

on three typical but tough challenges stated in Section 1.2 to demonstrate the effectiveness

of the proposed algorithms. The overall framework is shown in Figure 1.5. There are seven

chapters, including the introduction and conclusion chapters. In Figure 1.5, the left blocks

show the chapter’s primary topic, and the right texts describe their corresponding challenges.

The summary of each chapter except the first is listed below.

Chapter 2 Literature Review will review the existing works about deep learning and

computer vision applications in ITS, includingdeep learningmodels andoptimization strate-

gies. More specifically, this chapterwill introduce state-of-the-art object detection algorithms

and their applications in ITS. These algorithms can be divided into two subcategories based
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Figure 1.5: Dissertation Framework

on whether they have multiple input sources – monovision and multispectral algorithms.

Monovision implies using a single input source, such as RGB images. In contrast, multispec-

tral algorithms fuse different input sources to generate embeddings for classification, localiza-

tion, and segmentation. Besides fundamental detection algorithms, researchworks in vision-

based crowdmonitoring will be reviewed, involving object detection and tracking. Then the

second section of this chapter will summarize current solutions to two challenges – massive

input data and insufficient annotated training data. For the high data volume challenge in

Section 1.2.1, this chapter reviews two kinds ofmethods, e.g., deep learning compression and

edge computing by reducing themodel complexity and distributing computing tasks tomul-

tiple edge devices. Compared to the high data volume to process, annotation training data is

insufficient. This chapter introduces self-supervised learning, data augmentation, and few-

shot learning. More importantly, this chapter describes the reason for selecting the latter two

instead of self-supervised learning methods.
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Chapter 3 Edge Computing for Traffic Sensing in ITS focuses on fast-growing data

volume for analysis. Unprecedentedly massive traffic data from the sensor network increases

workload significantly in terms of transmission bandwidth, storage capacity, and comput-

ing power. With the development of urbanization and the construction of transportation

facilities, these resources will be further inadequate. The fundamental idea is to increase the

algorithm efficiency and distribute computing tasks to multiple devices if possible. Deep

learning compression is an effective tool for boosting inference speed without conducting

considerable modifications on original models. Besides deep learning compression, transfer-

ring computing works to multiple devices will significantly ease the central server’s workload

and require narrower transmission bandwidth. The extreme case is computing on the sensor

side and abandoning gathering raw data in one or several places. However, the limitation of

edge devices is relatively low computing power. Simplifying existing models, e.g., adopting

a lightweight model framework and compressing the existing model, becomes necessary for

edge computing. Thus, this chapter focuses on deploying deep learning compression and

knowledge distillation to promote model efficiency on edge devices and keep the same ac-

curacy as the original model. This chapter studies the example of parking monitoring as an

ideal scenario for edge computing. More importantly, this chapter innovatively assesses how

efficiency influences overall accuracy in parkingmonitoring through real-world data and sim-

ulation.

Chapter 4TinyTrafficObjectDetection takes the crowdmonitoring as the scenario and

focuses on the problem of lacking tiny object data. Crowd monitoring is essential for traffic

sensing as crowd gathering is common in urban regions, e.g., transit centers, andmay raise se-

vere safety disasters. Thus, accurately estimating crowd numbers and motion is meaningful.
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Nevertheless, persons usually occupy a small portion of the image because of the cameras’

installation position. Tiny-scale objects have much fewer training samples than normal-scale

objects and deficient texture information. These practicesmake detecting small-scale persons

difficult. Besides, tiny object detection can also contribute to object tracking and reidenti-

fication in public facilities and intersections because their inputs include object detection

results. Inspired by the need and challenge, this chapter proposes an accurate and efficient

crowd monitoring framework, including crowd counting and motion detection. It should

be particularly emphasized that this chapter designs a Zoom-Stitcher to increase the tiny sam-

ple number without collecting and annotating new data. This chapter integrates individual

detection and density estimation models to cope with the crowd counting in low- and high-

density situations.

Chapter 5 Rare and Novel Traffic Object Detection explores a solution to detect un-

common and novel categories in transportation scenarios with a few annotated training sam-

ples. Rare object detection will contribute to traffic safety, especially for collision avoidance

in autonomous vehicles and ADAS. It is unacceptable to classify rare objects in the back-

ground because they are less common in the training data. Although the core of missing rare

objects is still lacking annotated data, improving rare object detection may not follow the

strategy discussed in Chapter 4. One reason is that small-scale persons have similar textures

while these different rare categories have different latent features. Another is that rare cate-

gories may only have several training samples, much fewer than small-scale persons. There-

fore, this chapter proposes a few-shot training strategy and an effective and lightweight de-

tectionmodel to detect novel traffic objects and find corner-case data. This chapter conducts

two experiments – general traffic object detection and traffic sign detection, to evaluate the
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performance and significance of the proposed model and training strategies on rare and base

categories.

Chapter 6 PedestrianDetection inAdverse Conditions faces the challenge of poor data

quality when the environmental light is dim, and the visible distance is short. Different from

general computer vision in other applications, e.g., retail product classification, transporta-

tion applications do not have constant illumination. It is essential to have a robust detec-

tion algorithm in different illumination conditions for traffic monitoring. Improving detec-

tion accuracy in adverse conditions can help increase the safety level of autonomous vehicles.

Since conventional RGB cameras can only export images with high noise and low texture

information in low-light conditions, the involvement of infrared cameras can assist in pro-

viding available information by sensing targets’ radiation. This chapter thus designs a mul-

tispectral object detection model for 24/7 pedestrian detection by dynamically adjusting the

fusion weights of RGB and thermal embeddings. Besides improving detection accuracy, this

chapter considers the model efficiency by selecting the lightweight model structure and deep

learning compression techniques introduced in Chapter 3 for the self-driving platform with

limited computing power.
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2
Literature Review

2.1 Overview

This chapterwill review recent progress in computer vision anddeep learning related to trans-

portation applications. This chapter has four primary sections covering fundamental com-

puter vision algorithms, i.e., object detection, and specific training and optimization strate-

gies, e.g., FSL and deep learning compression. Section 2.2 reviews milestones and current

26



progress of deep-learning-based computer vision algorithms. This section splits these algo-

rithms into two categories – monovision and multispectral based on input sources. Section

2.3 introduces ITS applications utilizing computer vision technologies, e,g., traffic flow de-

tection and crowd monitoring. The following two sections focus on data challenges of high

data volume and insufficient annotated training data. Section 2.4 concerns dealingwithmas-

sive traffic data more efficiently in analysis and transmission by compressing deep learning

models in a low precision format. Additionally, this section introduces edge computing by

distributing computing works to edge devices, which is suitable for large-scale traffic mon-

itoring. Section 2.5 reviews research works on limited and imbalanced annotated data, in-

cluding self-supervised learning, data augmentation, and FSL. More importantly, this sec-

tion points out the major drawback of applying self-supervised learning in ITS applications

and suggests adopting data augmentation and FSL.

2.2 Computer Vision andDeep Learning

Deep learning has achieved great success in multiple fields and surpassed conventional ma-

chine learning algorithms. Computer vision has benefitted from the development of deep

learning with solid analysis and generalization ability. It will not be constrained by previous

hand-crafted feature descriptors and uses learnable feature extractors. Therefore, this sec-

tion will go through representative works in general computer vision algorithms, including

conventional and deep learning algorithms, before diving into vision-based traffic sensing

in Section 2.3. Although computer vision has many branches, this section concentrates on

object detection algorithms as one fundamental task in computer vision. Besides, object de-

tection also providesmetadata to other computer vision tasks, e.g., multi-object tracking and

27



motion prediction. Thus, this section reviews object detection algorithms based on input

sources – monovision and multispectral. Monovision object detection is the most common

by applying a single camera. Multispectral object detection implies fusing RGB images with

other spectral images. Since this dissertation works on vision-based traffic sensing, this sec-

tion does not explore studies of fusing cameras and other sensors, i.e., LiDAR.

2.2.1 Monovision Object Detection

Traditional object detectionmethods involve two steps – hypothesis generation and hypoth-

esis verification275. Haar250 andHistogramofOrientedGradients (HOG)10 are two conven-

tional feature descriptors to transform raw images to featuremaps. Then the sliding window

will traverse the whole image with a fixed stride. Each window location will be classified to

generate a classification score. The main drawback lies in hand-crafted feature descriptors

whose performance is constrained to detection targets. Initially, deep learning-based object

detection models inherit this structure but replace the hand-crafted descriptors with neural

networks for feature extraction. AlexNet160 can be seen as the first widely-applied deep learn-

ing model for feature extraction. After this model, several milestone models have been pro-

posed to increase the feature extraction ability as well as reducing the computing complexity,

e.g., ResNet110, MobileNet118, and EfficientNet282. In ResNet, Kaiming He, etc., designed

the residual block that increases the model depth significantly from less than 20 layers to

more than 100 layers. The shortcut connection between layers helps solve the vanishing gra-

dient problem, the foremost hurdle of increasing the model depth. In MobileNet, Andrew

G. Howard, etc., replaced the traditional convolution operation with a separable convolu-

tion operation that dramatically reduces computing complexity. In EfficientNet, Mingxing
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Tan and Quoc V. Le proposed a scaling method to scale dimensions of depth, width, and

resolution uniformly. The above vanilla models only work for classification tasks.

The detection task requires extra structure, including regression and classification layers

on different feature levels to predict bounding boxes and corresponding categories97. Object

detection models have two categories – one-stage and two-stage based on the detection pro-

cess. Two-stage models follow the same structure as the traditional detectionmethods. Rep-

resentative two-stagemodels are theR-CNNseries includingR-CNN96, FastR-CNN95 and

Faster R-CNN236. Faster R-CNN conducts the region proposal on the feature map, while

Fast R-CNN conducts the region proposal on the original image. In the deep learning era,

the fully convolutional structure helps jointly combine the region proposal and prediction.

Such kinds of models are called one-stage. Compared to two-stage detection models, one-

stage models simultaneously predict the proposed region and corresponding classification

scores without the region proposal step. Typical one-stage models include YOLO234, SSD,

and RetinaNet181. The first version of the YOLOmodel predicts objects on the last feature

map, while SSD does this on multiple feature levels to cover more object scales. Meanwhile,

the improved SSD called DSSD applied deconvolution to increase the model depth83. An-

other difference between YOLO and SSD is that SSD accepts inputs with fixed dimensions

like 300 × 300, but YOLO accepts random multi-scale inputs. Two-stage models are gen-

erally more accurate than these one-stage models but have lower inference speed. To further

promote one-stage models’ accuracy, anchor-free models are designed71. The anchor-free

models use keypoints to depict the objects instead of anchors. One representative work is

FCOS288which proposed an effectivemethod to suppress the low-quality predicted boxes by

introducing a new concept called centerness, which measures the normalized distance from
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the location to its responsible object center.

In practical scenarios, objects in the same image may different scales due to their actural

sizes and distance to cameras. Previous works like YOLO and Faster R-CNNpredict the last

feature map with a large receptive field. The large receptive field is more likely to ignore tiny

objects because tiny objects only occupy a small portion of the feature map. Therefore, it is

necessary to conduct the prediction on multi-scale feature maps. Although SSD produces

predictions on multiple feature maps, it does not perform well in tiny object detection be-

cause the shallow layer does not have strong feature representations. One straightforward

solution is using image pyramid140. The traditional image pyramid is inefficient since the

basic feature extraction process will repeat several times. Yanwei Pang, etc., designed an ef-

ficient image pyramid network by using a lightweight convolution block to generate feature

maps from downsampled images223. Another solution is using the feature pyramid, and the

typical work is Feature PyramidNetwork (FPN)180. Enhanced by FPN, the average precision

of Faster R-CNN has improved by around 20%. YOLO v3 builds a similar feature pyramid

structure and predicts objects at three levels with a feature pyramid structure235,24.

2.2.2 Multispectral Object Detection

Compared to monovision object detection stated in Section 2.2.1, multi-sensor fusion is ap-

plied to improve the performance in adverse conditions, i.e., low-visibility. One representa-

tive work is multispectral detection fusing RGB and thermal information. As described in

Section 1.2.3, data collected in adverse weather conditions is poor with a lot of noise and low

contrast when only using RGB cameras. Adding infrared cameras as another input source

can enhance the sensing ability in low-visibility conditions. Multispectral detection can over-
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come shortages of detection using either RGB or thermal images, which significantly bene-

fits traffic sensing, e.g., pedestrian detection, and improves traffic safety. Before reviewing

state-of-the-art detection algorithms, there are two public multispectral pedestrian datasets

– OSU Color-Thermal Database59, and KAIST Multispectral Pedestrian Dataset126. The

OSU dataset uses a fixed camera to collect data, while the KAIST dataset uses the onboard

camera commonly installed in connected and autonomous vehicles. The primary difference

is whether the camera is fixed at one location. Thus, the frequent change of background and

illumination almost disables the application of conventional object detection algorithms like

background subtraction329, and increases the difficulty of distinguishing the object from the

background as well.

Multispectral pedestrian detection also has conventional and deep learning algorithms like

monovision detection. The advantages of conventional algorithms include explainable struc-

ture and easy deployment. One traditional algorithm is combining the Aggregated Channel

Features (ACF)64 and thermal HOG features57 for feature extraction and applying a classi-

fier. In the KAIST dataset, SoonminHwang, etc., built the baseline with this algorithm and

published its MR as 64.76%. MR is the shared evaluation metric in multispectral pedestrian

detection and is defined as the ratio of false positives and all positives. Besides, they found

that thermal images contribute less to instant pedestrian detection since the context infor-

mation in thermal images is not as sufficient as RGB images. However, hand-crafted feature

descriptors are out-of-date and limited to application scenarios, which cannot meet the de-

mand for higher accuracy and robustness in transportation circumstances. Meanwhile, deep

learning succeeded in object detection, as described in the previous section.

Based on fusion strategies, Multispectral detection algorithms generally have three fusion

31



branches – early fusion, middle fusion, and late fusion. Early fusion indicates stacking RGB

and thermal images as the inputs. Middle fusion implies fusing feature maps from different

sources within the feature extraction process54. Late fusion means combining the feature

maps at the highest level. Previousworks have revealed that late fusion is alwaysmore accurate

than early fusion but it will bring extra computing costs. In Jörg’s research, MR of early

fusion was 10% higher than late fusion294. Daniel Konig, etc., built their detection model

founded on Faster R-CNN and compared different fusion strategies158. Their experiment

results showed the middle fusion performed very closely to late fusion, and their MR was

about 9% lower than early fusion. Furthermore, YongtaoZhao, etc., introduced the attention

mechanism to the fusion process351. Instead of concatenating layers directly, they utilized

local and global attended decoding for layer fusion and got an impressively lowMR. Yunfan

Chen, etc., fusedRGB and thermal features at different levels for region proposal to improve

detection performance on multiple scales49.

Besides evaluating different fusion strategies, impacts of the illumination factor are also

considered. Since the idea of fusingRGBand thermal images comes from reducing the effects

of illumination, computing themean value of two inputs at the fusion stagemaynot perform

as well as applying dynamicweights based on current illumination conditions. Therefore, re-

search works have also explored designing an Illumination-Aware (IA) network to compute

fusion weights, notably174. Dayan Guan, etc., designed an IA network that uses the feature

map from the concatenation layer ofRGB and thermal streams100. Outputweights of the IA

network work for fusion in both classification and localization networks. Their experiment

results displayed that applying an IA network reducesMR to 29.62%, which is 3% lower than

no IA network. However, another factor of environmental temperature may also generate
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impacts on the final results via affecting thermal images55. Only a few pieces of research con-

sider this temperature factor in the fusion process.

Although detection accuracy is a vital evaluation metric for object detection, its efficiency

is also meaningful in practice. As discussed in Section 1.2.1, cloud computing has suffered

challenges for high data volume for analysis because of large-scale sensors. The key is reducing

the model complexity. Most state-of-the-art multispectral detection models belong to two-

stage concentrating on accuracy but sacrifice efficiency. Considering some mobile applica-

tions, e.g., pedestriandetection in autonomous vehicles,more efficientmodels are needed. As

a result, YaliHou, etc., built theirmultispectral pedestrian detection algorithmbased on SSD

and fused RGB and thermal embeddings at different feature scales117. Compared with other

two-stage algorithms100, its inference time to process a single image decreased to 0.03 seconds

from0.25 seconds by 88%on the sameGPU instance. Their experiment demonstrated that it

is possible to deploy multispectral detection algorithms on the edge side at a real-time speed.

However, a considerable accuracy gap exists between this and other two-stage models with

over 50% higher MR.

2.3 Computer Vision in ITS

Traffic sensing works as the frontend to collect and analyze traffic data using multiple sen-

sors, e.g., loop detector, magnetic sensor, and camera. As stated in Section 1.1.2, cameras can

capture more detailed information compared to other sensors. Additionally, the collected

visual data is close to human observation and convenient for fast verification. The vision-

based analysis also benefits from deep learning and has impressive performance in compli-

cated transportation scenarios. In ITS, computer vision plays an increasingly vital role by
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providing real-time traffic status information from stationary and mobile platforms. Previ-

ous works pay attention to road safety. As urbanization advances, ensuring crowd safety is

another critical issue because of more opportunities for group gatherings, e.g., public facili-

ties during events. Vision-based crowdmonitoring is an effective tool to observe crowd safety

and detect abnormalities in time. Thus, this sectionwill review computer vision applications

in the transportation field, such as object detection from the sky and crowd monitoring.

2.3.1 Object Detection for Traffic Sensing

Vision-based traffic detection can be generally classified into vehicle detection and pedestrian

detection in public facilities based on detection objects. Vehicle detection also has multiple

subsets according to the location of the camera: roadside, onboard, and aerial. The road-

side camera is usually applied for traffic surveillance by transportation management depart-

ment, e.g., vehicle recognition214,35, automatic license plate recognition166,41, vehicle logo

recognition222, and vehicle type recognition298,153. The onboard camera usually refers to the

advanced driver-assistance system or autonomous vehicle370,162. Road lane and traffic sign

detection are two fundamental tasks in these applications. The road lane detection is always

related to image segmentation thatmarks eachpixel to one class. The segmentation algorithm

always consists of encoder and decoder210. PingrongChen, etc., proposed a lanemarking de-

tector, similar to SegNet14, to group lane pixels. Then they applied a 3rd order polynomial

to fit the lane. To apply higher-order polynomial to fit the lane, Davy Neven, etc., designed

a separate neural network called H-Net to compute this transformation215. The traffic sign

detection is similar to the vehicle and pedestrian detection, but it faces some unique chal-

lenges, e.g.,multiple appearances of sign andmotion artifacts295. DomenTabernik andDani-
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jel Skočaj applied Mask RCNN108 for accurate sign localization. There are several strategies

to improve traffic sign detection, including Online Hard-Example Mining260 and selecting

the same number of Region of Interest (ROI) for each presented object. The popularity of

UAV provides another view for vehicle detection349,147. The UAV has strong mobility and

broader views than the roadside and onboard cameras. SeyedMajid Azimi proposed a Shuf-

fleDet tomonitor the openpublic space usingUAV images202. However, themajor drawback

of UAV-based traffic flow estimation is its short operation time and it can only work for tem-

poral monitoring. Based on the traffic flow estimation, traffic speed can also be estimated77.

Besides vehicle detection, accurate pedestrian detection also makes sense to ensure trans-

portation efficiency and safety. Based on the person number, it can be divided into single-

person and crowddetection26. Single-person detection is similar to vehicle detection, and the

major difference is detecting persons instead of vehicles. Since the output of deep learning

models is not a binary classification, general video surveillance276, autonomous vehicle106,267,

and UAV3,188 may detect the person object at the same time depending on the design of

the classifier. One emerging application related to COVID-19 is the social distance detec-

tion114. Onur Karaman, etc., built a smart camera system for social distance detection based

on variants of Faster R-CNN and SSD189,136 using bird’s-eye view145. In addition, Zhenfeng

Shao, etc., implemented the algorithm on UAV images for social distance detection in open

space252.

2.3.2 Vision-Based CrowdMonitoring

Urbanization creates more scenarios of crowd gathering, e.g., transit centers during peak

hours. Crowd monitoring has been attracting considerable priority in non-motorized traf-
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fic research due to the lessons learned from the previous crowd events and disasters111. The

fundamental task in crowd monitoring is crowd counting. Crowd counting s two branches

based on counting methods. The first one is detecting each individual and accumulating

the total number. As a result, the overall performance largely depends on object detection

accuracy. Deep learning methods have greater advantages than traditional methods using

hand-crafted feature descriptors211,313. In addition, the object detection results are inputs for

motion detection and prediction. However, this kind of method is constrained by whether

the algorithm can extract each individual precisely. Occlusions are common in public facili-

ties and decrease detection accuracy. When the crowd density is relatively high, and there are

more occlusions, crowd counting following the abovementioned procedure will have a high

estimation error.

To overcome the limitation raised by high crowd density, another method of predict-

ing the density map thus becomes popular. Similar to semantic segmentation217, density-

estimation methods also utilize Fully Convolutional Network (FCN) like U-Net242 to pro-

duce heatmap. The difference is that the output of each grid is the predicted crowd number

instead of the classification scores. Inspired by FPN of predicting objects on multiple scales,

one method is to enlarge the receptive field, e.g., applying convolutional filters with differ-

ent kernel sizes in parallel for feature extraction353. In contrast, a larger kernel size leads to

computing complexity. Dilated convolution can increase the receptive field while keeping

the algorithm efficiency177,352. Besides upgrading convolution operation, Weizhe Liu, etc.,

used average pooling to get featuremaps of different sizes190. What is more, other researchers

upgraded themodel framework instead of replacing operators by selectingmore robust back-

bones and adopting the attention network300,308. Considering that the density distribution
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may not be uniform in one scenario, researchers also divided the whole image into multi-

ple patches for analysis. Deepak Babu Sam, etc., passed each patch into different networks to

predict the crowdnumber based on the density score using a separable network called Switch-

CNN246. Similarly, Usman Sajid, etc., proposed a zoom-in-and-out strategy to estimate the

patch density245. However, density estimationmethods usually have a higher error when the

density is low, or crwods are sparse. It is necessary to combine individual detection and den-

sity estimation models for crowd counting to cope with all scenarios. Mingliang Xu, etc.,

combined object detection and density map estimation to get a more robust crowd counting

method326. They selected the method based on the target distance and used image segmen-

tation to estimate the depth map72. Then, they used the object detection method to count

the near-view person number. One concern is that the near-view crowd may also have high

crowd density, which is the opposite of this study’s basic assumption.

Besides counting the crowd number, it is significant to obtain crowd motion characteris-

tics, e.g., movement direction and speed. Previous research works had two kinds of methods

to detect crowdmotion – flow-based356 and object-detection-based137 methods. Flow-based

motion detection mainly considers the crowd motion as the optical flow and estimates the

flow based on anchors extracted with different feature descriptors. The quality of anchors

can determine the motion detection accuracy. Several assistance methods have been applied

to improve flow-based motion detection. Saad Ali and Mubarak Shah utilized various floor

fields to calculate the movement probability and to force the crowd to follow specific rules7.

Mikel Rodriguez, etc., employedCorrelated TopicModel to describe the crowd behavior241.

They computed the future movement via the observed historical trajectories and the pre-

dicted positives. Similarly, Louis Kratz, etc., adopted the hidden Markov model to consider
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the spatial-temporal correlation159. Flow-based methods worked well in dense conditions

because the algorithm can easily capture anchors for flow computation. However, these

methods assume that the brightness is consistent, which may not be guaranteed in a prac-

tical scenario, especially in outdoor facilities. Additionally, these methods largely depend on

the anchors. When the image contrast is low, hand-crafted descriptorsmay fail to capture the

gradient change at the edge of objects. It is common for these descriptors to find anchors in

the background.

Since flow-based methods may not suit low-density situations and cannot distinguish the

background effectively, object-detection-based methods can make up for these drawbacks.

Object detection-basedmethods first track each individual and then group individuals based

on theirmovement patterns. As a result, themost critical part ismulti-object trackingbyfind-

ing the appearance similarity for the same target between adjacent frames. Chenghao Kuo,

etc., designed an Online Learned Discriminative Appearance Model that used AdaBoost to

select discriminative features to compute the link probability between tracklets164. Consid-

ering the tremendous success of the Kalman filter in various fields206, Alex Bewley, etc., pro-

posed a simple but effective trackingmethod, SimpleOnline andRealtimeTracking (SORT),

that applied the Kalman filter to the object tracking task20. The data association was com-

puted by intersection-over-union between detection and predictions. Compared to previous

trackingmethods, SORToffered state-of-the-art accuracy but amuch higher inference speed

in its publishing year of 2016. Much improvement works based on SORT, e.g., utilization

of deep embedding features, have been conducted as well to reduce the impacts of occlu-

sions319,312,207. After completing the multi-object tracking, the next step is grouping these

tracking objects by their motion patterns. Riccardo Mazzon, etc., applied the social force
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model to constrain the crowd behavior205. Feng Zhu, etc., built a hierarchical tree struc-

ture for grouping in terms of motion and location coherence364. What is more, Aniket Bera

andDineshManocha designed a hybridmotionmodel considering both flow and individual

detection19. When comparing bounding boxes in object-detection-based methods with an-

chors in flow-based methods, each has pros and cons. Object-detection-based methods are

more robust to the complicated visual background because they can learn the appropriate

targets for tracking from training data. Flow-based methods can offer more reference points

for crowd grouping.

2.4 DealingwithMassive Data

With more sensors installed in ITS, the data volume for analysis is much higher than ever.

Meanwhile, the analysis algorithms are more complicated for different traffic sensing tasks.

The existing system may not process data as efficiently as before to meet the growing de-

mand for a better transportation system. How to ease the workload has become a hurdle for

researchers and practitioners. There are generally two kinds of quick solutions. The first is

accelerating the model inference speed. Instead of directly adopting a simpler model, deep

learning compression can make users adopt the state-of-the-art but complex model while in

a relatively small size. Thus, deep learning compression will quickly transfer a well-trained

model to deployment without much framework modification. The second is edge comput-

ing which conducts computing on edge devices instead of transmitting data to servers for

centralized processing. The edge device only sends metadata or results back to servers, saving

bandwidth and computer resources on servers. Due to limited computing power, edge com-

puting requires extremely high algorithm efficiency. Deep learning compression to help the
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pre-trained model run smoothly on edge devices.

2.4.1 Deep Learning Compression

Simplifying deep learning models is a significant step before the practical deployment. As

described in Section 2.2.1 and Section 2.2.2, selecting a lightweight model can improve the

efficiency significantly. Besides this one, model compression is another effective tool to re-

duce the model size and boost the inference speed53. Several prevalent model compression

methods include parameter quantization, pruning, and knowledge distillation. Parameter

quantization is a recently developed and simplemethod to solve the problem that deep learn-

ing always consumes much GPU memory and computing resources52. The basic idea is to

reduce the parameter precision. The most common quantization operation is replacing 32-

bit floating-point parameterswith 8-bit integer parameters133, which can compress themodel

size by 75% in theory. Benoit Jacob, etc., conducted the experiment results and showed that

a proper quantization operation could increase the inference speed significantly while hav-

ing a slightly negative impact on accuracy. To further reduce the adverse effects, Yuhui Xu,

etc., designed a multi-level quantization method by introducing incremental layer compen-

sation to quantization layers iteratively327. More remarkably, researchers even studied binary

quantization for extreme compression. MohammadRastegari, etc., proposed a binaryCNN

that saves memory bymore than 32 times and increases the inference speed by 58 times com-

pared to the originalmodel232. Although binaryCNNhas a standing performance on saving

memory and inference time, the accuracy drops by over 10%. Binary CNN is more suitable

for applications that require minimal memory but are not sensitive to accuracy. Transporta-

tion applications cannot sacrifice much accuracy closely related to safety, which indicates a
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carefully designed training strategy is necessary when adopting Binary CNN. The parameter

quantization helps reduce the model size by decreasing the parameter precision. In addi-

tion to quantization, model pruning reduces connections between neurons by applying the

mask at the training and inference stages. In the inference process, the forward process ig-

nores the pruned connections and reduces computing complexity284. Michael H. Zhu and

Suyog Gupta explored the efficacy of pruning366. They compared the performance of large-

sparse and small-dense models and found that the overhead in sparse matrix storage dimin-

ishes the achievable compression ratio. The large-sparse model was consistently more ac-

curate than the small-dense model. In addition, Qiangui Huang, etc., proposed a pruning

agent to remove unnecessary convolutional filters in a data-driven way instead of following

the pre-designed rules122.

Deep learning quantization and pruning compress a largemodel into a smaller one. These

compression techniques will cause some bias and lose a little accuracy. Retraining after com-

pression becomes a necessity. However, the compressed small model has fewer parameters

and is more likely to suffer an underfitting problem. Knowledge distillation came out to

train a better small model,98 and has gradually become a general framework that helps pro-

mote the model performance303. Knowledge distillation transfers knowledge from a teacher

model, which is always a large model, to a target model by learning data distribution output

via the softmax function113. Knowledge distillation targets to enhance the model generaliza-

tion ability by learning from its teacher model. Based on knowledge types, there are three

different categories. The first category is response-based knowledge referring to the response

fromthe last output layer. GuobinChen, etc., appliedknowledgedistillation in theobject de-

tection task, where the response included logits and offsets of bounding boxes36. The second
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category is feature-based knowledge referring to representations from the last and intermedi-

ate layers. Sergey Zagoruyko and Nikos Komodakis proposed an attention map from origi-

nal feature maps to represent embeddings343. The last category is relation-based knowledge

which further explores the relationship between different layers. Junho Yim, etc., computed

correlations between feature maps using the inner product as the knowledge335.

2.4.2 Edge Computing

Deep learning has a powerful data processing ability because of its adequate transformations,

e.g., CNN, and MLP, that put a higher requirement for computing power. As models be-

come complicated with more parameters, they have a stronger fitting ability but become

larger and more complicated at the same time.290. For example, ResNet can have 152 convo-

lutional layers, which ismuchdeeper thanVGGNetwithup to19 layers262. Althoughdeeper

models and powerful servers can help process the rawdata effectively, the rapid growth of sen-

sors has raised a new challenge in analyzingmassive data for ITS. Section 2.4.1 reviews works

of compressing these deep learning models to promote the inference speed on the server.

Some transportation applications have to process data on the edge side, e.g., self-driving and

ADAS. The transmission latency and potentially unstable wireless connection are unaccept-

able. Edge computing is also a beneficial choice for roadside sensors with the fast-expanding

sensor network257,38. Transportation agencies can save budget on upgrading the data trans-

mission route and servers.

The framework comparison between cloud and edge computing is shown in Figure 2.1,

where the left figure represents the cloud computing framework, and the right denotes the

edge computing framework. In Figure 2.1, the width of the arrow between edge devices and
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(a) Cloud Computing Framework (b) Edge Computing Framework

Figure 2.1: Framework Comparison between Cloud and Edge Computing

cloud refers to the data volume and corresponding bandwidth. The width of cloud comput-

ing is wider because raw data is transmitted back to the cloud. The scale of servers represents

the computing resources required in the cloud. Comparing Figure 2.1a and Figure 2.1b, it

can be found that edge computing asks narrower bandwidth and fewer servers. The edge de-

vices are mainly cameras in this dissertation and can extend to other IoT sensors in different

scenarios. Edge devices are only responsible for data collection and transmission for cloud

computing without any computing task. In contrast, edge computing will conduct comput-

ing tasks on the edge side. Thus, edge devices have restrained computing power. When there

is data for analysis with the development of urbanization, cloud computing demands more

resources. Comparably, edge computing conducts the distributed data processing, where the

computing power grows as more deployment of edge devices. In conclusion, there are three

advantages of deploying edge computing in ITS: latency, scalability, and privacy.

Firstly, edge computing can shorten the latency significantly especially in the large-scale
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network74. KiryongHa, etc., compared the latencywhen conducting speed and face recogni-

tion102. They found that the latency using cloud computing was several times higher. Since

the raw data transmission is unnecessary, the data transmission time can thus save. Benefit

from the algorithm compression53, and hardware acceleration like TensorRT208, the infer-

ence speed on edge canbe as fast as the cloud. Secondly, edge computing has a strong scalabil-

ity249. The node expansion can be more convenient without upgrading the cloud or central

server because the edge device will conduct most computing tasks. In addition, transmitting

all data back to the cloud is also inefficient in terms of internet utilization38. The video stream

belongs to bandwidth-sensitive data in the transportation field, where edge computing can

help save the bandwidth significantly. Lastly, privacy is attracting more and more concerns

in the transportation field, e.g., facial and speech information. The cloud computing-based

system will transmit all data back to the cloud for analysis and storage, which is riskier of

being leaked in the process231. However, edge computing can guarantee privacy when the

firewall on edge is appropriately set up because almost no sensitive data will be transmitted.

Although edge computinghas various advantages, its development still has constraints due

to its relatively weak computing power. Considering the practical situation, including cost,

device size, and power consumption, deploying a computing machine as powerful as servers

on edge is almost impossible. In particular, this dissertationwill not discuss professional com-

puting or AI chips though they are always powerful and efficient240,70. Those chips should

have peripheral circuits and are task-specific. Instead, The general edge computing platform,

e.g., Raspberry Pi and Nvidia Jetson, are concerned. There is an insurmountable gap be-

tween edge devices and servers. For example, one of the most potent edge devices in the

market – Nvidia Jetson Xavier NX, whose integer performance is 21 Tera Operations Per
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Second (TOPS) at 15W power consumption, is much weaker than the Nvidia A100 GPU,

whose integer performance is 624TOPS. For floating-point computing, the performance gap

will become even more extensive. Previous experiment121 showed some popular detection

models, e.g., Faster R-CNN and SSD, could have an inference time of 110 and 50 millisec-

onds respectively to process one image. These models’ backbone was Inception v2278 and

input resolution was 300 × 300 pixels. The inference speed was not real-time even using a

discrete GPU. The testing platform used the GPU of Nvidia Titan X GPU, whose integer

performance is 26.4 TOPS. The inference time would increase enormously if these models

were directly deployed on Nvidia Jetson Xavier NX without optimization.

Currently, edge computing is lively discussed in multiple fields, including ITS175,178. Yue

Cao, etc., proposed a mobile edge computing-based system for the electric vehicle charging

planning30 via implementing data mining and aggregation in a decentralized way, which can

reduce cloud processing. Similarly, Zhenyu Zhou, etc., developed a framework called robust

mobile crowdsensing by integrating both data validation and local processing functions363.

The proposed systemfiltered the irrelevant images on edgewith deep learning and then trans-

mitted the filtered images back to the server. In addition, edge computing was used in tra-

jectory prediction354, path planning, and autonomous control80,212. The roadside unit also

uses edge computing that is responsible for communication with vehicles, data processing,

anddata uploading to servers124,161,185. Besides application in connected and autonomous ve-

hicles, intelligent transportation facilities also benefit from deploying edge computing86,81,

e.g., parking garages151,171. One substantial component of a modern parking system is park-

ing space monitoring. The current parking space monitoring is cloud-based and suffers chal-

lenges from limited computing resources and storage space125, which are similar to other
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cloud computing-based applications. Victor Kathan Sarker, etc., designed the parking sys-

tem with IoT-based sensors using a vibration sensor and magnetometer248. Cong Zhang,

etc., built the surveillance system with fish-eye cameras to cover a larger parking area in the

parking system28. In addition to parking monitoring, other researchers explored traffic flow

detection. Guanxiong Liu, etc., proposed a two-tier edge computingmodel for both conges-

tion and speed estimation using the surveillance camera183. Firstly, they adopted the Global

Foreground Modeling method255 to extract potential candidates. Then, the Bayes classifier

was applied to classify each pixel as either background or foreground.

2.5 Learning from Limited Annotated Data

Currently, most deep learning applications use supervised learning with well-annotated data

for loss calculation. Although massive data is generated from different sources, annotated

data always occupies a tiny part and is valid for deep learningmodel training. Once the train-

ing data is labeled, it is updated frequently, considering the budget and time consumption.

Base categories in common scenarios can have sufficient annotated data from various public

datasets. However, some categories have low appearance frequency and thus have fewer sam-

ples, which leads to data imbalance. In ITS applications, there are always minor categories

that are less common, e.g., rare traffic signs. Missing these objects will lead to safety issues

and potential violations of traffic rules. Deep learning models trained on such imbalanced

datasets will have a considerable bias. Theywill tend to give a higher prediction score to those

categories with more samples. Therefore, this section will review three effective strategies to

face this insufficient annotated data challenge – data augmentation, self-supervised learn-

ing, and FSL. Data augmentation is the most common strategy in deep learning training to
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increase data variance and improve model generalization. The general workflow of data aug-

mentation is randomly doing operations, e.g., affine transformation, on existing data. Self-

supervised learningmay solve this challenge fundamentally by utilizing unlabeled data in the

training process. Nevertheless, self-supervised learning requires a carefully designed training

strategy and sufficient computing resources, making it not ideal for transportation applica-

tions. FSL relies on prior knowledge from base categories and forces the model to learn suf-

ficient features fromminor categories. More details will be discussed in the following part.

2.5.1 Data Augmentation

Deep learning has achieved incredible success by relying on the tremendous number of trans-

formations that require sufficient training data. Without sufficient training data, there will

be overfitting problems156 that constrain the model performance on testing data. Addition-

ally, the model generalization is an important attribute that refers to the ability to adapt ap-

propriately to unseen data216. The poor generalization ability will lead to overfitting, whose

phenomenon is that validation error keepsunchangedwhile the training loss decreases. There

are several strategies to increase the generalization ability including dropout270, batch nor-

malization132, transfer learning317 and data augmentation259. Dropout is one regularization

strategy that sets the activation values to zero of randomly selected neurons in the train-

ing process. In the inference process, the output of these neurons will be multiplied by the

dropout probability. Dropout can force the model to learn more robust features using part

of neurons. Batch normalization is another regularization strategy that standardizes input,

accelerating the training process with a larger learning rate. In addition, transfer learning in-

dicates first training the model on a large dataset and then fine-tuning it on a target dataset.
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Transfer learning works well when datasets share low-level spatial characteristics. The foun-

dation of transfer learning is using more data for model training. As a result, the most effec-

tive way is to increase the training data. Data augmentation does not require additional data

annotation and can increase the target data size as onemethod to increase data variance. The

fundamental assumption of data augmentation is that it can help extract more information.

Several widely-applied data augmentation strategies include flipping, rotation, cropping,

translation, color space transformation, and noise injection. Among these strategies, rota-

tion, cropping and translationmay lead to label changing for detection tasks. GuoliangKang,

etc., proposed a Patchshuffle regularization142 by randomly swapping pixel values within a

sliding window. Hiroshi Inoue innovatively mixed two sample images by computing the

mean value of each pixel131. The label of the new image is the same as the first sample image.

To get a more generalized mixed-sample strategy, researchers applied a non-linear method

by conducting the image concatenation vertically and horizontally at the same time273. In-

spired by the dropout regularization, Zhun Zhong randomly erased part of images and filled

that position with a random pixel value361. This strategy was especially for detection tasks to

mimic the object occlusion. Meanwhile, some research works have also focused on evaluat-

ing the combination of these data augmentation strategies285. EkinD. Cubuk, etc., designed

a framework to help learn the data augmentation strategies from data56.

This dissertation considers the category imbalance a challenge for deep learning, especially

for tiny object detection. One straightforward method is just copying and pasting small ob-

jects multiple times within the images155. This method requires object masks to copy and

paste objects precisely instead of coarse bounding boxes. Another way is conducting the im-

age stitching by stitching four images into one image and then resizing to the original dimen-
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sion50. Since the stitched images come from different scenarios, it may lead to the scenario

inconsistency problem for objects existing at the boundary of images. What is more, Xue-

hui Yu, etc., found that a scale match between the pre-trained dataset and target dataset can

be helpful340. They aligned the object scales between these datasets to utilize better existing

labeled data.

2.5.2 Few-Shot Learning

Insufficient annotated data is a considerable challenge. Data augmentation makes excellent

contributions to increasing data variance but cannot generate new annotated data. Thus,

researchers have started to work on utilizing the unlabeled data with pseudo labels. Those

methods are called self-supervised learning193. Self-supervised learning does not need ground

truth as supervision compared to supervised learning. With unlimited unlabeled data, self-

supervised learning can help train a robust backbone for downstream tasks and reduce the

parameter number trained in the fine-tuning stage. In general, self-supervised learning has

generative and discriminative algorithms. Generative algorithms target to generate or predict

pixels in the input space44,63. Discriminative algorithms learn representations using func-

tions similar to functions in supervised learning but performpretext tasks. Contrastive learn-

ing, as one of the discriminative algorithms, achieves promising results13. Ting Chen, etc.,

proposed an asymmetry framework for contrastive learning called SimCLR and its succes-

sor42,43. In the first version of SimCLR42, they found that amore substantial data augmenta-

tion can benefit the model training. A nonlinear transformation between the representation

and contrastive loss could substantially improve the representation quality. In the improving

version43, MLP replaced the single nonlinear transformation for better performance. Big-
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ger self-supervised models were more label-efficient and performed significantly better when

fine-tuned on small datasets107,45. To reduce the batch size, BYOL is proposed by applying

an extra linear layer on the online encoder to predict the representation and comparing it

with the representation generated from the target encoder99. According to the experiment

setting of these self-supervised learning or contrastive learning, the required computing re-

sources are thrilled because they should go through a super larger dataset and ask for a large

batch size to obtain a globally optimal value. For example, the relatively efficient contrastive

learning framework BYOL still requires a batch size of over 500 with 64 cloud TPUs. Thus,

it is almost impossible to deploy self-supervised learning in transportation applications.

Comparably, FSL only works on a few annotated samples and is easily implemented with

limited training resources. As the name suggests, FSL makes machine learning algorithms

learn features and representations from limited training samples. General machine learning

requires a vast amount of balanced training data. It becomes difficult to applymachine learn-

ing algorithms in practice when involving novel categories1,146. When implementing FSL to

improve the training process, the dataset will have two parts – baseDbase and novelDnovel cate-

gories that have no overlapping. Base categoriesDbase have sufficient training data, and novel

categoriesDnovel only have a few training samples. There are k samples for each novel category

in a K-shot object detection task. If training on the novel categories directly, there is an over-

fittingproblem leading topoor generalization37. Thus, FSLalways adopts a two-step training

strategy. The algorithm is firstly trained on base categoriesDbase with sufficient data and then

fine-tuned on a balanced small dataset with novel categories157. Many few-shot object detec-

tion algorithms utilize meta-learning to learn how to predict novel categories. Bingyi Kang,

etc., added a reweighting module on YOLO139, and Xiaopeng Yan, etc., designed a similar
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module namedpredictor-head remodeling network for FasterR-CNN328 for few-shot object

detection. The shared feature was the meta learner with a small number of support images

and their bounding boxes. To simplify inputs without bounding boxes, Yu-Xiong Wang,

etc., proposed a weight prediction meta-model that predicts category-agnostic parameters

from base categories and category-specific parameters from novel categories309. Xin Wang,

etc., further improved this process by removing external networks and introducing a two-

stage fine-tuning approach (TFA)304. Based on their experiment results, the performance in

novel categories was even better. As mentioned above, a few research worked on few-show

traffic object detection. Anay Majee, etc., applied FSL in traffic object detection201. They

adopted Faster R-CNN to work as the base detection algorithm. Then they evaluated two

few-shot architectures – feature-similarity-based following Xin Wang’s work and auxiliary-

network-based following Yang Xiao’s work324. Their experiment further demonstrated the

outperformance of TFA. Faster R-CNNbelongs to a two-stage detection algorithm and can-

notmeet the efficiency requirement in traffic object detection deployed on roadside units and

autonomous vehicles.

2.6 Chapter Conclusion

This chapter has reviewed state-of-the-art computer vision works in ITS, including traffic

object detection algorithms, deep learning compression, data augmentation, and FSL. Com-

pared to general computer vision tasks in other fields, e.g., retailed product classification268,

and short-clip classification78, transportation applications have its own specialty for com-

puter vision algorithms. Traffic sensing has a higher requirement of robustness and efficiency

in all-day conditions to monitor and ensure traffic safety. With the development of urban-
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ization, more traffic sensors have been deployed and generate an extremely high data volume.

Thus, the analysis algorithms should be more efficient and process incoming data as soon

as possible. IoT technologies contribute to the broader deployment of sensors with smaller

sizes and good communication abilities. Advanced processors enable edge devices with some

but limited computing capabilities. Edge computinghas becomepopular in ITS todistribute

computing tasks on central servers andpromote system efficiency. The direct transfer of com-

puter vision models from servers to edge devices may not work well because of the different

computing power. Appropriate algorithm optimization is necessary to let edge devices run

deep learning algorithms. In conclusion, this chapter has summarized research works faced

with high volume, lack of annotations, and poor quality challenges. More importantly, this

chapter points out the limitations of existing works in dealing with these challenges. The

coming four chapters will propose innovative and practical machine learning methods for

challenging traffic video sensing applications.
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3
Edge Computing for Traffic Sensing in ITS

3.1 Overview

This chapter focuses on efficiently processing the rapidly growing traffic data and reducing

heavy workloads on central servers. One straightforward solution is improving the machine

learning algorithm efficiency by implementing model compression. After the model com-

pression, deploying the compressed algorithmon the sensor side for edge computingbecomes
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possible because computing power on the edge side is limited. Edge computing can funda-

mentally ease the cloud’s workloads. This chapter proposes an optimization workflow to

improve the algorithm efficiency without losing accuracy. To demonstrate the effectiveness

of the proposed workflow, this chapter studies the parking monitoring application to reduce

the search time for available parking spaces. Since parking garages have a higher capacity in

metropolitan regions and transit centers, edge computing is better than cloud computing for

camera data analysis by saving transmission bandwidth and server resources.

3.1.1 Background

The city development has promoted the construction and upgrade of transportation facili-

ties, including roadways and parking garages. The higher urban population has raised more

concerns about traffic congestion and crowd safety problems. It is significant to monitor

these regions to ensure traffic efficiency and safety. Nowadays, IoT-based traffic sensors

can be easily deployed for multiple purposes, e.g., vehicle counting and collision avoidance.

These sensors provide real-time data to the transportation system and enhance its sensing

ability. Transportation agencies can make accurate traffic predictions and optimized opera-

tions based on received and analyzed data. Commuters can learn in-time traffic information

and adjust their travel plans. However, such data also brings high pressure on transmission

bandwidth, computing resources, and storage capacities. With the development of technolo-

gies, ITS will have more sensors and data in the foreseeable future. Additionally, deep learn-

ing algorithms in ITS also make the situation worse. Though deep learning is far more po-

tent than conventional machine learning and statistical methods, its structure is complicated

and requires specific hardware acceleration. As discussed in Section 1.2.1, cloud computing-
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based framework with deep learning algorithms has a hard time catching up with the rising

data volume and sensing demands. Therefore, it is necessary to improve the system efficiency

to accommodate more input data and processing tasks.

Generally, there are two kinds of solutions. The first one is improving the efficiency of

deep learning algorithms via different compressionmethods. Deep learning compression can

only shorten inference time but cannot reduce the transmission latency. The second one is

edge computing by distributing computing tasks to edge devices, usually integratedwith sen-

sors. As reviewed in Section 2.4.2, edge computing has advantages in latency, scalability, and

privacy over cloud computing. Edge computing processes data on the sensor side and only

transmits metadata or results to servers for deeper analysis and storage, saving transmission

bandwidth. Since some locations have poor network connections, edge computing can con-

tribute to deploying ITS in those areas. Each edge computing device is relatively independent

and can flexibly work together to form a large-scale network.

3.1.2 Application Scenario – Smart ParkingMonitoring

The rapid vehicle population growth worldwide has caused severe traffic congestion, espe-

cially in urban areas. Urbanization increases travel distance for daily commuting. Com-

muters may prefer to drive to workplaces or transit centers, which increases the demand for

available parking spaces15,11. Constructing the large parking garages and upgrading the park-

ing management system become necessary to accommodate the incremental demands331,154.

Considering the scarce land for parking usage in urban areas254, especially in central business

districts of cities, applying advanced parking management strategies, e.g., dynamic pricing

and shared parking, gains more feasibility for implementations. The advanced parking man-
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agement system can also help drivers to find available spaces in a large parking garage in a short

time and indirectly ease traffic jams. The collected historical parking information can help

parking availability prediction and optimize parking management strategies. Basically, such

a system requires real-time parking availability information316.

Currently,multiple sensing technologies are available for collecting real-timeparkingoccu-

pancy data239, e.g., ultrasonic sensing170, magnetic sensing261, and vision-based sensing196.

Compared with video-based sensing technologies, ultrasonic and magnetic sensors rely on

detecting physical status changes and do not require complex analysis algorithms. They are

less likely affected by weather and light conditions. However, each parking slot should have

at least one sensor. The parking space for large vehicles, e.g., trucks, even needs two andmore

sensors to ensure detection accuracy and avoid missing parking events330. Applying mag-

netic or ultrasonic sensors indicates higher costs of hardware devices, installation, and main-

tenance220. Magnetic sensors are easily impacted by surrounding magnetic disturbance. In

contrast, one camera can simultaneously monitor multiple parking slots. Thus, the vision-

based parking space monitoring system, benefitting from powerful machine learning detec-

tion algorithms, is the most popular.

Since there is still a technical gap between the growing parking demand and insufficient

parking spaces, this chapter works to design a dedicated space availability detection frame-

work based on machine learning and deep learning. With the popularity of deep learning,

vision-based detection algorithms for parking occupancy transfer from traditional computer

vision algorithms, e.g., support vector machine with Harris-corner feature291, to deep learn-

ing9. Consequently, the additional complexity of deep learning results in excessively high

computational costs, which certainly hurts the real-time performance of the parking occu-
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pancy detection. A powerful central server or a cloud platform is in charge of vision data pro-

cessing tasks to address this concern. Even though one camera can detect multiple parking

slots, large parking garages still need many cameras to ensure coverage. Cloud-based park-

ing monitoring systems thus require broad data communication bandwidth and sufficient

computing resources. It leads to an unacceptable cost of central servers and communication

services. Thus, merely utilizing the computing power of edge devices to operate parking oc-

cupancy detection algorithms in real-time is undoubtedly in demand257.

When implementing the deep learning-based detection algorithmon edge devices, the lim-

itation is the computing power of edge devices. General detection algorithmswill be too slow

when transferring the algorithm directly to the edge side. The exacerbated inference speed

will highly impact parking occupancy detection accuracy. For example, the surveillance sys-

tem fails to traverse all parking slots andwillmiss parking status changeswhen several parking

vehicles arrive and departwithin a short period. In this situation, the detection algorithm effi-

ciency is significant. With the implementation of higher-resolution andwider-angle cameras,

those challenges negatively influence the validity of collected parking occupancy data.

3.1.3 Contributions andOrganization

This chapter designs a deep learning algorithm optimization pipeline for transportation ap-

plications, especially on edge platforms. The proposed optimization pipeline can be easily

transferred to other transportation applications requiring edge computing. According to

previous studies mentioned in Section 2.4.1, model quantization is themost straightforward

method to decrease complexity without modifying the model structure. Knowledge distilla-

tion can compensate for the accuracy loss after model quantization225. This chapter selects
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automatic parkingmonitoring as the application scenario. Inspired by noticeable progress in

deep learning and edge computing, the main research objective is to improve the inference

speed and accuracy of the parking availabilitymonitoring algorithmon edge devices based on

model quantization and knowledge distillation. The primary contributions of this chapter

are summarized in five points.

a) Design a deep learning model optimization pipeline to reduce algorithm complex-

ity and maintain accuracy for edge computing in transportation applications. The

pipeline is evaluated by optimizing the intelligent parkingmonitoring system’s vision-

based parking availability detection algorithm.

b) Develop an edge-based parking surveillance system, based on the improved parking

availability detection algorithm, targeting two kinds of parking information – real-

time occupancy of the entire parking area and parking duration of each parked vehicle.

c) Propose a deep neural network based on MobileNet for parking space status classifi-

cation optimized by model quantization and knowledge distillation. Compared with

other state-of-the-art algorithms on two public parking datasets, the proposed algo-

rithm shows promising efficiency and accuracy.

d) Build a real-world parking dataset to evaluate the effectiveness of the proposed system

in large-scale parking garage monitoring. According to experiment results, the pro-

posed system certainly improves the accuracy of the target parameters due to higher

inference speed compared with other methods.

e) Conduct a simulation to imitate fast parking status change situations to assess how

the efficiency of parking status classification affects parking time duration and garage
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occupancy calculation accuracy. This simulation supplements previous real-world ex-

periments, considering long parking events.

The rest of the chapter is organized as follows. The organization of the remaining part is

as follows. Section 3.2 firstly proposes the deep learning optimization pipeline as the founda-

tion of the whole dissertation. Then two optimization methods applied in this pipeline are

introduced–model quantization in Section3.2.2 andknowledgedistillation in Section3.2.3.

Based on the proposed pipeline, this section describes the framework of the parkingmonitor-

ing system and the parking status classification model. Section 3.3 presents the experiment

setting and experiment results to evaluate the efficiency and accuracy of the parkingmonitor-

ing system. The experiments are conducted on public and self-collected datasets. Moreover,

this chapter also designs and runs a simulation in Section 3.3.5 to assess how traversal speed

affects the overall detection accuracy.

3.2 Methodology

3.2.1 Deep Learning Optimization Pipeline

This chapter targets to provide a deep learning optimization pipeline for transportation ap-

plications. The construction of ITS promotes broader applications of machine learning al-

gorithms for various tasks, including traffic sensing, prediction, and operation. The cloud-

based data processing structure may not catch up with the growing demand for analyzing

data simultaneously. Edge computing can distribute computing tasks to edge devices and has

three advantages over cloud computing – short latency, strong scalability, and high privacy.

Nevertheless, edge devices have poorer computing power, restrained by their sizes and power
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supply. Machine learning algorithms running on servers cannot transfer to edge devices di-

rectly without optimization. Therefore, a deep learning optimization pipeline for edge com-

puting is necessary. The pipeline is shown in Figure 3.1, including three steps – pre-training,

compression and post-training. In this chapter, the last two steps are emphasized. The pre-

training refers to the general machine learning training process, e.g., supervised learning. Af-

ter obtaining a well-trainedmodel, the next step is compressing themodel size and increasing

model efficiency. In this chapter, the applied compression method is model quantization

discussed in Section 3.2.2. Since the compression operation will decrease accuracy, it is nec-

essary to compensate for the accuracy drop via post-training. Post-training can follows the

training strategy in the first step. However, the compressedmodel has a weaker fitting ability,

which indicates conventional training strategiesmaywork aswell as before. This chapter thus

adopts knowledge distillation, described in Section 3.2.3, to force the compressed model to

learn from data and the uncompressedmodel. More importantly, this pipeline is suitable for

most transportation applications requiring machine learning on resource-constrained plat-

forms.

Figure 3.1: Deep Learning Optimization Pipeline

3.2.2 Deep LearningModel Compression

According to Figure 3.1, deep learningmodel compression plays an essential role. Compared

to simplifying the model framework and adopting more efficient operators, deep learning

compression belong to plug-and-play methods. Section 2.4.1 has reviewed current com-
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pression technologies. Model pruning and quantization are the two most popular meth-

ods. Model pruning requires extra searching time to determine which connection is pruned.

Model quantization is more straightforward and only reduces the model precision. There-

fore, this chapter adoptsmodel quantizationby reducing the parameter precision from32-bit

floating-point to 8-bit integer. The compressedmodel size becomes approximately 1/4 of the

original model.

Before quantization, the first step is fusing layers as suggested in Zhewei Yao’s research332,

such as combining convolutional and batch norm layers. This layer fusion can improve the

inference speed by reducing the computing complexity by simplifying two-step work to one-

step work8. Based on their experiment results, the inference speed of the deep neural net-

work increases by 15.8% after layer fusion. After layer fusion, the second step is parameter

quantization. The general framework of the quantized neural network is shown Figure 3.2,

including quantization and dequantization. In Figure 3.2, “Quant” and “Dequant” refer

to quantization and dequantization modules, respectively. The input and output are still in

their original precision, e.g., 32-bit floating-point, which are convenient for data loading, loss

computing, and evaluation. All computation between “Quant” and “Dequant” uses lower

precision, e.g., 8-bit integer. The input converts into the integer precision at the quantiza-

tion module “Quant”. The output transforms back to floating-point precision from integer

precision at the dequantization module “Dequant”.

There are two kinds of quantization – per tensor and channel asymmetric linear quantiza-

tion. Per tensor indicates that all values within the tensor are scaled in the sameway. And per

channel implies that all values within the channel are scaled in the same way. The mapping

function to convert floating tensors to 8-bit signed integer is shown as Q(x) =
⌊
x/s+ z

⌋
,
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Figure 3.2: Quantization and Dequantization Framework

where x is the input tensor, s is the scale, and z is the zero point. Considering that the weights

in floating-point precision are centering at zero, this quantization operation will not lead

to much accuracy loss287. The post-training strategy involves knowledge distillation that is

dispicted in the coming section.

3.2.3 Knowledge Distillation

Post-training is a fundamental step in keeping accuracy. It is unavoidable to lose some ac-

curacy in deep learning model compression. The next step is to train the compressed model

again to have similar accuracy to the original model. Training the compressed model on the

training dataset cannot make the model learn as much knowledge as the larger model be-

cause of a poorer data fitting ability. As reviewed in Section 2.4.1, knowledge distillation is

an effective tool to cope with this situation. The basic idea of knowledge distillation is to

let the student model learn how the teacher performs on the target dataset instead of direct-

ing learning from data. The knowledge distillation framework is shown in Figure 3.3, where
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”Soft Prediction” refers to the soft prediction defined as the output after the softmax activa-

tion function. ”Hard Prediction” refers to the hard prediction defined as the direct output

from the network’s last layer. According to Figure 3.3, the teacher model is a large and refer-

ence model, which can be the original model or others. In this chapter, the teacher net is the

original model.

Figure 3.3: Knowledge Distillation Framework

Since knowledge distillation forces the student net to learn from the ground truth and

teacher net, the loss function has two parts. The first loss function, written asL1, is the distil-

lation loss and uses Kullback-Leibler divergence tomeasure the distance between predictions

from the teacher and student models. L1 function is defined in Equation 3.1, where N in-

dicates the size of mini-batch. yi is the output from the teacher model, and x is the output

from the student model. The second loss function, written as L2, is the cross-entropy loss

to compute the difference between the student model’s prediction and ground truth. L2 is
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defined in Equation 3.2, where cls is the hard label. The overall loss is the sum of above loss

function, L1 and L2, as L = L1+ L2.

L1(x, y) =
1
N

∑
i

yi(log(yi)− xi) (3.1)

L2(x, cls) = −xcls + log(
∑
i

exp(xi)) (3.2)

3.2.4 ParkingMonitoring System Framework

This chapter studies parking monitoring as an application scenario for the proposed opti-

mization pipeline, and introduces an edge computing-enabled parking monitoring system.

The system framework is shown in Figure 3.4. According to Figure 3.4, there are two steps

for extracting real-time parking occupancy information from image sequences. The first step

is to iteratively traverse all parking spaces and identify the parking status of each predefined

parking slot. The parking status identification model is a classification model that classifies

the image patches of all predefinedparking slots into binary categories – empty and occupied.

This classification model is built upon MobileNet by trading off accuracy and efficiency,

whose framework will be described in Section 3.2.5. Then this chapter applies the proposed

pipeline in Section 3.2.1 to optimize the parking status identification model. Based on the

parking status classification results, the next step is to update two significant parking param-

eters in real-time, occupancy of the entire parking area and parking duration of each parking

vehicle. The algorithm of the second step is presented in Algorithm 1 and corresponds to

the right block in Figure 3.4. This systemwill update parking information after traversing all

64



spaces once. If the inference time of detecting the single slot is long, the whole latency will be

high. Based on Algorithm 1, longer latency may lead to missing parking space change. For

example, one vehicle leaves the slot, and another vehicle enters it in a short period before the

system completes one traversal. This system will miss the parking space status change and

calculates incorrect parking duration.

Figure 3.4: Framework of Parking Surveillance System

3.2.5 Parking Status IdentificationModel Framework

MobileNet appeared in 2017 with the highlights of depthwise separable convolution. Its

improving version developed with inverted residual blocks and linear bottleneck247. In this

chapter, MobileNet v2 works as the base model for parking status classification. Although

MobileNet is very successful in improving efficiency, it is still overparameterized for parking

status identification. Thus, this chapter proposes a simplified CNN based onMobileNet v2

called SimpleNet by removing some redundant layers. Compared with MobileNet v2, the

total layer number of SimpleNet has reducedby 60%,whose inference speed expects to be one

time faster than MobileNet v2 theoretically. The overall framework of SimpleNet is shown

in Figure 3.5a, where “ConvBNReLU” and “Inverted Residual” blocks are inheriting from
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Algorithm 1:Workflow of Updating Occupancy and Parking Duration
All predefined parking slots P = (p1, ..., pn);
Parking duration of each parking slotD = (d1, ..., dn);
Occupancy of entire parking areaOt;
The timestamp of last iteration T = (pt1, ..., ptn);
for i in n predefined parking slots in the image at time pt+1

i do
Identify parking status sit+1 of parking slot i;
if current parking status snt+1 is occupied then

Update parking duration of slot i by di+ = pt+1
i − pti;

if previous state st is empty then
Update occupancyOt+1 = Ot + 1;

end
end
else

if previous state st is occupied then
Update occupancyOt+1 = Ot − 1;
Output: parking duration of slot di
Reset the parking duration of slot i as di = 0;

end
end

end

MobileNet v2 with the same structure. “ConvBNReLU” block indicates a linear sequential

convolutional, batch normalization, and ReLU layers. “Inverted Residual” block composes

several “ConvBNReLU” blocks with separable convolution and residual connection.

The performance of residual blocks can reduce the negative impact of model degradation

impressively110 by the shortcut connection. Themodel can easily containmore than50 layers

with residual blocks and significantly improve detection accuracy. Compared with VGGNet

model262, the ResNet model reduces the error rate by 6%. The basic function of residual

block is defined asH(x) = x+Fl(x), where x is the input andH(·) is the output of this block.

Fl(·) indicates the mainstream network. The shortcut connection can help the passthrough
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(a)Overall Framework

(b) Residual Block

Figure 3.5: SimpleNet Framework

of gradients effectively. The residual block in MobileNet v2 is shown in Figure 3.5b, where

“Conv1” and “Conv2” are 1× 1 convolutional layers, and “Conv2” is a 3× 3 convolutional

layer.

One key contribution of MobileNet is proposing the separable convolution, which de-

composes the traditional convolution into two parts – depthwise convolution and point-

wise convolution. The separable convolution is shown in Figure 3.6, where Dk is the con-
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volutional kernel size. M is the input channel number, and N is the output channel num-

ber. Compared with a traditional convolution operation using the same kernel size Dk, the

computation complexity of the new convolution is only 1/(D2
k). Usually, the 3 × 3 kernel

can decrease almost 90% complexity. Another important contribution is applying residual

blocks.

(a) Depthwise Convolution

(b) Pointwise Convolution

Figure 3.6: Depthwise Separable Convolution

3.3 Experiments

3.3.1 Experiment Setting

This chapter has conducted experiments in both public datasets and a self-collected dataset

to evaluate the algorithmproposed in Section 3.2. CNRPark9 and PKLot60 datasets are used

for the experiment. The CNRPark dataset consists of 12,584 labeled parking spaces under

different weather and occlusion conditions. The original image size is 1000 × 750, and the

image of each slot is cropped from the original image and then resized to 112 × 112. The

PKLot dataset consists of 695,899 labeled parking spaces from two parking lots under dif-

ferent weather conditions. The original image size is 1280 × 720. Similarly, the image of
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each slot is firstly cropped and then resized to 56 × 56. An image covering all slots and two

image patches of a single space is shown in Figure 3.7. Different from object detection, park-

ing space monitoring works on classifying pre-defined locations. The primary reason is that

object detection cannot guarantee all parking slots have been checked. The detected park-

ing space number will not be stable. In addition, object detection may not accurately locate

parking slots. The intra-class variance of empty spaces is too large because there are different

kinds of backgrounds. This high variance will make it hard for the machine to learn valuable

features. Object detection is more easily affected by occlusion and thus produces false nega-

tives. The left part of Figure 3.7, all target parking slots are marked by green bounding boxes.

The right shows image patches of occupied and empty spaces.

Figure 3.7: Sample Image from CNRPark Dataset9

The data distributions of occupied and empty slots are presented in Table 3.1. The status

distribution under different weather conditions, e.g., sunny, rainy, and cloudy, is also listed.

According toTable 3.1, the sample number of occupied and empty spaces is almost the same,

which implies that there is no data imbalance problem. CNRPark and PKLot datasetsmerge

into one dataset for training and validation in this chapter. Considering the limited samples,
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images are divided into four parts equally for cross-validation. The training set size is 630,646

and the validation set size is 210,216.

Table 3.1: Parking Datasets Information

Datasets Occupied Empty Total
CNRPark 79,307 65,658 144,965
Sunny 37,513 25,665 63,178
Cloudy 23,176 21,067 44,243
Rainy 18,618 18,926 37,544
PKLot 337,780 358,117 695,897
Sunny 186,511 180,312 366,823
Cloudy 87,735 141,396 229,131
Rainy 63,534 36,409 99,943

Besides the public datasets for evaluation, this chapter also builds its own dataset by cap-

turing data at the parking lot atUniversity Village, Seattle, US. The primarymotivation is the

long interval between two adjacent images in public datasets. The previous two datasets can

only provide static images with a interval of more than 5 minutes. It is hard to observe infer-

ence speed’s impact on parking occupancy and parking time computation accuracy. There-

fore, this chapter further conducts experiments on evaluating the impacts using continuous

videos. A snapshot from the video is shown in Figure 3.8. The collection time is two after-

noons on July 14th and July 21st, 2020, when this plaza is bustling, and most parking slots

are occupied. In total, 15 video clips are captured. The video resolution is 1920× 1080 and

frame rate is 30 Frames Per Second (FPS). The parking status of each slot is labeledmanually.

Following rules in the CNRPark dataset, the image patches of each parking slot are resized to

112× 112.

The training platform is a PC with GPU of Titan XP to acclerate the training process.

Since onemajor highlight is designing and optimizing a parking space monitoring system for
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Figure 3.8: Sample Image at University Village, Seattle

edge devices. The proposed system is evaluated on both cloud and edge platforms. There are

two testing platforms. One is the same as the training platform and acts as a cloud computing

device. Another is Raspberry Pi 3 with a 1.4GHz quad-core CPU, which acts as an edge de-

vice with limited computing power. Although other general edge platforms and accelerators

are available to boost inference speed, they will bring much more extra power consumption.

For example, the peak power ofRaspberry Pi 3 is 5W,while another popular platformNvidia

Jetson Nano consumes 10W. Besides, other sensors, e.g., cameras, connected to the same

power supply will put extra pressure on the power supply and limit the application scenar-

ios. Thus, Raspberry Pi is an ideal platform for evaluating the proposed model. The teacher

model is pre-trained on ImageNet62 and fine-tuned on the parking dataset. In the training

process, the initial learning rate is 0.001with amomentumof 0.9 and cosine decay. The total

training epoch number is 30.

This chapter evaluates both accuracy and efficiency of the design system. Thus, this exper-

iment section can be divided into four parts. Section 3.3.2 evaluates the accuracy of parking

status identification on single parking slot under different weather conditions. Section 3.3.3
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presents evaluation results of the model efficiency on both single parking slot and the whole

parking area. Section 3.3.4 conducts ablation tests to demonstrate the effectiveness of opti-

mization strategies – separable convolution, residual connection, and knowledge distillation.

Section 3.3.5 evaluates how the proposedmodel can improve the overall parkingmonitoring

accuracy by conducting a field test. Meanwhile, a simulation is conducted to illustrate the

impacts of parking status identification efficiency on parking monitoring accuracy in a more

general perspective. The baseline classification models include AlexNet, VGGNet, ResNet,

and MobileNet v2. To be more specific, VGGNet refers to VGG-16, and ResNet refers to

ResNet-18 in consideration of the balance of accuracy and efficiency. All these models are

undergoing the same procedure described in Figure 3.4 and Algorithm 1 to traverse every

single slot and then to compute the occupancy rate of the whole parking area.

3.3.2 Evaluating Accuracy of Parking Status Identification

The accuracy evaluation experiment operates on a PC and has two parts – single parking

space and overall parking lot occupancy detection accuracy. The first part focuses on the ac-

curacy of detecting each parking slot under different weather conditions, e.g., sunny, cloudy,

and rainy. Based on the previous research321, weather condition generates considerable im-

pacts on the detection results. For example, straight sunshine light or raindrops on the lens

can lower the detection accuracy. The single parking status detection results on the public

dataset are shown in Table 3.2, where the unit is the percentage. According to Table 3.2, the

accuracy of all algorithms is over 90%, which indicates that deep learning algorithms can han-

dle this task very well under different conditions. ResNet has the highest accuracy in both

CNRPark and PKLot datasets among these algorithms. The proposed SimpleNet and its
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quantized versionQ-SimpleNet have comparable accuracy to this algorithm. There is almost

no accuracy difference between SimpleNet and MobileNet v2. The primary reason that the

performance in the CNRPark dataset is higher than PKLot is that the former dataset has a

higher resolution. After comparing different weather conditions, the overcast weather has

the highest accuracy. However, its difference is less than 0.5% which can be ignored in most

cases.

Table 3.2: Detection Accuracy Comparison for Single Slot

Dataset AlexNet VGGNet ResNet MobileNet SimpleNet Q-SimpleNet
CNRPark 91.4% 95.5% 99.6% 99.2% 98.9% 98.6%
Sunny 91.3% 95.3% 99.4% 99.2% 99.1% 98.8%
Cloudy 91.5% 95.6% 99.8% 99.4% 98.5% 98.3%
Rainy 91.1% 95.2% 99.6% 98.9% 99.0% 98.2%
PKLot 90.4% 94.1% 98.1% 98.0% 97.7% 97.5%
Sunny 90.1% 94.0% 97.9% 98.0% 97.4% 97.3%
Cloudy 91.0% 94.2% 98.5% 98.3% 98.0% 97.8%
Rainy 89.9% 93.8% 97.9% 97.8% 97.5% 97.3%

The second part focuses on the accuracy of the whole parking lot, whose results are shown

in Table 3.3. The total parking slot number in CNRPark and PKLot is 320 and 168, respec-

tively. The evaluation metric is Mean Square Error (MSE), whose computation function is

shown in Equation 3.3, whereO(t) indicates the ground-truth occupancy at time t, and Ô(t)

indicates the detected occupancy at time t. T refers to the entire detection period. Based

on Table 3.3, these base models all have a low error rate in computing the occupancy rate.

Additionally, the MSE in PKLot is slightly lower. However, there is no statistical difference

between them, which also confirms the eligibility of deep learningmodels, including the pro-
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posed Q-SimpleNet.

MSE =
1
T

T∑
t=1

(O(t)− Ô(t))2 (3.3)

Table 3.3: Detection Accuracy Comparison for Parking Lot

Dataset AlexNet VGGNet ResNet MobileNet SimpleNet Q-SimpleNet
CNRPark 2.1e-3 2.0e-3 1.8e-3 1.8e-3 1.9e-3 1.9e-3
PKLot 1.1e-3 1.1e-3 9.8e-4 9.9e-4 1.0e-3 1.0e-3

When comparing Table 3.2 and 3.3, deep learning algorithms have reached high accuracy

in this parking status detection. Since each parking space is stationary in an image after cam-

era installation, this status detection is a classification task with a lower difficulty than gen-

eral object detection tasks. It does not need to predict localization coordinates, which are

pre-defined when installing the system. Therefore, these algorithms are all capable of han-

dling the parking detection challenge. This chapter adopts the MobileNet v2 model as the

base model to create the SimpleNet model considering satisfying accuracy and outstanding

efficiency, even though it does not have the highest accuracy. Besides accuracy, another sig-

nificant factor affecting the system performance is efficiency. The next part will compare the

efficiency between the proposedmodel and other classificationmodels and demonstrate how

efficiency influences parking duration estimation accuracy.

3.3.3 Evaluating Efficiency of Parking Status Identification

Since parking occupancy and parking duration of each parking vehicle are updated based on

parking status identification results, the identification algorithm efficiency is critical for the

real-time performance of the entire parking surveillance system. The algorithm with high
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efficiency would greatly benefit from deploying the identification algorithm on edge devices

with limited computing power. Thus, in this section, the efficiency of the proposed algo-

rithm for parking status identification is evaluated on both PC and Raspberry Pi 3. The effi-

ciency comparison results for the single parking slot are shown in Table 3.4, where the unit is

a millisecond. In Table 3.4, the second column shows the inference speed using CPU on PC.

The third column shows the inference speed usingGPUon a PC. The last column shows the

inference speed on Raspberry Pi 3. Since two datasets have two kinds of image resolution,

the experiment results also show two values for each evaluationmetric under two patch sizes.

Specifically, the first value in each cell is using the image resolution of 112× 112. The second

value is using the image resolution of 56× 56. According to the results, VGGNet consumes

almost one second to process a single slot image patch. If it runs to detect a parking area with

60 slots, it will takemore than oneminute to finish one iteration, whichmakes this algorithm

unable to deploy on edge devices. The proposed SimpleNet takes almost half the inference

time ofMobileNet v2 since SimpleNet’s parameter number is also 60% less thanMobileNet

v2. Compared with other algorithms, the inference speed on CPU devices of the proposed

Q-SimpleNet is over two times higher than the non-quantized model and at least four times

of AlexNet and ResNet. In addition, the inference speed of the Q-SimpleNet using CPU is

almost as fast as SimpleNet using GPU on PC. Since the Raspberry Pi 3 has a weakCPU and

small RAM, the Raspberry Pi 3 is almost six times lower than the PC when conducting the

same task. Meanwhile, Q-SimpleNet on Raspberry Pi 3 can still keep a real-time inference

speed.

The efficiency comparison results for thewhole parking area are shown inTable 3.5, where

the unit is second. It is testing one application scene with 100 parking slots from the PKLot
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Table 3.4: Inference Speed for Single Parking Slot (Unit: Millisecond)

Algorithms PC (CPU) PC (GPU) Raspberry Pi
AlexNet 32.7 / 23.4 9.0 / 8.9 250.1 / 170.3
VGGNet 139.3 / 81.2 15.5 / 13.4 1134.5 / 733.2
ResNet 31.3 / 22.1 11.5 / 11.3 244.6 / 162.1
MobileNet v2 26.1 / 17.8 9.5 / 8.3 200.1 / 155.5
SimpleNet 15.1 / 10.7 5.0 / 3.5 110.5 / 80.7
Q-SimpleNet 5.9 / 4.0 - / - 40.8 / 30.2

dataset. To evaluate the impacts of different image sizes. A single slot image is resized to

112× 112 and 56× 56 after image cropping from the raw frame, similar to the previous ex-

periment. However, the detection time for the whole parking lot is not equal to the inference

timeof a single slot bymultiplying the total parking slot number according toTable 3.5. Con-

sidering the time consumption of reading and cropping images, which is called preparation

time, the total time will be a bit longer. In this chapter, the average preparation time is about

40milliseconds for each slot. It can be found the loading and cropping time takes almost half

the total processing time when the inference time is close to the preparation time. When the

AlexNet or ResNet is applied to detect single parking slot availability, the time difference be-

tween Q-SimpleNet and AlexNet or ResNet will be at least 20 seconds under the resolution

of 112× 112 and 14 seconds under the resolution of 56× 56. If adopting the low-resolution

image, the proposed algorithm can complete the detection work in 7.8 seconds to iterate all

100 parking slots. Based on Algorithm 1, a shorter inference time can significantly help re-

duce the interval between iterations and thus increase the reliability of occupancy detection

results. Q-SimpleNet will put almost no negative impact on parking time computation in

the perspective of inference time. All other algorithms will generate adverse effects on the

computation error. As a result, the proposed quantized parking occupancy detection system
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Table 3.5: Inference Speed for All Parking Slots (Unit: Second)

Dataset AlexNet VGGNet ResNet MobileNet SimpleNet Q-SimpleNet
112× 112 29.2 118.4 29.6 24.4 15.9 8.6
56× 56 21.8 78.0 20.2 19.7 12.8 7.8

has a great potential to be implemented on the edge device with low computing power.

3.3.4 Ablation Tests on Parking Status IdentificationModel

The SimpleNet inherits separable convolution and residual connection fromMobileNet v2.

One ablation test is conducted to evaluate the effectiveness of these two modules. The test

dataset is PKLot, and the test platform is Raspberry Pi. All input images are resized to 112×

112 before the test to avoid the disturbance of data loading and dynamic resizing time. The

test results are shown in Table 3.6, where the unit for inference speed is millisecond. In Table

3.6, the second row indicates the model without the separable convolution by replacing the

separable convolutionwith the conventional convolution. The third row indicates themodel

without the residual connection by removing the residual shortcut in SimpleNet while keep-

ing other structures unchanged. The last row indicates the model without both separable

convolution and residual connection. According to Table 3.6, it can be found SimpleNet

achieves the best trade-off between accuracy and efficiency. The inference speed difference

between the first and second row shows that promising acceleration brought with separable

convolution. Comparing the first row and third row, the residual connection improves ac-

curacy significantly but has almost no negative impact on inference speed. Another ablation

test is evaluating the effectiveness of knowledge distillation compared to the general train-

ing strategy applied in the pre-training step. When using SimpleNet as the base model, the

accuracy using knowledge distillation for post-training is 98.1%. Without knowledge distil-
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Table 3.6: Ablation Test for Separable Convolution and Residual Connection

Algorithms Accuracy Inference Speed
SimpleNet 98.1% 110.5ms
w/o S. 98.5% 223.2ms
w/o R. 95.7% 108.1ms
w/o S. and R. 96.3% 220.7ms

lation, the accuracy drops to 95.4%. The test results show that the knowledge distillation

dramatically improves the model by increasing 2.7% accuracy.

3.3.5 Evaluating Impacts of Efficiency on Accuracy

According to Algorithm 1, occupancy and parking duration detection are updated based

on iterative parking status identification results. The time interval between iterations cer-

tainly affects occupancy and parking duration detection accuracy. For example, if the em-

ployed identification algorithm is inefficient, the time interval between iterations becomes

more prominent, it is highly likely to miss the parking vehicle changes. The accuracy would

be much lower when the algorithm is deployed on an edge device with limited computing

power. The previous experiments confirm that the proposed Q-SimpleNet has a high effi-

ciency without losing any accuracy compared with the state-of-the-art algorithms. Thus, in

this section, a field test is conducted to demonstrate how much the proposed Q-SimpleNet

improves the parking surveillance accuracy. In addition, a simulation is conducted to evalu-

ate how the parking status identification efficiency can affect parking surveillance accuracy.

The field test results provide statistical results of state change interval and the detection

accuracy in continuous videos. A parking vehicle change event is defined as changing one

parking vehicle to another that could be the same or not. The statistical results are shown
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Table 3.7: Parking State Change Interval and Frequency

Date July 14th, 2020 July 21st, 2020
Mean Interval 19s 21s
Max Interval 26s 43s
Min Interval 12s 13s
Change Frequency 1.4/min 0.9/min

in Table 3.7. According to the results, the mean interval during busy hours is less than 21

seconds, which is very close to the minimum inference speed for all parking slots of AlexNet,

ResNet, andMobileNet in Table 3.5. It indicates that the detection system using these four

algorithms as the base model has a high probability of missing a parking vehicle change. In

contrast, the inference speed for all parking slots of Q-SimpleNet is even shorter than the

minimum vehicle change interval. As a result, the parking vehicle change interval is short

and frequent during busy hours. A very efficient detection system is crucial to track each

slot’s parking vehicle and parking duration. Thus, the proposed Q-SimpleNet can handle

this task well.

Meanwhile, the occupancy accuracy for the entire parking area and the parking duration

accuracy are also evaluated. The accuracy of occupancy and detection detection is shown

in Table 3.8. The evaluation period for parking occupancy detection accuracy is 5 seconds,

which indicates comparing the detection results with the ground truth every 5 seconds. The

evaluation platform is Raspberry Pi 3, and the evaluation metric is MSE shown in Equation

3.3. According to the results in Table 3.8, MSE of Q-SimpleNet is much lower than other

algorithms. Since AlexNet, ResNet and MobileNet have a similar inference speed, these al-

gorithms have identical MSE.

The parking duration accuracy focuses on how accurately the system detects the parking
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Table 3.8: Evaluation of Parking Occupancy Accuracy

Algorithms MSE (%) Duration Error (Second)
AlexNet 0.095 35
VGGNet 0.750 61
ResNet 0.095 35
MobileNet 0.086 33
SimpleNet 0.066 22
Q-SimpleNet 0.014 5

duration for each slot. The evaluation metric is the average time error for instances with

parking vehicle changewith theunit of second. Since collected videos cannot cover all parking

periods for each instance, the parking time is thus shorter than the real parking time. The

parking duration only considers these slots that have a parking status change. The experiment

results are shown in Table 3.8. It can be found that Q-SimpleNet can significantly reduce the

parking duration error bymore than 80% comparedwith othermodels. However, limited by

the length of videos, the impacts of inference speed with the longer parking duration cannot

be assessed. Therefore, a simulation for long-timeparking is necessary to evaluate the impacts,

whose framework is shown in Figure 3.9.

This chapter appliesMatlabAutomatedDrivingToolbox for visualization assistance. The

scenario visualization is shown in Figure 3.10, where the blue vehicle will leave the slot, and

the orange vehicle will occupy that space after the first vehicle leaves. This simulationmimics

the busiest scenario when there is only one available slot. The orange is waiting to enter the

space when it is available. So the exchange period should be as short as possible. In Figure

3.9, two colored curves show the parking status of two vehicles. Value 1 represents that the

target vehicle occupies the space, and 0 is the opposite. The unit of the x-axis is a pre-defined

time stride. There is no exact value for this stride in this figure. Vehicle 1 leaves the parking
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Figure 3.9: Simulation Schematic Diagram

slot at timestamp 5, and vehicle 2 enters it at timestamp 6. The interval between two cameras

in the figure top represents the traversal time going through all parking slots. In Figure 3.9,

the end of the first parking instance and the start of the second fall into the same traversal

period, which means these two parking instances will be confused and considered as one in-

stance. Therefore, the traversal period should be short enough to avoid this missing, which

is equivalent to increasing the inference speed of the classification model. The basic idea of

the simulation is to generate several parking instances randomly with a specific parking time,

e.g., 30 and 60 minutes.

Figure 3.11 shows the simulation results of a single slot when the system has different in-

ference times. According to the previous research work on indoor parking monitoring148

and the statistics in Table 3.7, the state change interval from an occupied state to a new oc-

cupied state can be less than 15 seconds when vehicles are waiting for available spaces. The

simulation is consistent with the fact. This simulation randomly selects the parking state
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Figure 3.10: Simulation Schematic Diagram

Figure 3.11: Simulated Parking Duration Error

change interval between 10 to 70 seconds based on uniform distribution. The duration of

one parking instance is randomly set to 30, 60, 120, and 240 minutes. In Figure 3.11, the x-

axis represents the inference speed of completing iterating all parking slots in an image. The

y-axis represents themean estimation time error, and its unit is minutes. Different colors rep-
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resent the different mean parking duration. Based on the simulation results, the estimation

error will increase significantly with increased mean parking time. When the traversal time

reaches 60 seconds, the average error will be over 50 minutes when the parking duration is

more than one hour. In addition, the broader coverage using one camera with more park-

ing slots will have higher error by increasing inference time. This situation may be shared

among large parking lots. For example, Angle Lake Station Parking Garage has 1,120 park-

ing spaces. They are fully occupied during work hours because it is located at a transit center

and accessible to the public. Daily commuters will park their vehicles in this garage and take

the light rail to their workplaces. Each camera is expected to cover as many spaces as possible

to cut down the hardware and operation costs of the monitoring system. While comparing

different state-of-the-art classification models, efficiency plays an essential role in the over-

all system performance. Therefore, it is more significant to apply an efficient algorithm for

parking detection than to adopt an accurate but complex algorithm. The proposed Sim-

pleNet model can satisfy the demand of this task by providing good accuracy and impressive

inference speed. Another potential solution is parallel computing in multiple threads and

processing a batch of images simultaneously.

3.4 Chapter Conclusion

This chapter has explored the application of deep learning compression and knowledge dis-

tillation in ITS. Deep learning compression helps reduce themodel size and boosts inference

speed without changing the model framework. Thus, researchers and practitioners can pay

less attention tomodel structure and adopt state-of-the-artmodels tomeet their performance

demands. Knowledge distillation is widely used in further improving model performance.
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After model compression, there will be an accuracy drop because of losing parameter preci-

sion. Knowledge distillation will compensate for this drop.

Smart parkingmonitoring is an ideal scenario for thedemonstration. Theparking shortage

has been troubling both commuters and management agencies, especially in transit centers

and urban areas. It is urgent and necessary to build intelligent parking monitoring to access

real-time parking information and provide it to users. Vision-based monitoring is optimal

for large-scale parking spaces compared to other sensors, e.g., magnetic detectors. However,

if transferring raw data back to servers for processing, there will be a high requirement for

transmission bandwidth and computing resources. Edge computing is suitable to solve this

concern. The deployed deep learning algorithm should be as efficient as possible, considering

the limited computing power on edge devices. Deep learning compression and knowledge

distillation will reduce the model complexity and keep the accuracy, which makes applying

powerful deep learning models possible.

In conclusion, this chapter designs a parking monitoring system empowered by the deep

learning model. The experiment results on public and self-collected datasets demonstrate

the effectiveness of the designed system with high accuracy and efficiency on edge devices.

What’s more, this chapter evaluates how efficiency influences parking duration error. This

system has a great potential for deployment in actual practice to monitor parking spaces in

real-time.
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4
Tiny Traffic Object Detection

4.1 Overview

Most machine learning and deep learning algorithms rely on supervised learning, which in-

dicates annotated data is required for the training process. However, data insufficiency in

practical applications is always a problem hindering the deployment of deep learning algo-

rithms. Imbalanced data leads to low accuracy and high bias in minority categories, which
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may cause serious traffic safety issues. Chapter 4 and the following chapter focus on this

challenge and propose methods to reduce negative impacts on traffic sensing accuracy for

minor categories. This chapter applies data augmentation to increase data variance in small-

scale objects and improve the accuracy of crowd counting and motion detection. Besides,

this chapter proposes a multi-task crowd monitoring pipeline to achieve crowd counting in

different densities, group clustering, and motion detection.

4.1.1 Background

Data insufficiency and imbalance are common in deep learning practice as the total training

sample number is limited or some categories have fewer training samples. The direct outcome

will be overfitting, whichmakes the training process difficult. Although there is massive traf-

fic data for analysis, the training data is still lacking. The essence of this situation is the super-

vised model training, which requests annotated data. The collected traffic data is unlabeled,

and an extra step of data annotation is needed before being used for model training. Accord-

ing to Section 1.2.2, data annotation services, e.g., Amazon SageMakeGroundTruth, are not

a cost-effectivemethod for fast-peace transportation applications. Thus, there are two poten-

tial solutions: utilizing unlabeled data and enhancing annotated data. Section 2.5.2 has re-

viewed recentworks in self-supervised learning112, i.e., contrastive learning46, which achieved

promising results in various downstream tasks47. One shared feature of contrastive learning

methods is the high demand for computing resources. Meanwhile, contrastive learning re-

quires carefully designed training strategies to enable the backbone to learn valuable features

from unlabeled data. These contrastive learning methods may not be an optimal choice in

ITS. As a result, enhancing the existing annotated data has the most significant potential to
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improve the accuracy of minor categories for transportation applications. This chapter and

Chapter 5 work on two different methods to utilize the annotated data. This chapter applies

data augmentation to increase the data variance. To be more specific, the data augmentation

in this chapter is used to improve small-scale object detection accuracy. Small-scale object

detection is vital for traffic sensing because the camera is usually far from the targets. Au-

tonomous driving and crowdmonitoring are two scenarios requiring high small-scale object

detection accuracy. With the urbanization process, crowd monitoring is essential to public

safety. The cameras are usually installed at a higher location to increase monitoring coverage

but make targets small. A practical method to improve small-scale object detection accuracy

is significant.

4.1.2 Application Scenario – CrowdMonitoring

The fast urbanization does not only provide convenient transportation services but also pro-

motes more crowd gathering activities, e.g., large shopping malls and transit centers. In re-

cent years, there have beenmany crowddisasters because of ineffective crowdmonitoring and

management strategies. For example, 21 people died, andmore than 500 people were injured

in the Love Parade in Duisburg in 2010. During the Spring Festival event in Shanghai in

2014, 36 people were killed, and 42 people were injured in the stampede accident318. Public

management agencies might observe the potential abnormal crowd flow if a crowdmonitor-

ing system is employed. They could provide support to avoid such tragedy in time. Besides

crowd disasters in public facilities, the crowd is also marked as one of the vulnerable road

users. Injuries and fatalities are more likely to occur than in motorized traffic participants

since vulnerable road users do not have a metal shell to protect their safety73. The infrastruc-
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ture and traffic rules need to be designed with the priority of the crowd flow safety87. Crowd

monitoring has been attracting considerable priority in non-motorized traffic research due to

the lessons learned from past events and experiences. Generally, crowd monitoring includes

crowd counting andmotion detection. An efficient and accurate crowdmonitoring method

is valuable for such goals frommultiple perspectives, including understanding crowdmobil-

ity patterns, enhancing infrastructure safety design, prioritizing investment in infrastructure,

assessing health and environmental impact, and analyzing crowd safety197. According to the

aforementioned two-fold evidence, an effective crowd monitoring method is in-demand for

enhancing crowd safety and mobility.

Existing crowd analysis studies have two primary directions: crowd simulation and real-

time monitoring. Crowd simulation is typically conducted on strategic, tactical, and opera-

tional levels152. Compared to strategic and tactical simulation, operational simulation, e.g.,

Cellular Automata (CA)369, force-based model143, and velocity-based model200, can reflect

more detailed information like pedestrian motion patterns357, which is thus widely studied

and applied. The fundamental idea of these microscopic models is understanding human

behaviors and simulating pedestrian motion. For example, in CA models, pedestrians dis-

cretely move through grids at a transition probability computed by predefined rules23. Most

simulation models are built on prior experience or observations. In the model construction

process, complicated behaviors are simplified and refined, leading to bias between the simula-

tion and the practice. The predefined hypothetical rules in the simulation models may cause

a certain degree of difference from reality357. The popularity of carry-on smart devices offers

a potential opportunity for crowd monitoring by sniffing wireless beacons. Smart devices

that turn onBluetooth andWi-Fi will periodically broadcast wireless communication frames

88



containing Media Access Control (MAC) address, used as a unique identifier for tracking

crowd movements362,227. However, privacy concerns have triggered the implementation of

MAC address randomization, generating the difficulty of detecting and tracking crowds us-

ing MAC address204. Besides, localization using limited sniffers in an open area is not pre-

cise because environmental factors like object occlusion affect the wireless signal strength.

Comparably, vision-based methods are more robust, reliable, and implementable for crowd

monitoring in different transportation facilities138.

In current studies, the vision-based crowdmonitoringmethodmainly focuses on two tasks

– crowd counting263,264, and crowdmotiondetection233. Previous studies of crowd counting

were naturally developed from object detection67,272. These works firstly used an object de-

tector to locate pedestrians and then counted the bounding box number as the crowd count-

ing results. The inevitable occlusions and small-scale objects increase detectionMRwhen the

crowd density is high, and objects are far from the camera. To cope with high-density crowd

counting, researchers propose direct counting methods by regressing extracted features and

outputting the crowd counting result directly32,265. However, the employed regressionmeth-

ods only compute the crowd number loss instead of embeddings in the training process. Be-

sides counting the crowd number, the spatial distribution of the crowd is also necessary to

find irregular gatherings. Thus, several studies explored the methods for generating an accu-

rate crowd density map, used as the complementary information for crowd counting323,88.

Density-map-based algorithms may not work when the crowd density is low, but objects are

distant from the camera. Increasing the small-object sample number and applying the pyra-

mid structure to multi-level features is still necessary to enhance the small-object detection

ability. Tiny and small-scale objects are scarce, making deep learning models unable to learn
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enough information from data. Data augmentation thus can improve this condition by uti-

lizing existing data but increasing data variance.

Crowd counting targets to collect the static characteristics of crowd flow using a single

frame, while crowd motion detection focuses on the dynamic characteristics using multiple

consecutive frames together. Most existingmotion detectionworkswere based on the optical

flow theory115, which applied theKanade-Lucas-Tomasi (KLT) tracker365,191 to compute the

crowd flow. In addition, crowd groups can be identified by clustering individuals or key-

points sharing similar spatial and motion features39,301. One major challenge of the flow-

basedmethod arises from the hand-crafted feature descriptor for key-point extraction, which

cannot find representative points effectively, especially in a complicated scenario.

4.1.3 Contributions andOrganization

Crowd monitoring analysis targets to detect abnormal crowd behavior to avoid potential

crowd events4. Several vital characteristics can describe the crowd attributes in different di-

mensions at the same time, including density, flow, and speed333. However, in the previous

studies, only a few works focused on offering an integrated framework for simultaneously

generating multiple crowd flow parameters. Considering the aforementioned technical dis-

advantages of the existing studies and the identified research gaps, the current study proposes

a multi-task crowdmonitoring framework for crowd counting, localization, and motion de-

tection using deep learning techniques. This chapter adopts a density-based switch strategy

to accommodate different crowd densities and adjust the crowd counting model. Inspired

by the lack of integrated crowd-attribute detection works237, this chapter further synthesizes

multi-object detection and density map estimation to analyze crowd counting and localiza-
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tion. The crowd motion detection module is clustering motion patterns of individuals cap-

tured from multi-object tracking. The contributions of this chapter are summarized in the

following four points.

a) Propose A multi-task crowd monitoring framework using deep learning techniques,

including crowd counting, localization, and motion detection. The framework com-

bines both density map estimation and multi-object detection for crowd analysis and

adopts different detection strategies determined by the crowd density. this chapter

innovatively integrates multiple detectionmodules for end-to-end crowd attribute de-

tection.

b) Establish an efficient multi-scale crowd countingmodel based on the FCN. Instead of

using the multi-column structure, the proposed model cascades dilation blocks with

different dilation rates as an encoder to explore features at multiple scales. The pro-

posed network achieves high accuracy without extra complicated network structures.

c) Propose a crowd motion detection strategy using multi-object tracking which sup-

ports the analysis of both individual motion patterns in low-density situations and

crowd motion patterns in high-density situations. The crowd motion detection fully

utilizes multi-object trakcing for effective target detection and tracking and surpasses

traditional flow-based methods when the implementation scenario is complex.

d) Compare the crowd counting accuracy in both low and high crowd density condi-

tions with state-of-the-art algorithms. The evaluation datasets cover individual detec-

tion and density estimation, e.g., TinyPerson, and UCF-CC-50. The evaluation re-
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sults demonstrate the superiority of the proposed crowd counting models in different

crowd densities.

The remaining of this chapter will first introduce the framework of this multitask crowd

monitoring framework in Section 4.2, covering individual object detection model, crowd

density estimation model, group tracking strategies, etc. In Section 4.2.2, two crowd count-

ing model is described for low and high-density crowd. When the crowd density is low, this

framework adopts the object detection model to count the person number. Since the tar-

gets are small, specialized data augmentation is designed to increase the sample number of

tiny objects. The density estimation model starts working when the density is higher than

a threshold. Section 4.2.3 describes how to cluster groups and estimate their motion based

onmulti-object tracking results. Then, experiments on evaluating the whole framework and

data augmentation strategies are shown in Section 4.3. Firstly, Section 4.3.2 compares the ob-

ject detection and density estimationmodels with previous research works in terms of detec-

tion accuracy. The next section evaluates the overall framework in crowd motion detection

and compares it with the optical flowmethod.

4.2 Methodology

4.2.1 Multitask CrowdMonitoringModel Framework

This study innovatively proposes an efficient and integrated framework for simultaneously

addressing multiple tasks regarding crowd monitoring, including crowd counting, localiza-

tion, and motion detection. The framework mainly has two parts in terms of functional-

ity – crowd counting and motion detection. The overall framework is shown in Figure 4.1.
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As shown in Figure 4.1, the input images will firstly pass through both the object detection

model and density estimationmodel. Their details will be described in the coming part. Only

the object detection model will work for crowd counting when the crowd density is low.

Once the crowd density is higher than a threshold, the density estimation model will involve

and calculate the crowd number. Under this condition, the output of bounding boxes from

the object detection model is used for motion detection. Meanwhile, bounding boxes in ad-

jacent frames will be associated based on feature appearance for multi-object tracking. The

multi-object tracking results will then be integrated with density for clustering to compute

the crowdmotion. The final outputs of this framework include crowd counting results, den-

sity distribution, and crowdmotion patterns. Crowd counting andmotion detectionwill be

elaborated in Section 4.2.2 and Section 4.2.3 correspondingly.

Figure 4.1: Framework of Crowd Counting, Localization and Motion Detection

4.2.2 CrowdCounting

According to Figure 4.1, the crowd counting module synthesizes both counting bounding

boxes from the object detection model and summing density map from the density estima-
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tion model. In general, counting with object detection performs better in the sparse-crowd

conditions while counting with the density estimation is more suitable for dense-crowd con-

ditions. Therefore, this study adopts a switch strategy that counts the crowd using object

detectionwhen the crowdcounting is lower than a threshold. The approximate crowd count-

ing for switch determination is computed using the density map. This strategy is explained

in Equation 4.1, whereNcrowd refers to the final crowd count. Nbbox refers the bounding box

number from object detection. ρ(x, y) refers to crowd density at location (x, y) in the image.

t represents the threshold to determinewhich input is used to estimate the final crowd count.

As a result, the accuracy of object detection and density estimation will determine the final

accuracy of crowd counting.

Ncrowd =


Nbbox if

∑
x
∑

y ρ(x, y) < t∑
x
∑

y ρ(x, y) otherwise
(4.1)

The individual object detection algorithm is built on YOLO v4, a typical one-stage deep-

learning detector24. The outputs of the object detector offer crowd counting numbers un-

der the sparse-density condition. Additionally, it provides anchors to track objects in the

next step. Its accuracy and efficiency are equally significant. Crowd monitoring always re-

quires real-time processing, especially when detecting abnormal activities. One-stage detec-

tors are more suitable than two-stage detectors. YOLO v4 inherits the basic framework of

YOLO v3 and absorbs advanced deep-learning components and training strategies to simul-

taneously achieve high accuracy and efficiency. Considering the application scenario that

estimates the crowd number, the individuals are relatively small compared to general ob-

ject detection. Thus, larger feature maps are more valuable than smaller feature maps. In
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this chapter, only larger feature maps are activated for prediction. The optimized detection

framework is shown in Figure 4.2. The primary difference between the optimized andYOLO

v4 is using large featuremaps for prediction. In this chapter,OnlyM1 andM2 layerswork for

prediction. Feature maps with larger receptive fields will not join in the prediction process.

M1 andM2 have sufficient feature depth thanks to the feature pyramid structure.

Figure 4.2: Optimized YOLO Framework

As described before, one reason leading to low accuracy is the lack of small-scale samples.

Deep learning heavily relies on training data. Sufficient and balanced data is hard to obtain

in practice. There are always various data issues, e.g., data imbalance and noise. In the crowd

monitoring task, small-scale samples are lacking. It is well-known that collecting and label-

ing new data cost a lot of time and budget. Utilizing existing data by data augmentation is

the most straightforward solution to increase data variance. Inspired by Stitcher50 and Cut-

Mix342 data augmentation, this chapter proposes a robust stitching strategy called Zoom-

Stitcher. The basic idea is to conduct random cropping on four separate images and resize

them into the same dimension. Then those images are composed to form a complete input
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image for training. The framework comparison of Zoom-Stitcher and CutMix is shown in

Figure 4.3. According to Figure 4.3b, CutMix conducts the random cropping on the base

image and pastes an image patch of the exact location from another image. This operation

tries to mimic the object occlusion situation andmake the model learn knowledge from out-

side the base image. However, CutMix does not consider the scale change. Zoom-Stitcher,

shown in Figure 4.3a, does not apply random cropping a small patch and then pasting con-

sidering the firm information inconsistency at the border of the image patch. Instead, Zoom-

Stitcher composes four cropped images to generate a new image. The inconsistency between

image borders can have regularity, which makes deep learning models easy to learn valuable

information from composed images.

(a) Zoom‐Stitcher Framework

(b) CutMix Framework

Figure 4.3: Data Augmentation Comparison
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The density estimation model is based on CSRNet177. One critical component of CSR-

Net is dilated convolution that has been demonstrated in semantic segmentation339 and ob-

ject detection186. Dilated convolution can enlarge the receptive field while not increasing the

computing complexity. Following previous work ofMCNN286, a multi-column structure is

adopted to capture characteristics at different scales. Inspired by recent work of YOLOF40,

an encoder composed of cascaded dilated blockswith different dilation rates can generate fea-

tures with multiple receptive fields while reducing the computing complexity significantly.

Therefore, this chapter proposes a density estimationmodel calledMulti-ScaleNetworkwith

one-level Feature (MSNet-F), whose framework is shown in Figure 4.4. The feature extractor

is based onResNet-50. The down-sampling rate of the feature extractor is 8, which indicates

the output density map dimension is 1/8 of the input image. The up-sampling module is

used to map the dimension of the output density map to the input image. Meanwhile, the

up-sampling module will also reduce the final channel number to one through 1× 1 convo-

lution operation.

One major contribution of this chapter is the innovative encoder with strong feature ex-

traction ability and high efficiency. The encoder contains three consecutive residual blocks

with dilation rates of 2, 4, and 6. The structure of the encoder is shown in Figure 4.5, where

C3 is the output feature map from the feature extractor, and P3 is the output feature map

from the encoder. 3 × 3 convolution is dilation convolution. The structure of one dilated

residual block is very similar to the general residual block shown in Figure 3.5b. The dif-

ference lies in the usage of dilated convolution. Batch normalization and activation layers

are omitted in Figure 4.5, which are following the convolutional layer. Although the feature

pyramid structure is promising, it will increase extra computing costs. Compared to object
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Figure 4.4: MSNet‐F Framework

Figure 4.5: Dilation Encoder Framework

detection, density estimation has a lower requirement for localization precision. The cas-

caded blocks with multiple dilation factors are adequate to explore multiple feature levels.

The loss function ofMSNet-F is L2 loss, which is defined in Equation 4.2, where B refers to

the batch size, and F indicates the density map.

L =
1
2B

B∑
i=1

∥∥Fi − Fgti
∥∥2 (4.2)

4.2.3 CrowdMotion Detection

Crowd motion detection involves multi-object tracking and clustering according to Figure

4.1. The multi-object tracking applies the SORT method that is super efficient without ex-

tra training process20. SORT uses the Kalman filter and Hungarian algorithm for tracking

bounding boxes predicted from the object detection model. The outputs of SORT include

tracking id as well as bounding box coordinates. The implementation detail can be referred

to the original work, which will not be described further. A sample of tracking results using
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Figure 4.6: Sample Image of SORT Tracking

YOLO and SORT is shown in Figure 4.6, where different colors represent different track-

ing ids. As discussed in Section 2.3.2, the object-detection-based method performs well in

sparse-crowd conditions where each object can be easily recognized. However, occlusions

are common in dense-crowd conditions. As a result, only partial objects in the image can be

detected and tracked, which is also shown in Figure 4.6. This chapter thus proposes a strategy

with multi-object tracking as well as density-map-based clustering to infer the crowd move-

ment. Firstly, YOLO and SORT are implemented to track objects. Then tracked objects will

be grouped using a hierarchical clustering method. Similar to crowd counting, the next step

will depend on the crowd density. If the crowd density is low, the clustering results are used

to represent the crowdmotion. If the crowd density is high, a further clustering with density

map will be conducted to estimate the crowd motion.

Hierarchical clustering is used to group objects recognized by the multi-object tracking

method. A group of objects are more likely to have a similar motion pattern or act as a union

in collective motion221. Both object location andmovement are considered as clustering fea-

tures. For a tracked object i, its bounding box coordinates of at time stamp t are defined as

(xti,1, yti,1, xti,2, yti,2). Its center defined as (xti,c, yti,c) can be computed by mean value of bound-

ing box coordinates. If it is also tracked at time stamp t− 1, its movement dti can be written
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as (xti,c − xt−1
i,c , yti,c − yt−1

i,c ). Therefore, the feature vector vti of tracked object i at time stamp

t can be finally written as vti = (xti,c, yti,c,
−→
d t

i). If object i is not tracked at time stamp t − 1,

dti is equal to (0, 0). These objects will be clustered via this feature vector. Two kinds of dis-

tance measurements are applied, which are Euclidean distance Dist(i, j), and cosine distance

Cos(i, j). Their expressions are shown in Equation 4.3 and Equation 4.4.

Dist(i, j) =
√∥∥∥xti,c − xtj,c

∥∥∥2
+
∥∥∥yti,c − ytj,c

∥∥∥2
(4.3)

Cos(i, j) =
dti · d

t
j

∥dti∥
∥∥∥dtj∥∥∥ (4.4)

The detailed implementation of hierarchical clustering is shown in Algorithm 2. τd is the

coordiante distance threshold and τc is the movement distance threshold.

Algorithm 2:Workflow of Hierarchical Clustering
for vti, vtj(i ̸= j) do

if Dist(i, j) ≤ τd then
if di, dj ̸= 0 and Cos(i, j) ≥ τc then

i, j are clustered into group n;
Update the feature vector vtn of group n;

else if di = 0 or dj = 0 then
i, j are clustered into group n;
Update the coordiantes (xtn,c, ytn,c)of group n;

Match current and previous group ids by distance;

Hierarchical clustering can groupdetected objects in the neighborhood as shown in Figure

4.7, where circles indicate the clustering centers and different colors represent different clus-

ter ids. When the crowd density is low, these groups can be seen as the final groups as output.
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Figure 4.7: Sample Image of Hierarchical Clustering

However, partial objects aremissing in the dense situation. It is almost impossible to infer the

group based upon the detection results. Therefore, the density map is used to estimate the

group. The fundamental assumption is that each group has one clustered object. The final

group number is equal to the number of clustered objects. A thresholding-based image seg-

mentation method is applied to distinguish pedestrian predictions from the background in

the density map. Since ground truth density maps are generated from heads or pedestrian lo-

cations, the thresholding results can represent the approximate locations of pedestrians. The

k-means clustering is then applied to group crowds, which only utilizes localization features.

The cluster centers are initialized with the hierarchical clustering results. The framework of

k-means clustering using density map and hierarchical clustering results is shown in Figure

4.8. The final outputs include the crowd localization as well as movement directions.

4.3 Experiments

4.3.1 Experiment Setting

This chapter works on applying data augmentation to increase small-scale object detection

accuracy, especially for crowd monitoring. Since this chapter proposes a crowd monitoring
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Figure 4.8: K‐means Clustering Framework

pipeline responsible for crowd counting, group gathering, and motion detection, the exper-

iment section has been divided into crowd counting and motion detection. Firstly, Section

4.3.2 focuses on crowd counting accuracy. This section introduces individual object detec-

tion and crowd density estimation. Individual object detection is the most important in this

pipeline because its outputs are inputs for group gathering and motion detection. Evalu-

ation of individual detection accuracy follows the rule in general object detection on two

public datasets – COCO182 and TinyPerson340. The ablation test of the proposed Zoom-

Stitcher is conducted as well. The input resolution is 512× 512 for both datasets. Based on
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object sizes, there are small, medium and large objects corresponding to pixel sizes of [0, 322],

[322, 962], and [962,∞] in the COCO dataset. The TinyPerson dataset is particularly built

for tiny object detection. Compared to other detection datasets, most samples in this dataset

are tiny and small objects. This dataset has a finer division of small objects than the COCO

dataset. The sizes of tiny and small objects are [22, 202] and [202, 322]. Two sample images

from the TinyPerson dataset are shown in Figure 4.9 including persons in the forest and on

the beach. It is a huge challenge to detect persons on that scale.

(a) Tiny Persons in the Forest (b) Tiny Persons on the Beach

Figure 4.9: Samples Image of TinyPerson Dataset

When considering the dense crowd condition, the proposed density estimation model

MSNet-F is compared with other state-of-the-art crowd counting methods in terms of ac-

curacy. One contribution of this chapter is designing the switch strategy to adopt the proper

model based on the current crowd density. Thus, in the sparse crowd condition, the object-

detection-based method is compared with the density-map-based method to prove the effec-

tiveness of the proposed switch strategy shown in Equation 4.1. Three public dense crowd

datasets are used for training and evaluation, which areUCF-QNRF129, UCF-CC-50128 and

ShanghaiTech353. The image information of each dataset is shown in Table 4.1, including

Gaussian kernel size and image scale. If one person only occupies one pixel or several pixels in
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Table 4.1: Image Information of Different Crowd Datasets

Dataset Kernel Size Image Scale
UCF-QNRF 15× 15 max(h, w) = 1024
UCF-CC-50 Geo-adaptive max(h, w) = 1024
ShanghaiTech A 15× 15 max(h, w) = 1024
ShanghaiTech B 15× 15 768× 1024

the heatmap, the heatmap information will be sparse, which is not suitable for model train-

ing. Gaussian blurring is applied to generate the ground-truth density map based on head

annotations in data pre-processing190,177. Gaussian blurring function is shown in Equation

4.5, where δ refers to the ground truth in the image. Gσi refers to the Gaussian kernel with

standard deviation σi. In Table 4.1, Geo-adaptive indicates the geometry-adaptive kernel,

whose σi is computed via the average distance of k nearest neighbors. Considering that the

dataset size of UCF-CC-50 is only 50, 5-fold cross-validation is adopted in the experiment as

suggested in previous works128,300. The training strategy for density estimation models fol-

lows the C3 framework88. The physical batch size is 4 in the training process. This chapter

uses gradient accumulation with an accumulation step of 4 to enlarge the batch size for bet-

ter convergence. The total training epoch number is 200. The initial learning rate is 0.0001

with a cosine learning rate decay.

D(x) =
N∑
i=1

δ(x− xi) ∗ Gσi(xi) (4.5)

The crowd counting algorithm proposed in this chapter is designed for both dense and

sparse crowd conditions. The crowd number varies during different time periods at the same

place. It is necessary to evaluate the counting accuracy when the crowd density is low. This

chapter utilizes MOT 2015 dataset169 for the experiment. Its average crowd number in each

104



image is around 10, while the crowd number in the previous experiment is much higher.

For example, the average crowd number is 815 in UCF-QNRF, and 501 in ShanghaiTech

A.MOT 2015 dataset was originally used as the multi-object tracking benchmark. Since the

training set has annotations of all appeared objects, it becomes possible to transform these

annotations to generate density maps with Gaussian blurring for crowd counting evalua-

tion. Following the strategy used in UCF-CC-50 dataset, 5-fold cross-validation is also ap-

plied here. What’s more, the density estimation model is pre-trained on UCF-QNRF and

fine-tuned on amixture dataset of UCF-CC-50 andMOT2015 to learn from both high and

low-density datasets. In order to avoid overfitting, the fine-tune epoch number is constrained

to 50.

Secondly, Section 4.3.3 is focusing on crowd tracking performance in terms of crowd cov-

erage and detection accuracy. The proposed motion detection framework is compared with

the optical-flow-based method that was widely used in previous crowd motion detection

works. The dataset applied for evaluation is MOT 202061. Compared to MOT 2015, this

one has a denser crowd condition covering both indoor and outdoor spaces. The average

crowd number of MOT 2020 is 150 that is multiple times higher than MOT 2015. Simi-

larly, the training set, whose sample size is 8,931, is used for model training and evaluation

since there are annotated bounding boxes for all objects.

4.3.2 Evaluating CrowdCounting

Since this chapter proposes a combined crowd counting method utilizing object detection

anddensity estimationmodels, it ismeaningful to evaluate eachmodule separately. Thus, the

proposed object detection model is compared with other state-of-the-art models on COCO
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and TinyPerson datasets. The experiment results on these datasets are shown in Table 4.2

and Table 4.3, respectively. The proposed detection model is compared with with Faster R-

CNN, RetinaNet, CornerNet168, and YOLO v4 in terms of efficiency and accuracy.

Table 4.2: Individual Detection Accuracy in the COCO Dataset

Algorithms Speed (FPS) AP (%) APS (%) APM (%) APL (%)
Faster R-CNN 7.0 36.7 21.1 39.9 48.1
RetinaNet 11.1 34.4 14.7 38.5 49.1
CornetNet 4.4 40.5 20.8 44.8 56.7
YOLO v4 31.0 43.0 24.3 46.1 55.2
Proposed 40.2 41.1 24.3 45.0 53.0

Table 4.3: Individual Detection Accuracy in the TinyPerson Dataset

Algorithms Training APtiny (%) APsmall (%)
Faster R-CNN Scale Match 43.5 56.7
Faster R-CNN Zoom Stitcher 49.5 63.1
YOLO v4 CutMix 65.3 71.1
Proposed CutMix 65.3 71.0
Proposed Zoom Stitcher 68.9 75.2

According to Table 4.2, the proposedmodel has surpassed its base model YOLO v4 in the

aspect of efficiency. The inference speed is almost 30% higher than YOLO v4 and several

times higher than others. The proposed model has a slightly lower mean AP than YOLO v4

because it drops several feature maps. Its average AP is still higher than other models. When

comparing accuracy for small objects, the proposed model has the same AP as YOLO v4,

which implies that dropping these layers does not affect detecting small objects. For medium

and large objects, the proposed one is not as accurate as YOLO v4 and CornerNet. The ex-

periment results demonstrate that optimization is effective without sacrificing the accuracy

of detecting small objects. Meanwhile, the inference speed is accelerated significantly. Ex-
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periments on the TinyPerson dataset tries to evalaute the Zoom-Stitcher data augmentation

strategy. Experiments on the TinyPerson dataset tries to evalaute the Zoom-Stitcher data

augmentation strategy. Based on Table 4.3, the proposed mdoel trained with Zoom-Stitcher

reaches the highest AP for both tiny and small objects. When comparing the last rows using

the samemodelwith different data augmentation strategies, the improvedZoom-Stitcher has

a much better performance than CutMix by introducing scale variance. The first two rows

using Faster R-CNNwith Scale Match and Zoom-Stitcher indicate that Scale Match brings

more minor data variance. One more thing to notice is that the newer one-stage object de-

tection can exceed old two-stage models. YOLO models have significantly higher AP than

Faster R-CNN.

After comparing the proposed object detection model and Zoom-Stitcher on the individ-

ual object detection accuracy, another experiment is conducted on theMOT2015 dataset for

crowd counting accuracy when the density is low. Unlike the first experiment of general ob-

ject detection, this part pays more attention to overall crowd counting accuracy and does not

care about whether a single object is detected. The object-detection-based method is YOLO

pre-trained on the COCO dataset. Since MSNet-F exceeds other crowd counting methods,

MSNet-F is selected to represent density-map-based methods. The comparison results are

shown in Table 4.4. According to the results, it can be found crowd counting by object de-

tection works better in sparse crowd conditions. Although the absolute error using density

map estimation is not large, the relative error matters more since the original crowd number

is around 10, which means the relative error is more than 80%. The primary reason of gen-

erating the error using YOLO is the occlusion when persons gather together. One potential

solution to this occlusion problem is increasing the sample number of occluded objects by
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Table 4.4: Crowd Counting Accuracy in the MOT 2015 Dataset

Methods Training MAE RMSE
MSNet-F General 8.4 8.6
Faster R-CNN General 4.6 4.8
YOLO v4 CutMix 4.1 4.1
Proposed Zoom Stitcher 3.8 3.9

randomly masking parts of objects to simulate the occlusion scenario.

Besides the individual detectionmodel optimized for small-scale object detection, the den-

sitymap estimationmodel plays an essential in crowd countingwhen the density is high. This

section compares the proposed density map estimation model MSNet-F with state-of-the-

art methods including M-SFANet286, SGANet300, CAN190, CSRNet177, Switch-CNN246,

and MCNN353. The evaluation metrics are Mean Absolute Error (MAE) and Root Mean

Squared Error (RMSE), defined in Equation 4.6 and Equation 4.7 correspondingly. C refers

to the predicted crowd number, and Cgt refers to the ground-truth crowd number. N repre-

sents the sample size of the evaluation set.

MAE =
1
N

N∑
i

|Ci − Cgt
i | (4.6)

RMSE =

√√√√ 1
N

N∑
i

|Ci − Cgt
i |

2 (4.7)

The experiment results of crowd counting in the dense crowd condition are shown in Ta-

ble 4.5. According toTable 4.5, the proposedMSNet-F achieves the highest accuracy inmost

evaluation sets. The only exception is that the accuracy of MSNet-F is a little bit lower than

CAN inUCF-CC-50 datasets under dense conditions. One possible reason is the small sam-
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Table 4.5: Crowd Counting Accuracy in Public Crowd Datasets

Methods UCF-QNRF UCF-CC-50 ShanghaiTech A
MAE RMSE MAE RMSE MAE RMSE

M-SFANet 113 188 230 354 60 101
SGANet 103 178 225 315 58 100
CAN 107 183 212 244 62 100
CSRNet 115 190 266 398 68 115
Switch-CNN 228 445 318 439 90 135
MCNN 277 426 378 509 110 173
MSNet-F 101 176 218 306 57 99

ple size which leads to overfitting. Pre-training on other crowd datasets may help solve this

problem. However, the relative difference is less than 3%, which can be ignored in practical

applications. As the result, the application of the dilation encoder is proved to increase the

density estimation accuracy without complicated FPNormulti-column structure. The visu-

alization results onUCF-QNRF and ShanghaiTech datasets are shown in Figure 4.10, where

the left column displays the original image. The central column displays the predicted den-

sity map, and the right column displays the ground-truth density map. The white number

in the image is the crowd number. In addition, the predicted density map is generated using

the proposedMSNet-F model.

4.3.3 Evaluating CrowdMotion Detection

This section will compare the proposed crowd motion detection method with optical-flow-

basedmethods39,221. The fundamental idea of optical-flow-basedmethods is applying optical

flow to match key-points in adjacent frames and then group these key-points based on the

spatial position and motion orientation. Three kinds of evaluation metrics are applied –

Percentage of Crowd Coverage Pc and two kinds metrics of MAE. Pc is used to evaluate the
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(a) Density Map Sample from UCF‐QNRF Dataset

(b) Density Map Sample from ShanghaiTech Dataset

Figure 4.10: Visualization of Predicted and Ground‐truth Density Maps

percentage of crowds that are detected, whose definition is Pc = Ctrk/Ctotal. Ctrk refers to the

crowd count being detected andCtotal refers to the total crowd count in the image. Since this

chapter does not focus on object tracking, the evaluation metrics in multi-object tracking,

e.g., multi-object tracking accuracy and precision are not used. Instead, two MAE metrics

– MAEv and MAEd are used in this section and focus on perspectives of pixel velocity vij

and movement direction dij. The corresponding definitions are shown in Equation 4.8 and

Equation 4.9, whereN refers to the frame number and C refers to the cluster number. The

actual velocity can be estimated after obtaining the optical specifications of cameras in future

work.

MAEv =
1

NC

N∑
i

C∑
j

|vij − vgtij | (4.8)
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MAEd =
1

NC

N∑
i

C∑
j

1−
dij · d

gt
ij∥∥dij∥∥∥∥∥dgtij∥∥∥

 (4.9)

The ground truth of crowd motion can be generated using tracking information, e.g.,

tracker id and bounding box coordinates, fromMOT 2020 dataset. The individual motion

pattern is computed via bounding box coordinates with the same tracker id. Then the crowd

motion pattern is computed via clustering and averaging individuals with similar individual

motion patterns as shown in Equation 4.10, where G is the individual number within one

group, and di refers to the movement of individual i. The velocity of one group is the length

of vector dgt.

dgt =
1
G

G∑
i

di (4.10)

The evaluation results of Pc is shown in Table 4.6. It can be observed that the proposed

method has a much higher coverage of 90% than optical flowmethods of 68%, which means

optical flow methods cannot estimate the crowd movement objectively. The visualization is

also shown in Figure 4.11, where the left one is the snapshot using the proposed method,

and the right one is the snapshot using the optical flow method. Different colors in Fig-

ure 4.11 represent different group ids. The optical flow method can only extract key-points

but not distinguish whether they belong to persons or other objects, which may lead to false

clustering. In Figure 4.11b, key-points from the right building are also extracted, which are

irrelevant to this task. The assistant classification work is thus required like crowd density

map141. What’s more, the optical flow method always depends on hand-crafted descriptors

for feature extraction, e.g., Shi-Tomasi Corner256, which cannot cope with the complicated
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situations effectively compared to deep learning feature extractors. Some objects that do not

have large intensity variations may be ignored.

Table 4.6: Crowd Coverage Percentage

Methods Ctrk Ctotal Pc
Optical Flow 150 102 68%
Proposed 150 135 90%

(a) Proposed Algorithm (b)Optical Flow Algorithm

Figure 4.11: Visualization of Crowd Coverage

MAEv and MAEd are two metrics to evaluate the crowd motion detection performance.

The ground truth motion data is calculated by averaging the motion pattern of all objects

in each group. Groups are manually labeled based on whether they have a uniform motion

pattern because a group of persons always have a similar movement pattern. Similar to object

detection, a localization-based matching will be conducted between the ground truth and

prediction. The ground truth will uniformlymatch only one predicted group. If the ground

truth cannot match the prediction or the prediction cannot match the ground truth, the

unmatched values of the group k for MAEv,k andMAEd,k can be written as |vk| and 1 corre-

spondingly. The average speed of the ground truth is 2.6 meters per second in this dataset.
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Table 4.7: MAE of Crowd Motion Detection

Methods Zoom Stitcher MAEv MAEd
Optical Flow - 0.58 0.29
Proposed - 0.42 0.21
Proposed ✓ 0.40 0.20

As a result, the evaluation results are shown in Table 4.7. The proposed method has lower

MAEs than the optical flow method, indicating better detection accuracy in crowd motion

detection. One reason that leads to low MAEs of the optical flow method is its low crowd

coverage. Comparing the second and third rows, the proposed Zoom-Stitcher can benefit

the motion detection accuracy in velocity and direction because SORT depends on the ob-

ject detection results. In the future, more advanced tracking algorithms can further improve

motion detection accuracy. This feature also implies the advantage of modular design by

replacing one part to promote overall performance.

More specifically, this chapter provides a more straightforward way to observe the differ-

ence between the proposed and optical flow algorithms. Figure 4.12 includes two plots of

direction and velocity errors based on 100 fixed-interval frames. This chapter randomly se-

lects a starting point from an indoor MOT 2020 video and samples 100 frames at a sample

rate of 10Hz. The observation duration is 10 seconds. The application scenario can refer to

Figure 4.11. This scenario is complex because the environmental illumination is insufficient,

and several groups have different motion patterns. Figure 4.12 depicts continuous values of

velocity and direction errors besides static overall errors. The solid red line refers to the pro-

posed method, and the solid green line refers to the optical-flow-based method. In addition,

the average value, representing the overall error during the observationperiod, is shown in the

dashed line, where the proposed method uses blue color and the optical-flow-based method
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(a) Direction Error

(b) Velocity Error

Figure 4.12: Detection Error of the Proposed and Optical Flow Algorithms

uses purple color. Figure 4.12a shows the direction error and Figure 4.12b shows the velocity

error. There is no additional smoothing operation on these plots. Comparably, the proposed

method has a lower error and higher stability than the optical-flow-based method. This re-
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sult produces similar conclusions to Table 4.7. The limitation of the optical flowmainly lies

in the poor quality of feature corners. Hand-crafted descriptors cannot stably catch objects

in complicated scenarios. They may be easily affected by high-contrast areas or regions with

more texture information.

4.4 Chapter Conclusion

This chapter tries to improve the existing crowd monitoring system from the crowd count-

ing, localization, and motion detection perspectives. More importantly, this studies data

augmentation for tiny object detection, benefitting object counting and tracking directly.

Crowd analysis plays a vital role in traffic safety and efficiency. Most previousworks belonged

to crowd simulation that succeeded in studying motion patterns in different facilities and

crowd density and avoiding crowd disasters in advance. However, crowd simulation models

are established based on various assumptions and predefined rules, whichmight not be as ac-

curate as practical scenarios. Moreover, hyper-parameters in crowd simulation came from the

real world. Thus, precise crowd detectionmethods are vital to the crowd simulationmodels.

In addition, a real-time crowd detectionmethod can help cope with emergent situations like

abnormal crowd behavior detection. In general, crowd detection has three essential tasks –

crowd counting, localization, andmotion detection. However, previousmethods only focus

on one or two tasks mentioned above.

In conclusion, this chapter innovatively proposes an integrated deep learning framework

using visual cameras for crowdcounting, localization, andmotiondetectionwithinonepipeline.

This framework considers sparse and dense crowd conditions separately with different anal-

ysis strategies. This chapter designed two crowd counting models to handle different crowd
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densities. A YOLO-based object detection model optimized for fast detecting tiny objects

and crowd counting in a low-density situation. It promotes the inference speed by over 30%

and keeps detection accuracy for tiny objects. This chapter develops a Zoom-Sticker strategy

to enhance detection ability further and explore data variance at different scales. An efficient

crowd counting model MSNet-F based on the FCN model with cascaded dilation blocks is

designed for dense conditions and outperforms other state-of-the-art crowd counting meth-

ods in public crowd datasets. A switching strategy helps the framework adapt to different

density conditions. In addition, this chapter expands the multi-object tracking method to

detect the crowd motion with the assistance of a density map, which exceeds the optical-

flow-based algorithm in both accuracy and stability.
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5
Rare and Novel Traffic Object Detection

5.1 Overview

Chapter 4 has discussed one effective method to improve tiny object detection in the crowd

monitoring scenario by applying Zoom-Stitcher data augmentation to increase the tiny ob-

ject sample number. This chapter focuses on a more extreme situation when there are only a

few samples for one category. In tiny object detection tasks, tiny objects still have hundreds
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of samples. Additionally, tiny objects are more likely to belong to one category and only

have scale differences. In the previous chapter, all small-scale objects are persons. However,

some minor categories have different appearances and latent features. The data augmenta-

tion may not take effect in this situation because it can only increase a limited number of

samples based on existing data. What is more, there are newly appeared traffic objects every

day. It is impossible to give up the detection accuracy of these objects, which will lead to se-

vere traffic safety events. Therefore, this chapter designs a FSL strategy to force the model to

learn features from few-shot samples. Rare and novel object detection is challenging for the

perception system in self-driving andADAS. Improving detection accuracy on those objects

can effectively elevate the safety level for autonomous vehicles. FSL can also be applied to

other transportation analysis tasks facing extreme data imbalance.

5.1.1 Background

Data augmentation is one of the most common methods to increase data variance when the

training data is insufficient. It has also become the standard operation in the deep learning

training process. When there are only a few training samples for some categories, such as

ten samples, data augmentation may not work. The deep learning model cannot learn suffi-

cient information from those samples with the general loss function. The outcome will be

extremely low accuracy in those categories even though the mean average precision is high.

According to Cannikin’s law, the system’s overall performance depends on the weakest per-

spective. Low accuracy in minor categories will lower the robustness of the traffic sensing

system. In the transportation application, false-positive detection may cause severe traffic

safety issues. For example, it will be dangerous when autonomous vehicles fail to recognize
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an obstacle as background when the barrier is rare in the training dataset. Deep learning

algorithms have achieved impressive performance in the past ten years and surpassed conven-

tional algorithms significantly. These deep learning algorithms even outperformed humans

in some tasks. However, it is challenging to detect rare-category objects, such as wild animals

in traffic datasets, that may appear only for a limited time in the training dataset. Unlike

humans, who can learn a new object with a few samples, the machine requires more data to

understand high-level representations. In this situation where partial categories have a few

samples, the machine has a high probability of rendering a low classification or confidence

score for those categories, leading tomissing detection320. Data imbalance is common inma-

chine learning studies because some categories lack annotated samples and are uncommon

in the real world. One effective method is forcing the training process to pay more attention

to rare categories, e.g., loss equalization281. Otherwise, detection algorithms tend to classify

targets into those categories whose appearance frequency is higher.

5.1.2 Application Scenario – Rare Traffic Object Detection

Based on the platform’s mobility, traffic sensing can have stationary and mobile modes. Pre-

vious two chapters, Chapter 3 and Chapter 4, discuss research works on the stationary plat-

form of utilizing fixed cameras to monitor parking availability and crowd movement. This

chapter will study traffic sensing on mobile platforms, e.g., autonomous vehicles. As repre-

sentatives of the mobile platform, connected and autonomous vehicles have integrated ad-

vanced sensing technologies to detect the surrounding traffic environment and prepare in-

put for behavior prediction and vehicle control. Besides fully self-driving vehicles, ADAS

installed on conventional vehicles contributes to driving safety370. Self-driving or ADAS re-
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lies on an accurate and robust perception system to provide detailed surrounding informa-

tion346. Thus, incorrect detection can lead to false determination in the post-process and

traffic safety risks. The perception system mainly has two components – sensing hardware

and detection algorithm.

From the hardware perspective, cameras176 are themost popular sensors compared to oth-

ers, e.g., LiDAR17 and radar266. The advantages of vision-based sensors are relatively low cost

andmature support algorithms. Tesla only relies onvision-based sensors in their autonomous

vehicles280. Waymo selects multi-sensor fusion by integrating camera and LiDAR274. After

the cost of LiDARdecreases, sensor fusionmay becomemainstream because the point cloud

from LiDAR can help reconstruct the 3D local environment for better scenario understand-

ing. Nowadays, there are massive demands for accurate, robust, and efficient vision-based

traffic object detection. The detection performance will affect post processing, e.g., trajec-

tory prediction and obstacle avoidance. These operations are highly related to traffic effi-

ciency and safety.

The primary reason causing low accuracy in rare and novel categories is the lack of an-

notated data for specific categories. Annotated data imbalance is a common phenomenon

related to appearance frequency. It will take a lot of effort to collect and annotate these rare

objects following conventional deep-learning training principles to balance the training data.

Ignoring these rare objects is also unacceptable as they will increase traffic safety risks. Chap-

ter 4 has stated that self-supervised learning is not suitable for transportation applications

and designed a data augmentation for tiny object detection. This chapter works on a more

challenging detection task of rare and novel object detection. This chapter pays attention to

FSL, targeting to learn from a limited number of samples with supervised information307.
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FSL belongs to supervised learning but uses prior knowledge to improve performance on

rare categories. Compared to self-supervised learning, FSL is more promising for transporta-

tion applications because it is easier to deploy and transfer to different knowledge domains.

Specifically, the output of FSL can be directly applied for target tasks120 without extra steps

like self-supervised learning.

5.1.3 Contributions andOrganization

Novel and rare traffic object detection is challenging but significant to traffic safety. Im-

proving detection accuracy in theseminor categories can boost the overall system robustness.

Since there are only a few samples for them, the conventional deep learning training frame-

work will lead to enormous bias on uncommon categories because they contribute little to

the training loss. Deep learningmodels will try to learn features to reduce the total loss. Thus

chapter proposes an effective few-shot object training framework and a lightweight detection

algorithm to achieve accurate and efficient detection in common and rare categories for mo-

bile platforms. Following Chapter 3 and Chapter 4, this chapter also consider efficiency as

an important factor when constructing the deep learning detection model. There are three

significant contributions of this chapter.

a) Develop A few-shot traffic object detection algorithm with a promising performance

in accuracy and efficiency for simultaneously detecting common and rare categories.

The few-shot detection algorithm contains the base model and training framework.

The base model is a one-stage detector based on the recently released YOLO model.

The training framework inherits from the conventional framework but adds one ex-

tra fine-tuning step on a balanced downsampling dataset with a specifically designed
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similarity function.

b) Evaluate the effectiveness of FSL for detecting traffic objects when facing rare cate-

gories. This chapter has two experiments conducted on self-driving and traffic sign

recognition datasets. The first experiment is the general traffic object detection task.

Two kinds of animals on the road are added to this dataset as novel categories. The

second experiment is the traffic sign detection task. Unlike the previous task, this one

is the fine-grained classification task by recognizing the content of each traffic sign.

c) Explore intra-class variance’s impacts on detection accuracy. Most previous research

has ignored the effects of intra-class variance and worked on pre-defined categories us-

ing public datasets. However, it is crucial to determine whether the existing categories

are appropriately defined. Thus, this chapter conducts a novel andpractical evaluation

about intra-class variance using t-SNE embedding visualization.

The rest of this chapter will develop as follows. Section 5.2 discusses the methodologies

about the few-shot training strategy and an efficient object detection model. Firstly, Section

5.2.1 introduces a few-shot training pipeline to improve model accuracy on rare and novel

traffic object detection. This training pipeline has two steps: training on base categories and

fine-tuning on a small dataset containing all categories. Secondly, an accurate and efficient

one-stage object detectionmodel is proposed formulti-scale object detection in Section 5.2.2.

The detection model adopts YOLO v5 as the base model and introduces cascaded dilated

blocks to reduce the computing complexity but keep the accuracy. Section 5.3 will describe

two experiments of traffic object detection and sign recognition. This section compares the

proposed model and training strategy with state-of-the-art works. Experiments evaluate the
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accuracy of the proposed model on base and rare categories. Since the proposed detection

model targets to run on the edge side, the inference speed is also compared in the first ex-

periment in Section 5.3.2. In addition, the impacts of intra-class variance on accuracy are

explored in Section 5.3.4.

5.2 Methodology

5.2.1 Few-Shot Training Framework

Previous research works in FSL are based on meta-learning that requires support images in

a query. These algorithms compute the similarity between embeddings from the input and

support images and make the model learn from these similarities. Such a framework is com-

plicated because of adding a different input branch. Instead of modifying the network struc-

ture as meta-learning, this chapter adopts a two-step training strategy shown in Figure 5.1,

where Figure 5.1a is the first step of training the model on base categories. Figure 5.1b is the

second step of fine-tuning the pre-trained model on both base and novel categories using a

downsampling dataset.

The first step is to train on base-category samples as shown in Figure 5.1a. It follows the

same strategies as general object detection model training, including data augmentation and

normalization. Since base categories always have sufficient data, this step does consider the

extreme data imbalance situation. Focal loss181 is still preferred as the loss function since the

object number is the same. This step tries to help the model adapt to the target domain and

learn enough base knowledge from training data. Thus, this model can rapidly learn new

knowledge from limited samples in the next step. The second step is fine-tuning the pre-

trained model on few-shot samples with specifically designed cosine similarity. Compared
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(a) Training on Base‐Category Samples

(b) Fine‐Tuning on Few‐Shot Samples

Figure 5.1: Two‐Step Training Strategy for Few‐Show Object Detection

to computing the distance between the prediction and ground truth, cosine similarity can

better utilize prior knowledge obtained in the first step. There are three critical points in the

second step as follows.

The first point is requesting balanced few-shot sample images. In Figure 5.1b, both base

and novel-category objects will be used for model training. The sample number of each cat-
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egory is the same. Previous works set that number as 1, 2, 3, 5, and 10 for evaluation. In

practice, this number should be as large as possible. The second is fixing backbone and en-

coder. Since the fine-tuning samples are limited, it is impossible to unfreeze all. Otherwise,

there will be an underfitting problem, and the training cannot converge. Only the final box

classification and regression weights will be updated like other fine-tuning jobs. The third

one is applying cosine similarity. Suggested by Spyros Gidaris94 in few-shot classification

tasks, the cosine similarity has an impressive performance and is applied in bounding box

classification. Suppose the weight matrix of the box classification is [w1,w2, ...,wc], where

w is the per-class weight. The classification outputs are scaled based on similarity scores be-

tween the i-th object proposal and the weight for class j written in Equation 3-1, where x is

the input feature representation of i-th object proposal, and α is a hyper-parameter and set as

20 in this chapter.

si,j =
αxTi wj

∥xi∥∥wj∥
(5.1)

5.2.2 Traffic Object DetectionModel Framework

The object detection algorithm is based on YOLO v5, simultaneously achieving high effi-

ciency and accuracy. It can be seen as a PyTorch implementation of YOLO v424. YOLO

series can provide an impressive inference speed and keep a satisfying accuracy. The newest

version inherits its one-stage tradition but adds more novel features from other state-of-the-

art researchworks. Its predecessor is YOLO v3235 that learns from the feature pyramid struc-

ture to achieve multi-scale object detection. There are several improvements in the network

framework design and training strategies. Spatial Pyramid Pooling (SPP) is adopted to im-
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prove multi-scale feature fusion using different pooling sizes109. SPP can generate the same

dimension representations from different input sizes and increase the robustness to object

deformation without extra computing cost. Beyond FPN, it used Path Aggregation Net-

work (PAN) to generate multi-scale feature maps187. PAN can provide deeper feature maps

for prediction compared to FPN. Besides the network itself, effective training strategies play

a vital role. One representative strategy is improving CutMix342 via mixing several training

images to help detect objects outside their normal context. Furthermore, it can reduce the ne-

cessity for a large batch size because batch normalization computes activation statistics from

4 four different images.

YOLOv4 and v5 have great success in different computer vision tasks. Compared to other

computer vision tasks, traffic object detection has fewer object categories. The targets mainly

belong to traffic tools and signs. The newest YOLO may be still too complicated for this

task. Inspired by YOLOF40, this chapter introduces single-in-single-out structure with di-

lated convolution. YOLOF does not use feature pyramid structure but explore multi-scale

features fromoutputs of the last layer of the backbone. The outputs from the backbone’s last

layer may be still too shallow. In order to increase the depth but avoid the complex PAN or

FPN structure, Top-Down Modulation (TDM) is selected for multi-scale feature fusion90.

As a result, the detection framework is shown in Figure 5.2, where the dilated module is de-

scribed in Figure 5.3.

Backbone: This chapter adopts CSPNet as the backbone297, which has fewer parameters

than ResNet but stronger feature extraction ability.

Encoder: The encoder has two parts – TDM and dilated module. TDM uses concatena-

tion instead of addition in FPN and PAN to fuse different featuremaps. The dilatedmodule
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Figure 5.2: Proposed Detection Algorithm Framework

can explore multi-scale features in one single pass. Figure 5.3 shows the framework of the

dilated module containing four successive residual blocks with different dilation factors. In

this chapter, the dilation factors are 2, 4, 6, and 8. The first 1 × 1 convolution reduces the

channel number to 1/4 of the original number. The 3×3 convolution is dilated convolution

to increase the receptive field. The last 1×1 convolution recovers the channel number. Thus,

the input and output have the same number of channels, which provides the convenience of

inserting or appending other modules. This bottleneck design can significantly reduce com-

puting complexity and is demonstrated in other models, e.g., ResNet.

Figure 5.3: Dilated Module Framework

Decoder: The decoder is similar to YOLO v4 but only generates predictions from one

feature map. Based on Figure 5.2, the prediction head accepts the output from the dilated

module. The dilated module consists of cascaded dilation blocks as plotted in Figure 5.3.
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The original YOLO model predicts different-scale objects from corresponding feature lay-

ers. Benefitting from cascaded dilation blocks, this model still explores multi-level features.

Another minor change following FPN is the different number of convolution layers in clas-

sification and regression branches. The former has two convolution layers, and the latter has

four layers.

5.3 Experiments

5.3.1 Experiment Setting

The experiment section focuses on general traffic object detection and traffic sign detection

tasks using onboard cameras. Unlike previous research work in these two tasks, this chapter

pays more attention to increasing the detection accuracy of rare categories without affecting

major categories. Two experiments follow the same experiment procedure. Firstly, two ex-

periments will compare the proposed method with state-of-the-art algorithms on the target

dataset, excluding rare categories. Secondly, they will add rare categories and compare these

algorithms in terms of accuracy on the rare or novel categories.

Traffic object detection using onboard cameras is essential for autonomous vehicles and is

highly related to driving safety. The primary dataset for model evaluation is Berkeley Deep-

Drive (BDD), containing 100,000 well-annotated images including ten categories and cover-

ing different weather conditions and scenarios338. Figure 5.4 shows the category distribution

in the BDD dataset. According to Figure 5.4, some categories occupy a small portion of all

annotated objects. For example, train only occupies 0.01%. The long-tailed problem has al-

ready existed and should be addressed. However, some rare categories, e.g., animals, are still

lacking in BDD and other similar datasets, e.g., KITTI91 and UrTra2D135. Although it is
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uncommon for medium or large animals to appear in the urban area, it will be super dan-

gerous when failing to recognize them for autonomous vehicles. In addition, these animals

have a higher probability of appearing on the rural road. This experiment has extended the

BDD dataset by adding images of animals on the road. Instead of collecting large samples

for training, only a few samples are used to simulate the practical situation of low appear-

ance frequency in the training dataset. As a result, this chapter targets to provide a beneficial

deep learning framework to detect novel categories with limited samples and model training

efforts.

Figure 5.4: BDD Dataset Category Distribution

One research objective of this chapter is to focus ondetecting rare objects in transportation

scenarios, especially animals. Thus, 40 sample images containing animals in the street, e.g.,

deer and dog, are collected from the internet. Two sample images of small and medium ani-

mals on the road are shown in Figure 5.5, which do not show up in any autonomous vehicle

dataset. These situations may be uncommon but vital to traffic safety for autonomous vehi-
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(a) Small Animals on the Road (b)Medium Animals on the Road

Figure 5.5: Sample Images of Animals on the Road

cles replying vision-sensor for object detection and obstacle avoidance. All collected images

are cropped to 640× 360 instead of resizing to ensure that no object is distorted.

The compared state-of-the-art algorithms include CFENet355, Faster R-CNN,MultiNet,

and DLT-Net228 for this traffic object detection task. The evaluation metrics are Recall,

Average Precision (AP), and inference speed, covering both accuracy and efficiency. The

IntersectionofUnion (IoU) threshold forAP is 0.5. The training and testingplatformequips

with an Nvidia Titan XP graphics card. Limited by the GPU memory, the training pro-

cess adopts gradient accumulation andmixed-precision strategies. The initial learning rate is

0.0001 with cosine annealing. The original image size from the BDD dataset is 1280× 720

and is resized to 640× 360 for training and evaluation. The data augmentation follows the

same strategies in YOLO v4. The essential loss function for the detection model training is

shown in Equation 5.2 and is composed of three parts – Lcls, Lobj, and Liou. Lcls and Lobj are

a loss for confidence scores and objectiveness scores, respectively, which are based on focal

loss181 addressing the data imbalance and forcing the algorithm to concentrate on hard sam-

ples. The definition of focal loss is shown in Equation 5.3, where γ is the hyperparameter

and pt is the predicted score. Training may become insufficient when using cross-entropy
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loss since most samples belong to easy negatives. Those easy negatives make it difficult for a

model to learn rich semantic information. Comparably, the focal loss can reduce this neg-

ative impact. Besides, Liou is the loss for bounding boxes and adopts CIoU359 considering

overlap area, central point distance, and aspect ratio.

L = α1Lcls + α2Lobj + α3Liou (5.2)

FL(pt) = −(1− pt)γ log(pt) (5.3)

The former experiment dataset concentrates on detecting base and novel objects on the

road, which is essential to collision avoidance. Traffic sign detection and recognition is an-

other fundamental detection task for autonomous vehicles and can contribute to the traffic

asset management368. Autonomous vehicles can obtain road information from traffic signs

and digital maps. However, that road informationmay be unavailable or not updated on dig-

ital maps. If vehicles only rely on digital maps to get road information, they aremore likely to

violate traffic rules without any notice. Benefitting from public street images, traffic agencies

can collect and update the traffic sign status periodically. The automatic traffic sign recogni-

tion system can reduce the labor cost remarkably. One challenge for traffic sign detection is

that some traffic signs are uncommon and have fewer samples for model training. Like traf-

fic object detection in the previous dataset, the low appearance frequency may decreasee the

detection accuracy for those uncommon traffic signs. There is also a need for improvement

in uncommon traffic sign detection. Thus, the second experiment on traffic sign detection

with few-shot samples targets to evaluate the proposed algorithm’s performance in uncom-
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(a) Traffic Sign in Urban Area (b) Traffic Sign in Rural Area

Figure 5.6: Sample Images of Traffic Signs

mon traffic signs. The traffic sign dataset for model training and evaluation is DFG Traffic

Sign Dataset279 containing 7,000 images with 13,000 annotated objects in 200 categories.

Sample images of traffic signs captured in urban and rural areas are shown in Figure 5.6. The

original images have two sizes of 720 × 576 and 1920 × 1080, and are preprocessed to the

same size following different resizing rules. 720 × 576 images are firstly center cropped to

720×405 and then resized to 640×360. 1920×1080 images are directly resized to 640×360.

The category distribution is displayed in Figure 5.7, where the maximum andminimum fre-

quencies are 705 and 20. Most traffic sign categories have a low appearance frequency in this

dataset.

5.3.2 Evaluating General Object Detection Accuracy and Efficiency

The proposed and other algorithms are trained and evaluated on the standard BDD dataset

without considering novel categories. This experiment tries to evaluate the general perfor-

manceof theproposed algorithmcompared toother state-of-the-art algorithms. The training

process is general deep learning training without FSL optimization. The experiment results

are shown in Table 5.1, where the proposed algorithm achieved the highest accuracy and ef-
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Figure 5.7: DFG Traffic Sign Dataset Category Distribution

ficiency. It outperforms its base model YOLO v5, which demonstrates the effectiveness of

the dilatedmodule in predictingmulti-scale objects. To bemore specific, the inference speed

of the proposed algorithm is also 10% faster than YOLO v5. Recall and AP are 2.2% and

1.5% higher, respectively. Compared to the previous most accurate algorithm DLT-Net, the

proposed one has slightly higher accuracy with an increased 0.3% in Recall and 1.3% AP.

Meanwhile, the inference speed of the proposed model is over four times faster than DLT-

Net.

Table 5.1: Comparison of Traffic Object Detection on BDD Dataset

Algorithms Recall (%) AP (%) Speed (FPS)
CFENet 75.1 53.7 21.0
Faster R-CNN 77.2 55.6 8.8
MultiNet 81.3 60.2 8.6
DLT-Net 88.7 62.7 9.5
YOLO v5 86.8 62.5 45.0
Proposed 89.0 64.0 50.1

The visualization of detection results from a complex night scenario is shown in Figure
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5.8, where Figure 5.8a is the ground truth while other figures represent three top algorithms

– DLT-Net in Figure 5.8b, YOLO v5 in Figure 5.8c, and the proposed algorithm in Figure

5.8d. The environment light is dim and surrounding agents are small in these figures. This vi-

sualizationmatches the results in Table 5.1. The proposed algorithm can detectmore objects

and generate accurate target localization. In addition, it can detect partially occluded objects

that are not annotated in the ground truth. Compared to its base model YOLO v5, the pro-

posed algorithm is more accurate and can find hard samples. However, these algorithms fail

to detect some traffic objects in the dark area due to a lack of texture information under this

low-light condition. Detecting object in low-light conditions is always challenging but not

the research objective of this chapter. Chapter 6 will discuss how to improve the accuracy in

adverse conditions by applying sensor fusion.

(a) Ground Truth (b) DLT‐Net

(c) YOLO v5 (d) Proposed Algorithm

Figure 5.8: Visualization of Traffic Object Detection Results
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5.3.3 Evaluating Rare/Novel Object Detection Accuracy

The previous experiment compares the proposed algorithm with state-of-the-art algorithms

and demonstrates excellent performance on conventional detection tasks. This part will eval-

uate the performance of novel categories, i.e., animals on the road, in this chapter. Most im-

ages in existing autonomous vehicle datasets are collected in the urban area. However, some

animals may show up on the road in the wild or in rural areas and threaten traffic safety, es-

pecially when the visibility distance is short. Thus, this chapter considers animals as novel

categories. Firstly, train is considered as the novel category according to Figure 5.4, while

the remaining nine are base categories. Secondly, two extra categories, e.g., dog and deer, are

added for this few-shot object detection experiment. These two animals are more common

to appear on the road. As a result, there are nine base categories and three novel categories in

total.

There are two training strategies in this experiment – general and fine-tune training. Gen-

eral training indicates training onmixed samples images containing base and novel categories.

In this part, the total category number will be 12, including nine base categories and three

rare categories. There is no particular attention to rare categories in loss function compu-

tation. Fine-tune training is a two-step strategy mentioned in Section 5.2.1. The first step

only trains the algorithm on base-category sample images. The second step samples K images

equivalently, also called K-shot, from each category to fine-tune the algorithm. Considering

the limited sample number in this step, training the whole model will lead to the underfit-

ting problem. Therefore, only theweights of the prediction head are updated. The backbone

and encoder are fixed. The evaluation results using two training strategies on novel and base

categories are shown in Table 5.2 and Table 5.3.
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Table 5.2: Comparison of Few‐Shot Object Detection on Novel Categories

Algorithms Training AP (%)
Shot 1 2 3 5 10
CFENet General 0.0 0.0 1.5 1.6 2.0
Faster R-CNN General 0.3 0.3 1.9 2.0 2.7
MultiNet General 0.3 0.3 1.9 1.9 2.6
DLT-Net General 0.4 0.4 2.2 2.4 2.6
YOLO v5 General 0.3 0.3 2.0 2.2 2.6
Proposed General 0.5 0.5 2.4 2.8 3.0
CFENet Fine-Tune 25.2 30.3 33.4 36.7 40.1
Faster R-CNN Fine-Tune 26.5 31.5 34.9 38.0 42.2
MultiNet Fine-Tune 27.0 33.1 35.2 39.5 43.5
DLT-Net Fine-Tune 28.3 35.5 37.1 39.9 43.2
YOLO v5 Fine-Tune 28.0 34.7 36.8 39.6 43.9
Proposed Fine-Tune 32.2 37.4 42.1 47.4 50.0

According toTable 5.2, the proposed algorithm shows an extraordinary performance com-

pared to previous algorithms. The experiment results demonstrate a necessity to apply the

FSL strategy when there are novel or rare objects with a limited sample number. The com-

paring results between general and fine-tune training show the negative impact of data imbal-

ance. In general training, the data is highly imbalanced, where novel-category objects occupy

around 0.02% of all annotated objects. The accuracy is much higher when applying the fine-

tune training strategy, even using the same number of novel-category samples. The primary

reason is the balanced samples in the second step of training the prediction head. Figure

5.9 shows the relationship between a few-shot number and AP when applying different de-

tection algorithms under the second training strategy. It can be found that the proposed

algorithm has a much higher AP. More sample images used for training in the fine-tuning

stage can significantly improve accuracy. In theory, the algorithm can reach the best when

there are asmany images of novel categories as base categories. However, requesting sufficient
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sample images is contrary to the base of FSL. According to Figure 5.9, the AP rising speed

becomes slower when the sample number is larger than five. A few-shot number of five in

this experiment is a good option for model training.

Figure 5.9: Few‐Shot Number versus AP on Novel Categories

Table 5.3 shows the experiment results evaluated on base categories. Previous algorithms

using the general training strategy have the best andmost stable performance becausemodels

may ignore novel-category samples during the training process. These minor samples have

almost no contribution to weight updates. The difference between base and novel categories

is so significant thatmodels have a higher probability of predicting the proper categories even

when they randomly select base categories. Compared to Table 5.3 and Table 5.1, the accu-

racy of these algorithms increases due to the removal of train from base categories. The fine-

tune training strategy performs worse than the general training strategy due to the limited

number of samples to train the prediction head. With the increase of samples, their accu-
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Table 5.3: Comparison of Few‐Shot Object Detection on Base Categories

Algorithms Training AP (%)
Shot 1 2 3 5 10
CFENet General 53.7 53.7 53.6 53.6 53.6
Faster R-CNN General 55.8 55.8 55.8 55.8 55.7
MultiNet General 60.2 60.2 60.2 60.2 60.2
DLT-Net General 62.7 62.7 62.7 62.7 62.7
YOLO v5 General 62.5 62.5 62.5 62.5 62.4
Proposed General 64.0 64.0 64.0 64.0 63.9
CFENet Fine-Tune 33.2 38.3 42.4 45.5 48.4
Faster R-CNN Fine-Tune 33.5 39.6 42.0 45.7 49.5
MultiNet Fine-Tune 35.0 39.5 43.1 47.9 52.3
DLT-Net Fine-Tune 37.3 41.9 43.5 49.5 55.0
YOLO v5 Fine-Tune 37.3 41.6 43.0 49.1 54.9
Proposed Fine-Tune 40.9 44.4 48.2 55.0 60.8

racy rises but is still lower than using general training. The applied fine-tune training strategy

tries to shorten this difference. Under the 10-shot condition, the proposed algorithm with

the fine-tuning strategy has a very close accuracy to its general training performance. The

AP is only 3.2% lower, demonstrating that the proposed algorithm can keep the detection

accuracy when introducing new categories.

The plot in Figure 5.10 shows the trend between the few-shop number and AP on base

categories. AP is also lowwhen the few-shot number is low because the new prediction head

has little knowledge about these objects, similar to the phenomenon of novel categories. As

the few-shot number rises, AP increases rapidly. From the few-shot number of one to five,

AP increases by around 15%. After that, the increasing speed slows down. Comparing Fig-

ure 5.9 and Figure 5.10, the few-shot number of five is enable the model to have a satisfying

performance on both base and novel categories. In general, more samples are always better.

However, these plots can help determine how many samples should be collected and anno-
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Figure 5.10: Few‐Shot Number versus AP on Base Categories

tated under limited budgets and time.

Besides quantitatively compare model and training strategies, Figure 5.11 and Figure 5.12

also qualitatively analyze them by visualizing the prediction results. Figure 5.11 shows the

detection results of DLT-Net on the novel category, where the first column is 1-shot learning

and the second column 10-shot learning. Figures in the first row adopt the general training

strategy, and others embrace the fine-tune training strategy. It is safe to conclude that the

fine-tune strategy can significantly improve the detection accuracy using a few samples. Data

balance is essential for model training when comparing the first and second rows. In the first

row, novel-category objects only occupy a tiny portion of all training samples. The loss func-

tion easily ignores these samples even though the focal loss is applied. In contrast, the second

row uses a small but balanced dataset for model fine-tuning. Different categories have a sim-

ilar appearance probability in this downsampling dataset. Figure 5.12 shows the detection
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(a) 1‐Shot Learning (General) (b) 10‐Shot Learning (General)

(c) 1‐Shot Learning (Fine‐Tune) (d) 10‐Shot Learning (Fine‐Tune)

Figure 5.11: Novel‐Category Object Detection with DLT‐Net

results with the proposed algorithm. Benefitting from the dilated module, it can generate

more precise bounding boxes. When comparing Figure 5.11d and Figure 5.12b, twomodels,

DLT-Net and the proposed model, are trained using the same strategy and can detect most

targets. This visualization shows the generalization of the FSL training strategy, which can be

deployed for different models. Additionally, the proposed model has a more accurate target

localization and bounding box size. The selection of YOLO v4 as the basemodel and further

modification is effective.

5.3.4 Exploring Intra-Class Variance

This chapter also explores the impacts of intra-class variance on accuracy. According to Fig-

ure 1.1 of building a deep learning system, the initial step includes data preparation. Data
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(a) 1‐Shot Learning (b) 10‐Shot Learning

Figure 5.12: Novel‐Category Object Detection Using the Proposed Algorithm

annotation is essential when facing specific categories that do not appear in previous self-

collected and public datasets. Before starting to annotate data, it is necessary to make a clear

data annotation rule. It is struggling to define how many categories should be created. Cre-

ating high-level categories, e.g., vehicles (all) and animals, can reduce the difficulty of this an-

notation task but increase the intra-class variance. In contrast, creating low-level categories

increases labor costs and complicates the annotation rules. Thus, figuring out how intra-class

variance influences accuracy is necessary. A simple experiment is conducted bymerging some

categories and then creating two new categories – vehicle and animal. The vehicle category

includes car, truck, and bus. The animal category includes dog and deer. The experiment

results are shown in Table 5.4 using the proposed algorithmwith 10-shot samples. The eval-

uation metric is AP with an IoU of 0.5. According to Table 5.4, the proposed algorithm,

after creating the vehicle category, has the highest accuracy in base categories. When creating

the animal category, AP on novel categories drops remarkably. The experiment results reveal

that high intra-class variance can generate negative impacts. Therefore, combining categories

with low intra-class variance may promote performance, while combining categories with a

high intra-class variance will lead to the opposite.
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Table 5.4: Impacts of Intra‐Class Variance on Accuracy

Algorithms Base Categories (%) Novel Categories (%)
None 60.8 50.0
vehicle 61.5 50.1
animal 60.8 47.6
vehicle& animal 61.4 47.8

Figure 5.13: t‐SNE Embedding Visualization

In addition, the visualization of feature embeddings from different categories are shown

in Figure 5.13 using t-SNE292. These embeddings are extracted from the output of the clas-

sification module in the prediction head before the final fully connected layer. The object

number of each category is around 30. In Figure 5.13, the deer and dog categories have longer

distances than others, indicating a higher intra-class variance. The embeddings of truck, car,

and bus in this figure are mixed and have a lower intra-class variance. Synthesizing Table 5.4

and Figure 5.13, there is almost no impact onAPwhen combining low intra-class categories.
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5.3.5 Evaluating Traffic Sign Detection Accuracy

Besides the previous experiment in general traffic object detection, this experiment on traffic

signdetectionworks as a supplement to further demonstrate the effectiveness of the proposed

framework. Thus, this experiment evaluates traffic sign detection accuracy on all categories

and novel categories following the same procedure. According to Figure 5.7, base categories

are defined as traffic signswith a sample number greater than 30, and the remaining categories

belong to rare or novel categories. Consequently, there are 152 categories belonging to the

base category and 48 categories belonging to the novel category. Tomake it clear, the training

strategy ”General” represents training detectionmodels on the complete datasetwithout FSL

optimization. ”10-Shot” is the two-step FSL training strategy described in Section 5.2.1 with

10 training images for each category. The evaluation metrics include Recall and AP with an

IoU threshold of 0.5.

Table 5.5: Comparison of Traffic Sign Detection on DFG Traffic Sign Dataset

Algorithms Training All Categories Novel Categories
Recall (%) AP (%) Recall (%) AP (%)

Faster R-CNN General 93.8 92.4 86.1 85.2
Proposed General 95.9 95.0 88.0 87.7
Faster R-CNN 10-Shot 92.1 90.5 88.3 87.1
Proposed 10-Shot 95.5 95.0 92.4 91.3

The traffic sign detection experiment results on all and novel categories are shown inTable

5.5. Using the 10-shot fine-tune strategy, the proposed algorithm achieves the highest Recall

and AP on novel categories. Comparing the results with the same detection algorithm, e.g.,

Faster R-CNN, but using different training strategies, fine-tuning the pre-trained model on

a small balanced dataset can improve the performance on novel categories significantly. The
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results also demonstrate that data balance is a vital factor contributing to final training re-

sults, especially for categories with fewer samples. In addition, the fine-tune strategy may

slightly decrease the accuracy of base categories because the last layers for regression and clas-

sification are randomly initialized. The accuracy drop can be ameliorated by adding more

data in the second step. The proposed training strategy can restrain such phenomena effec-

tively and increase the overall accuracy. Two sample images of detection results in the same

scenario are shown in Figure 5.14, the upper traffic sign belongs to the base category, and

the lower one is the novel category. Figure 5.14a uses the proposed model and Figure 5.14b

uses Faster R-CNN. Both models are trained with the 10-shot strategy. This sample image

pair qualitatively compares FasterR-CNNand the proposed detectionmodel. The proposed

model can predict more precise bounding boxes. The Faster R-CNNmodel misses the novel

category while the proposed algorithm has a more accurate detection. Furthermore, the ac-

curacy difference between the general and few-shot training is not as large as the difference

in the previous experiment. One possible reason is that the texture information is similar

among different signs, indicating similar latent features.

(a) Proposed Algorithm (b) Faster R‐CNN

Figure 5.14: Visualization of Traffic Sign Detection Results
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5.4 Chapter Conclusion

The popularity of AI and deep learning have empowered the transportation system and built

the foundation of ITS. Computer vision technologies have transferred and provided an au-

tomatic traffic sensing method and produced promising results in different sensing tasks to

improve traffic safety and efficiency. Deep learning heavily relies on abundant training data

to fit its tremendous number of parameters. Data sufficiency and balance can generate sig-

nificant impacts on its final performance. However, some objects are uncommon and may

appear a few times in the training data, which will lead to unavoidable ignorance. Failing to

detect and recognize these objects may generate severe traffic safety problems. For example,

autonomous vehicles distinguish animals into the background and do not take avoidance ac-

tion. Such predicted situations are unaccepted. Therefore, this chapter focuses on detecting

rare or novel-category objects with limited samples.

There are two research objectives – developing an effective traffic object detection algo-

rithm and improving its performance on rare and novel-category objects. Standing on previ-

ous achievements in object detection and FSL, this chapter builds an accurate and efficient

one-stage multi-scale object detection algorithm. A two-step few-shot training strategy is

applied to cope with the challenge of limited training samples. The experiments have two

parts – traffic object detection and traffic sign recognition, demonstrating the proposed al-

gorithm’s outperformance compared to state-of-the-art algorithms. In addition, this chap-

ter also explores how intra-class variance affects the detection performance using the BDD

dataset. This work can potentially expand to broader applications. Combined with the lan-

guage model, e.g., CLIP230, the proposed algorithm can achieve zero-shot object detection
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to find new objects, contributing to data mining and semi-automatic data labeling.
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6
Pedestrian Detection in Adverse Conditions

6.1 Overview

Traffic sensing in adverse conditions is essential but challenging since it operates 24/7 in all

weather and light conditions. According to the previous discussion in Section 1.2.3, these

adverse conditions will cause different negative impacts on sensing performance. However,

traffic crashes are more likely to occur in those conditions. It is essential to deploy a robust
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traffic sensing algorithm for stationary and mobile platforms in all conditions. Compared

to other sensors, vision-based traffic sensing technologies are more sensitive to these adverse

conditions. Specifically, low light will shorten the visible distance and add extra noise to

RGB images. Objects will be overwhelmed by background noise when using RGB cameras.

Multispectral image fusion will be an optimal solution to this challenge. Thus, this chapter

designs an efficient and accurate multispectral object detection network – Illumination and

Temperature-Aware Multispectral Network (IT-MN). The proposed multispectral detec-

tion model is built on the one-stage detector. There are four critical components in the pro-

posed model – Dual-Input SSD (D-SSD), Fusion Weight-Computation Network (FWN),

fusion network, and default box generation. Since multispectral object detection can con-

tribute to onboard sensing and edge computing systems, model quantization is also applied

to compress the model size and increase the inference speed by following steps introduced in

Chapter 3.

6.1.1 Background

Compared with detection tasks in other fields, e.g., using face recognition to unlock the

phone, traffic sensing always works 24/7 and suffers more harrowing situations, e.g., dif-

ferent weather and light conditions. Sensing in adverse conditions is always challenging but

mandatory for traffic sensors because these conditions are regular in daily life. For example,

Seattle has an annual number of rainy days of around 150 and shorter daylight hours than

those southern regions. Robust traffic sensing technologies in adverse conditions are in high

demand in Seattle. For conventional RGB cameras, adverse conditions bring low visible dis-

tance and lack texture information. This chapter studies pedestrian detection in low-light
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conditions. According to Figure 1.4, images captured in low-light conditions have a lot of

noise. Objects that appear in those images are also unclear. The detection accuracy will de-

crease steeply with the increasing distance between the camera and objects. It will be difficult

for computer vision algorithms to detect objects when only using RGB cameras. The intro-

duction of other sensors is necessary.

Pedestrian detection with roadside units and onboard perception systems is crucial for

ITS associated with pedestrian safety andmobility. For example, pedestrian detection on the

roadside unit can help optimize the intersection signal phase and timing, especially for dis-

abled persons who have no access to the push button. Pedestrian detection for self-driving

and ADAS contributes to collision avoidance and motion prediction. In general, detec-

tion accuracy and efficiency are two primary metrics evaluating the effectiveness of the sys-

tems. Usually, the systems’ prediction and control actions are triggered according to real-

time pedestrian detection results370,69,314. Firstly, sensors pass collected data to processors

for analysis. Then, prediction and control modules will accept the analysis results. As the

frontend of the whole system, the outputs of the perception system will be inputs of other

modules, e.g., system control. False or untimely detection results can negatively impact next-

step works. Different from the previous two chapters facing insufficient training data, this

chapter at least has sufficient training data to avoid overfitting. Nevertheless, the training

and testing data quality is not satisfactory. Chapter 5 has stated that both false and untimely

detections are unacceptable in the collision avoidance system. In that chapter, low accuracy

comes from the model not learning enough features from training data. This chapter faces

the problem rising of similar textures to the background and high data noise overwhelming

the target. Low SNR guides the model to learn more invaluable information from noise.
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Besides accuracy, detection efficiency matters since most relevant applications are on board

and require fast responses. Thus, an accurate and efficient pedestrian detection algorithm is

significant for improving pedestrian safety and mobility.

6.1.2 Application Scenario –Multispectral Pedestrian Detection

Nowadays, multiple sensing technologies have been applied for pedestrian detection, includ-

ing vision-based sensing89, LiDAR85, radar-based sensing271, wireless sensing119,226,227, etc.

Among existing sensing technologies, the vision-based method has been demonstrated to be

the most effective tool for pedestrian detection due to the affluent information and cost-

effective features123,26. On the algorithm side, there are tons of efforts to improve the accu-

racy and efficiency of pedestrian detection using video or image data293,5,101. According to

previous studies, one crucial factor limiting the detection performance is the environmental

illumination48,350,224. Thermal images are suitable to mitigate the negative impacts of low

illumination and are utilized as a complementary data source when RGB image quality de-

creases as illumination status drops93. Multispectral algorithms have been developed to fuse

thermal and RGB images automatically. However, several specific disadvantages exist in the

previous studies that considerably restrict the algorithm’s accuracy and efficiency. Most exist-

ing studies only consider the illumination factor in computing the fusion weights regarding

detection accuracy. Still, the temperature information extracted from thermal images is not

utilized, which is intuitively viewed as a significant factor for pedestrian detection under low

illumination conditions. Besides, previous studies do not optimize how to compute dynamic

fusion weights, which may cause higher detection errors in multiple implementation scenar-

ios. For the algorithm efficiency, even the existing neural network-based algorithms highly
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improved the detection accuracy – the accompanying additional computational complexity

impaired real-time performance. Since traffic sensing usually requires real-time processing,

inference speed is also a critical evaluation metric.

6.1.3 Contributions andOrganization

Motivated by the limitations of existing detection algorithms stated in Section 6.1.2, this

chapter concentrates on proposing an accurate and efficient multispectral detection algo-

rithm, especially for pedestrians in low-light conditions. Instead of directly concatenating

RGB and thermal images as the network input, this chapter dynamically fuses RGB and

thermal embeddings based on environment light and temperature information. Consider-

ing the potential implementation on edge devices and features of detected targets, the pro-

posed network reduces the default box number and is further optimized with deep learning

compression. The primary contributions of this chapter are summarized in the following five

points.

a) Advance a one-stage detection network IT-MN formultispectral pedestrian detection

in adverse conditions by fusingRGB and thermal images. This network has four high-

light features – one-stage basemodel, dynamic fusionweight computing, a late-fusion

strategy, and optimized default box generation. In the beginning, this chapter consid-

ers accuracy and efficiency equally important.

b) Design a CNN-based network FWN as a component of IT-MN dedicatedly for com-

puting fusion weights from RGB and thermal images. Pre-defined fusion weights,

generally the same value, consider an equal contribution from RGB and thermal im-

ages. This assumption simplifies themodel structure andmay not be real in every case.
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Thus, dynamically adjusting the fusionweightsmakesmore sense by online estimating

current environmental conditions.

c) Design an effective late-fusion strategy by utilizing all feature maps for feature extrac-

tion and fusion onmultiple scales to increase accuracy further. Benefit from separable

convolution, late-fusion is as efficient as possible. Earlier fusion may reduce the com-

puting complexity but lose more global features as the network goes deeper.

d) Optimize the default box generationby reducing theboxnumber and selecting specific

box aspect ratios. Based on empirical observations, the aspect ratio of target pedestri-

ans is always less than one, which implies that default boxeswith an aspect ratio greater

than 0 will not generate true predictions. This chapter drops these boxes to reduce

computing complexity.

e) Apply model quantization to reduce the model size and shorten the inference time,

especially for edge computing with weak computing power. Thanks to post-training

after quantization, this network is even faster and has a very close accuracy to its orig-

inal. It is the first time exploring deep learning compression in multispectral object

detection to our best knowledge.

The remainder of this chapter is organized as follows. Section 6.2 presents the proposed

IT-MN in detail. Firstly, Section 6.2.1 depicts the general framework of IT-MN. The base

model is SSD with two input data sources. These two towers do not share weights and have

their separate backpropagation flows. The fusion strategy is late fusion, indicating fusion

is conducted before classification and localization predictions. To fuse RGB and thermal

embeddings with dynamic fusion weights, this chapter designs a CNN-based network for
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computing fusion weights in Section 6.2.3. FWN considers the impacts of environmental

light and temperature on the fusionprocess. What’smore, Section 6.2.4 introduces one small

but effective improvement for inference speed by removing partial default boxes. Inspired by

the aspect ratio of pedestrians in the real world, default boxeswith an aspect ratio greater than

one are likely to contribute to final predictions. Section 6.3 shows the experiment results and

discusses the corresponding implications. The evaluationmetric isMR, defined in Equation

1.1. This experiment compares the proposed network with other state-of-the-art algorithms

in MR and inference speed and finds it exceeds them in accuracy and inference speed. The

plots of MR versus FPPI also demonstrate this conclusion. Besides, several ablation tests

are conducted to evaluate different modules and strategies, including late fusion, FWN, and

optimized default box generation. The experiment results show that all modifications are

meaningful in the multispectral pedestrian detection scenario.

6.2 Methodology

6.2.1 Multispectral DetectionModel Framework

Multispectral object detection can significantly improve detection accuracy in low light con-

ditions, which will benefit autonomous driving and intersection monitoring. Edge comput-

ing is the optimal solution for these applications, considering the processing latency. As dis-

cussed in previous chapters, edge devices are constrained by their computing power. The

running algorithm should be as efficient as possible. Thus, this chapter designs an efficient

and robust multispectral detection algorithm for all-day detection tasks. There are two pri-

mary keywords for this algorithm – one-stage and multispectral. This chapter builds the

proposed algorithm based on the representative one-stage model SSDwith two independent
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input branches. Since SSD is an anchor-based model, it requires default box generation to

offer dense possible candidate regions. The prediction head will regress these region coor-

dinates and classify them. The overall framework of the proposed multispectral detection

model IT-MN is shown in Figure 6.1. The inputs include a pair of well-aligned RGB and

thermal images. The outputs are target bounding boxes and labels. In Figure 6.1 and the

following figures, the abbreviation conv represents the convolutional layer. To be simplified,

activation and batch normalization layers are ignored.

Figure 6.1: IT‐MN Framework

The base model of IT-MN is D-SSD. The main difference between D-SSD and regular

SSD is that the former has two input branches of RGB and thermal images The backbone

of D-SSD refers to MobileNet, instead of VGG-16 and ResNet-50, by removing the last av-
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erage pooling and fully connected layers. According to Chapter 3, MobileNet can reduce

the parameter and operation number significantly because of the proposal of separable con-

volution. The computing complexity of MobileNet is only 1/8 of ResNet-50 and 1/39 of

VGG-16. In Figure 6.1, The fusion strategy is late fusion, and fusion weights wc and wl in

Figure 6.1 are computed through the FWN. wc refers to the weight to fuse the classification

score vector, andwl refers to the weight fusing localization coordinate vector. The fusion net

also shows in Figure 6.1, whose function is fusing featuremaps from two inputs using point-

wise addition. FWN calculates fusion weights based on RGB and thermal images, which

will be discussed in Section 6.2.3. FWN is applied to promote the detection accuracy under

various illumination and temperature conditions. The fusion net concatenates feature maps

extracted fromRGB and thermal images on six feature levels. After the fusion, the fused fea-

ture maps will get into the classification and regression layers. The detailed structure of the

fusion net will be described in Section 6.2.2. According to Figure 6.1, the bounding boxes

and classes prediction is conducted on six feature maps that are from conv0 to conv5 layers.

The feature map sizes are 38 × 38, 19 × 19, 10 × 10, 5 × 5, 3 × 3, and 1 × 1 respectively.

Each cell on selected feature maps will generate four default boxes as anchors. The coming

contents will introduce feature fusion, default box generation, and FWN in order.

6.2.2 Feature Fusion Design

Based on previous research, the late fusion has higher accuracy than the early fusion294,117.

Unlike the previous work, this chapter adopts a one-stage framework D-SSD using a two-

stage detection network that first generates region proposals and then regresses and classifies

each proposed region. Thus, the late fusion may not be the optimal strategy in the one-
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stage detection model. Therefore, it is necessary to evaluate different fusion strategies based

on the D-SSD skeleton. This chapter tries to find the appropriate fusion strategy and com-

pares three kinds of fusion strategies – early fusion, middle fusion, and late fusion. These

three frameworks are shown in Figure 6.2. The early fusion, shown in Figure 6.2a, concate-

nates original RGB and thermal images as the input for the detection network. The mid-

dle fusion, shown in Figure 6.2b, concatenate feature maps from two streams after passing

through conv3v/conv3t. The concatenation process applies Network in Network (NIN)179,

referenced from Daniel’s work158. The late fusion, in Figure 6.2c, does not concatenate fea-

ture maps directly during the feature extraction process. Instead, the fusion is conducted in

the process of target prediction. This chapter only plots convolutional layers from conv0 to

conv5 in Figure 6.2 to highlight the differences among these three strategies while omitting

other layers, e.g., ReLU and Batch Normalization.

Different from early fusion in Figure 6.2a, other fusion strategies, i.e., middle and late fu-

sion, will fuse latent features after passing through several convolutional layers. The differ-

ence between middle and late fusion is that middle fusion conducts the feature extraction

separately for two inputs in low feature levels before fusion. Late fusion performs separate

feature extractions for two inputs in all feature levels. From conv0 to conv3 in middle fusion

and conv0 to conv5 in late fusion, the fusion process on a pair of featuremaps at the same level

keeps the same. In Figure 6.3, xv and xt refer to feature maps from RGB and thermal inputs

respectively. y0 and y1 are outputs of feature fusion, which are also the input of prediction

heads. Cls refers to the object class number, andDn represents the default box number.

The fusion weights wc and wl computed by FWN, described in Section 6.2.3, are applied

to calculate the weighted sum of class scores and bounding box regression. wc is the weight to
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(a) Early Fusion (b)Middle Fusion

(c) Late Fusion

Figure 6.2: Frameworks of Fusion Strategies

fuse feature maps used for classification, and wl is the weight to merge feature maps used for

bounding box regression. The fusion operation is a pointwise addition. A 1× 1 convolution

operation follows theweighted sum for better fusion performance. Add an extra 1×1 convo-

lutionoperation is a general operation indeep learning aftermergingor concatenating feature

maps. As a result, the final fused results are computed through y0 = f0(wl · xv+(1−wl) · xt)

and y1 = f1(wc · xv+(1−wc) · xt), where f0 and f1 represent operations of conv0 and conv1 re-

spectively. ”Loc Prediction” is responsible for predicting the coordinates of bounding boxes.
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Figure 6.3: Framework of Localization and Classification Fusion

The values are relative coordinates to anchors instead of absolute coordinates. ”Class Predic-

tion” is responsible for predicting classification scores for each bounding box. The classifica-

tion prediction output will pass through a softmax operation to ensure all values are between

zero and one.

6.2.3 FusionWeight-ComputationNetwork

Previous works have considered and studied the impacts of illumination on detection perfor-

mance and thus designed IA network174,100. In most scenarios, computer vision models re-

ceiving RGB images perform better in a bright environment, while models receiving thermal

images work better in a dark background. Thus, researchers have designed the IA network to

estimate the illumination impacts using RGB images. In addition to illumination impacts,

the temperature will also affect the detection performance because the infrared cameras are

more sensitive to object radiation and temperature differences. When the environment tem-

perature is high, it becomes hard for infrared cameras to distinguish the background and

pedestrians based on texture because heat radiation from the background and target is sim-

ilar. The RGB input should occupy a more significant weight in the fusion process in this
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Figure 6.4: FWN Framework

situation. However, the IA network cannot analyze temperature impacts due to the input

type. It is necessary to introduce temperature awareness into the network. Therefore, this

chapter proposes the FWN to compute the fusion weights by considering the impacts of

both factors. According to Figure 6.1, FWN is a separate network, and its framework of

FWN is shown in Figure 6.4.

FWN is a simple CNNwith only six convolutional layers. In Figure 6.4, concatenate op-

eration is working on channel dimension. fc indicates the fully connected layer. Following

the same plotting rule in Figure 6.1, this figure also omits all ReLU and batch normalization

layers. The parameters of convolutional and fully connected layers in FWN, including in-

put channel number, output channel number, and kernel size, are shown in Table 6.1. The

pooling operation is max pooling with a downsampling factor of 2. A sigmoid function is

added to the end of the fc layer. The inputs of FWN are RGB and thermal images. The out-

put of FWN is synthesized illumination-temperature parameterswc andwl, which are fusion

weights for classification and localization, respectively. Considering FWN is also a trainable

network, this module does not need separate training, which indicates that the whole model
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Table 6.1: Network Parameters of FWN

Layers In Channel Out Channel Kernel Size
conv0 3 16 3
conv1 32 64 3
conv2 64 128 3
conv3 128 256 3
conv4 256 128 3
conv5 128 64 3
fc 64 2 -

can be trained end-to-end.

6.2.4 Default Box Generation

IT-MN is specifically designed for efficient multispectral pedestrian detection on edge de-

vices. This chapter reduces the number of default boxes to shorten the inference time because

the default box number is directly related to the computing complexity of the last prediction

layers. Anothermethod is reducing parameter precision usingmodel quantization following

the process described in Section 3.2.2. However, reducing the default box number will de-

crease the detection accuracy since proposing ROI relies on dense candidates. More default

boxes indicate a higher probability of covering target objects. Each grid on the feature map

will generate multiple default boxes with different aspect ratios and sizes. A default box set-

ting for IT-MN is shown in Figure 6.5, where L andW represent one default box’s length

and width respectively. The box aspect ratio ar is defined asW/L, including four different

values of 1, 2, 3, 1/2, 1/3. On a 4× 4 example feature map as Figure 6.5, the aspect ratios ap-

plied are 1, 2, and 1/2 and the total number is 4. The different box colors represent different

aspect ratios.

This chapter mainly focuses on pedestrian detection using onboard cameras. Based on
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Figure 6.5: Default Boxes for IT‐MN

statistics of pedestrian detection datasets, the mean aspect ratio of a person is less than one.

In addition, the aspect ratio of the original video frame is usually 16:9, while the input di-

mension of SSD requires a square size. After resizing the input shape to a square, the aspect

ratio of a person in the image will further decrease and becomes close to or less than one.

Figure 6.6 shows two sample images of the same scenario before and after the resizing, where

Figure 6.6a shows the image in the original size and Figure 6.6b shows the resized image.

(a) Sample of Original Dimension (b) Sample of Resized Dimension

Figure 6.6: Sample Pedestrian Images

Thus, those default boxes, whose aspect ratio is greater than one, will not significantly

contribute to final detection results because they will not be selected to predict targets. This

chapter does not consider those relatively useless boxes and eases the computing work in pre-
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diction. Based on this fact, the aspect ratios in IT-MN are 1, 1/2, 1/3. After setting aspect ra-

tios, the actual size of bounding boxes follows the original SSD. Suppose there arem feature

maps used for prediction, the box scale sk for kth feature map is computed using Equation

6.1, where smax and smin are set as 0.9 and 0.2 respectively. Thus, the length Lk and width

Wk of default boxes on the kth feature map are defined sk
√ar and sk/

√ar respectively. Since

the number of default boxes for each grid reduces to 4, the final prediction will only be con-

ducted on the remaining 66% candidate boxes, and the corresponding computing complexity

reduces by 33%.

sk = smin +
smax − smin

m− 1
(k− 1) (6.1)

6.3 Experiments

6.3.1 Experiment Setting

Experiments are conducted on the KAIST dataset126, published in 2015. The training and

testing images came from a pair of onboard RGB and thermal cameras. Compared to the

datasets collected by the camera at a fixed location, this dataset is more challenging since the

background and environment illumination change frequently. As a result, some effective

methods, such as background subtraction, are not suitable in this scenario. The images in the

KAIST dataset were captured at 20Hz with a resolution of 640× 512. Dataset creators have

completed image registration and alignment of RGB and thermal cameras. Thus, each pair

of RGB and thermal images have no perspective difference. All images contain over 100,000

dense annotations in total. There are six scenarios collected in this dataset: campus, road,

and downtown during daytime and nighttime. Each scenario has both training and testing
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sub-datasets, but the sample number of each scenario is insufficient. This chapter mixes all

scenarios for model training and testing. Considering that images are collected continuously

using an onboard camera system, the adjacent frames are similar. Furthermore, partial images

do not contain objects or have uncleared labels such as ”person?”. As suggested in previous

work173,351, the data sampling and cleaning are required to filter out most images not con-

taining any target object, leading to unbalanced data distribution and increasing prediction

bias. According to Chapter 4, data augmentation is necessary and applied to train the model

more efficiently, including random-sized cropping, horizontal flipping, and saturation ad-

justment. All input images are resized to 300× 300.

In this chapter, experiments were conducted on a PC equipped with the GPU of Nvidia

Titan XP. A Raspberry Pi 4 is used to evaluate model efficiency on the edge side. The IT-

MN’s backboneMobileNet v2 is pre-trained on ImageNet. The weights of additional layers

are randomly initialized with a uniform distribution. The batch size in the training stage is

8. Due to the limited GPUmemory, the model weights will update every four batches using

gradient accumulation with a step length of 4. As a result, the equivalent batch size becomes

32. In the testing stage, the batch size becomes 1 to mimic the image sequence in practice.

The optimizationmethod is Adam instead of stochastic gradient descent to speed up conver-

gence. The initial learning rate is 0.001 with a learning rate adjustment of a cosine annealing

schedule. The total training epoch number is 200. The focal loss is applied to improve the

training process, as the improvement of general cross-entropy loss. Its definition is shown in

Equation 5.3. The log-average MR is adopted as the accuracy evaluation metric to evaluate

the detection results. According to Section 1.2.3, MR reflects the missing object number

among all positive objects, which is more meaningful than the average precision in the trans-
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portation field since the missing detection may lead to serious transportation safety issues.

A predicted bounding box is a true positive when it matches a ground truth box with IoU

greater than 0.5. Since multiple bounding boxes will match a single ground truth, only the

box with the highest IoU will be the true positive. Unmatched predicting and ground truth

boxes are false positives and false negatives. The log-average MR is computed by averaging

MR at nine False Positives Per Image (FPPI) rates evenly spaced in a log space from 0.01 to

165. In addition, the inference speed is also a critical evaluation metric. Efficiency is vital

when applying these algorithms on the edge side.

Some positive samples of multispectral pedestrian detection using IT-MN are shown in

Figure 6.7, where green bounding boxesmark the detected pedestrians. The sample scenarios

include both day and night in road scenarios. Figure 6.7a and Figure 6.7b show the detection

results usingRGB and thermal images at day road scenario respectively. The detection results

at night road scenario are presented in Figure 6.7c and Figure 6.7d. Comparably, pedestrians

in RGB images have more texture information during the daytime. During the nighttime,

thermal images can recognize pedestrians more easily.

What’s more, some samples of false detection are shown in Figure 6.8 and Figure 6.9. Fig-

ure 6.8a and Figure 6.8b show false negative detections in campus scenario at both day and

nighttime, which are marked with yellow bounding boxes. It can be observed that the false

negative objects are almost at a small scale, where the texture information is scarce on all fea-

ture maps. One primary reason is the low input resolution. The downsampling factor of

the first layer for prediction is 16, which may lead to poor detection for small objects. The

pedestrian in Figure 6.9 projected to that feature map occupies 3 pixels. Figure 6.9a and Fig-

ure 6.9b show false positive detections in campus scenario at both day and nighttime, which
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(a) Day Road (RGB) (b) Day Road (Thermal)

(c) Night Road (RGB) (d) Night Road (Thermal)

Figure 6.7: True Positive Samples in Road Scenario

are marked with red bounding boxes. Objects with a similar texture to pedestrians may be

recognized as pedestrians in some cases.

(a) Day Campus (b) Night Campus

Figure 6.8: False Negative Samples in Road Scenario

The experiments are divided into the following sections. Section 6.3.2 compares the ac-

curacy of the proposed algorithm with the state-of-the-art models in terms of bothMR and
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(a) Day Campus (b) Night Campus

Figure 6.9: False Positive Samples in Campus Scenario

inference time. The log-log plots of MR against FPPI present the comparison results. To

show the improvement by fusing theRGB and thermal images with FWN, Section 6.3.3 and

Section 6.3.4 present the ablation tests using different inputs, fusion strategies, and aware-

ness networks. Section 6.3.5 shows the improvements by optimizing the default box genera-

tion by comparing the optimized and original settings. Compared to previous research, this

chapter also concentrates on the performance of the edge device. This chapter conducts all

speed-related tests on PC and Raspberry Pi 4 to evaluate its efficiency on the server and edge

platforms.

6.3.2 Evaluating Detection Accuracy of the Proposed IT-MN

In this section, the proposed algorithm is evaluated based on comparing state-of-the-art mul-

tispectral pedestrian detectionmethods in terms ofMR and inference time. The comparison

models are Late-Fusion SSD (L-SSD)117, CWF-CNN224, IATDNN100 and MLF-CNN49,

CS-RCNN351. Six scenarios in KAIST dataset are merged into three groups based on the

collection time – day, night, and all time. The comparison results of MR are shown in Table

6.2. Table 6.2 presents themeanMR in terms of all-day, daytime, and nighttime. Figure 6.10
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to Figure 6.12 plot MR versus FPPI.

In Table 6.2, the mean MR is computed. Comparing two SSD-based algorithms (L-SSD

and IT-MN), the proposed model reducesMR significantly from 43% to 16%, which proves

the necessity of applying the extra network to compute the fusion weights instead of fusing

feature maps with equal contribution. IT-MN has a much lower MR than other state-of-

the-art algorithms includingCWF-CNN, IATDNN, andMLF-CNN.ThemeanMRof IT-

MN is around 14%, and other algorithms have at least 10%higher than the proposed IT-MN.

Meanwhile, the quantized IT-MN, which is designed for the edge device, is also evaluated.

The only difference between the quantized and original IT-MN is the parameter precision

from 32-bit floating point to 8-bit integer precision. The quantized IT-MN is called “Q. IT-

MN” in the following part. Contributed by the post-training process in Chapter 3, the MR

of Q. IT-MN is only around 0.3% higher than IT-MN. In Figure 6.10 and following two

figures, the x-axis is the FPPI and the y-axis is MR. The range of FPPI is between 0.001 and

1.0using a log scale and themean value ofMR is computed in the range between0.01 and1.0.

According to the plots, the curve of IT-MN is lower than the curves of all other algorithms,

which indicates that IT-MNhas higher accuracywhenusing different thresholds of detection

confidence under all light conditions.

Table 6.2: Comparison of Mean MR in terms of All Day, Daytime and Nighttime

Time L-SSD CWF-CNN IATDNN MLF-CNN IT-MN Q. IT-MN
All Day 43.06% 31.36% 29.62% 25.65% 14.19% 14.55%
Day 50.73% 31.79% 30.30% 25.22% 14.30% 14.67%
Night 35.38% 30.82% 26.88% 26.60% 13.98% 14.29%

Besides the detection accuracy, the inference time is another critical evaluation metric.

This chapter compares the inference time of the proposed algorithm and other state-of-the-
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Figure 6.10: Comparison of Detection Accuracy (MR versus FPPI) in All Day

Figure 6.11: Comparison of Detection Accuracy (MR versus FPPI) in Daytime

art algorithms. To demonstrate the algorithm’s potential on an edge device, this chapter

conducts separate evaluations on PC with GPU and Raspberry Pi 4, popular open-source

hardware for edge computing. According to the comparison results presented in Table 6.3, it
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Figure 6.12: Comparison of Detection Accuracy (MR versus FPPI) in Nighttime

can be found that the inference time of IT-MN is impressive and at 33 FPSwhen usingGPU.

However, it is notable that L-SDD achieves the same inference time as the proposed IT-MN,

whose accuracy is much worse than IT-MN. Compared to other algorithms achieving simi-

lar MR, IT-MN is much faster than others. To be more specific, the proposed IT-MN is five

times faster than MLF-CNN when using GPU. Compared to IATDNN, the efficiency dif-

ference becomes incredibly eight times. When implementing these models on Raspberry Pi

4, their comparison results are similar to the GPU situation. The proposed IT-MN outper-

forms almost all other algorithms except for L-SDD.However, L-SSDhas amuch higherMR

than IT-MN. In addition, deep compression on the proposedmodel is one highlight for this

chapter. After quantizing the proposed IT-MN, the inference time increased significantly,

about two times faster than the non-quantized IT-MN. Furthermore, Q. IT-MN is around

seven-time faster than MLF-CNN and over ten times faster than IATDNN. The effective-

ness of deep learning compression is demonstrated again as stated in Chapter 3. In conclu-
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sion, the proposed IT-MN reaches 0.03 and 0.21 seconds per frame, respectively, when using

GPU and the Raspberry Pi 4. At the same time, other state-of-the-art algorithms take several

seconds to process one image pair. According to the inference time, experiments results in

Table 6.3 implies IT-MN can process dozens of image pairs using GPU. Even if running on

the Raspberry Pi 4, whose computing power is way more limited than GPU, IT-MN also

can process about five image pairs per second. The results indicate that the proposed IT-

MN inference time is short enough to achieve excellent real-time performance for detecting

pedestrians through a live video.

Table 6.3: Comparison of Inference Time on GPU and Raspberry Pi (Unit: FPS)

Devices L-SSD CWF-CNN IATDNN MLF-CNN IT-MN Q. IT-MN
GPU 33 2 4 7 33 -
Edge 2.6 0.2 0.4 0.6 2.5 5.0

6.3.3 Evaluating Fusion Strategies

Conventional algorithms always rely on RGB images and suffer from poor data quality in

low-light conditions. Thus, the multispectral fusion of RGB and thermal images can com-

pensate for this drawback. The proposed IT-MN relies on both RGB and thermal inputs. It

is essential to conduct ablation tests to evaluate the performance when applying multispec-

tral data. Hence, this part will explore the improvements using different data sources and

fusion strategies. The first experiment focuses on assessing the improvement after applying

the thermal images. Then, the second one compares the accuracy when adopting varying

fusion strategies.

Thermal images can providemore pedestrian feature information from persons’ radiation

when light conditions are poorwithout sufficient visible-light information. Themachine sys-
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tem can easily recognize pedestrians using thermal images in this situation. However, thermal

images are sensitive to both environment and pedestrian temperature. When the environ-

ment temperature is relatively, or pedestrians are distant from the camera, it becomes hard to

recognize only using thermal images. Compared with the night scenario, the temperature in

the daytime is higher, which indicates that other objects besides pedestrians are more notice-

able in thermal images. It thus increases the difficulty of distinguishing pedestrians from the

background. Therefore, the thermal image still has limitations and can improve detection

results under specific scenarios.

The first experiment evaluates how different input sources affect performance. Table 6.4

shows MR comparison results among three networks – SSD only using RGB images, SSD

only using thermal images, and IT-MN fusingRGB and thermal images. According toTable

6.4, SSDusingRGB images has lowerMRduring daytime and higherMRduring nighttime.

Considering that the pixel value of thermal images represents the heat received by the sensor,

a higher pixel value means higher temperature. Thus, comparing the average pixel value of

images from day and night can obtain the mean heat or temperature at different times. The

average pixel value of day thermal images is 73% higher than night images, indicating that the

daytime temperature is higher than at night. After synthesizing this information, thermal

images are more suitable for pedestrian detection in the condition of low temperature and

illumination. The RGB image can provide more detailed and reliable information when the

illumination is bright enough. The thermal image can improve MR performance at night.

Table 6.4 showsmultispectral fusion ismore effective than single data source becausemul-

tispectral fusion utilize more information. However, it may negatively impact MR during

daytime if thermal images are directly concatenated with RGB images as the input, equal to
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Table 6.4: Comparison of Different Data Sources

Data Sources MR (All Day) MR (Day) MR (Night)
RGB 41.27% 36.79% 46.22%
Thermal 40.73% 47.77% 32.29%
Fusion 14.19% 14.30% 13.98%

Table 6.5: Comparison of Different Fusion Strategies

Fusion Strategies MR (All Day) MR (Day) MR (Night)
Early Fusion 29.51% 29.82% 28.60%
Middle Fusion 24.77% 26.60% 22.33%
Late Fusion 14.19% 14.30% 13.98%

applying a fixed fusion weight. Therefore, the next experiment compares different fusion

strategies described in Section 6.2.2, including early fusion, middle fusion, and late fusion.

Table 6.5 shows the experiment results at different time in a day. The early fusion has the

highest MR, which indicates that directly stacking RGB and thermal images as one input

branch could not fully use thermal information. The late fusion strategy has much lower

MR than middle fusion and only has 14.19%MR on average, almost half of middle fusion.

It can be found that early fusion and middle fusion do not have much difference in accuracy

partially because they fuse two branches in shallow feature levels. Fusion at deeper feature

levels is more likely to generate better results. When comparing Table 6.4 and Table 6.5, even

early andmiddle fusion can exceed themodel using single data source, which further demon-

strate the effectiveness of multispectral fusion.

6.3.4 Evaluating Awareness Network

One main contribution of this chapter is proposing a novel FWN considering both illumi-

nation and temperature factors. This chapter compares four kinds of awareness networks
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– Network without Awareness Network (N-MN), Network with Illumination-Aware Net-

work (I-MN), Network with Temperature-Aware Network (T-MN), and the proposed IT-

MN. The fusion weight in N-MN is 0.5, which indicates that the final detection results are

calculated by averaging the outputs of RGB and thermal image data streams. The compar-

ison results of the four strategies show in Table 6.6. According to the results, both IA and

Temperature-Aware (TA) can effectively reduce MR. However, the decreasing scale of these

networks is different under different conditions. I-MNhas a lowerMR in the daytime, while

T-MN has a lower MR at nighttime. In general, the IA network has a lower MR on all sce-

narios than TA network, which indicates that the illumination factor is more apparent than

the temperature factor. After integrating IA and TA, IT-MN reducesMRby 20% compared

to N-MN.

Table 6.6: Comparison of Different Awareness Networks

Algorithms MR (All Day) MR (Day) MR (Night)
N-MN 35.28% 35.66% 34.30%
I-MN 27.93% 27.45% 28.70%
T-MN 29.65% 30.80% 27.61%
IT-MN 14.19% 14.30% 13.98%

To further demonstrate the contribution TA network to the detection accuracy, a set of

images are selected to test the performance of the algorithms in an environmentwith low illu-

mination and high temperature. The image pairs are collected, which meet the requirement

that the illumination is lower than the threshold Till and the temperature is higher than the

threshold Ttem. The illumination measurement is the sum of lightness channel pixel value

after transforming the RGB image into LAB color space. The temperature is measured by

computing the sum of pixel values from the thermal image. Two thresholds are set based on
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Table 6.7: Comparison of Different Awareness Networks under Specific Temperature

Algorithms N-MN I-MN T-MN IT-MN
MR (Night) 39.18% 33.37% 31.09% 20.29%

the average illuminance and temperature of all training and testing datasets. The experiment

results are shown in Table 6.7. According to the results, the network with TA performs bet-

ter in the selected image pairs than in the full KAIST dataset, where theMR drops by 5.63%

by integrating TA with N-MN in the complete KAIST data. In contrast, the MR drops by

8.09% in the selected image pairs. Furthermore, IT-MN has an outstanding performance in

both sets, whoseMR is at least 10% lower than other networks. Thus, this comparison result

verifies that the temperature factor can contribute more when the environment temperature

is high. As a result, FWN ismore beneficial for pedestrian detection in various environments

than single awareness networks, e.g., IA and TA networks.

6.3.5 Evaluating Performance of Default Box Optimization

Besides proposing FWN to compute the fusionweights, another framework improvement is

optimizing the default box generation by reducing the number of boxes andmodifying their

aspect ratios. This improvement focuses on the model efficiency for edge computing appli-

cations. According to Section 6.2.4, the total number of default box decreases by 33% from

8,732 to 5,820 compared to original SSD. Only boxes with an aspect ratio of less than one

remain for prediction. In general, denser default boxes indicate better coverage andhigher de-

tection accuracy. However, more boxes also imply higher computing complexity and lower

inference speed. This chapter considers the specific detection target and pedestrian aspect

ratio. The simplification in default box generation is expected to have almost no negative
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impact on detection accuracy while reducing inference time. The comparison results in Ta-

ble 6.8 match this expectation. Table 6.8 has two blocks. The upper block compares MR in

different light conditions. The lower block compares inference speed on the server and edge

platforms. In general, this optimization operation achieves a trade-off between accuracy and

speed. It can keep the accuracy at a high level while reducing inference time by over 25%.

Table 6.8: Comparison of Different Default Box Settings

Time Original Improved Q. Improved
MR (All Day) 14.01% 14.19% 14.55%
MR (Day) 14.10% 14.30% 14.67%
MR (Night) 13.87% 13.98% 14.29%
Devices
Speed (GPU) 25 FPS 33 FPS -
Speed (Edge) 1.7 FPS 2.5 FPS 5.0 FPS

This experiment is conducted in three scenarios: all-day, nighttime, and daytime. In the

upper block of Table 6.8, experiment results show that the network with the original default

box has a lower MR since more boxes can increase the probability of covering objects to be

detected. However, the original and improved settings have littleMR difference, and the gap

is around 0.2%. Comparing the third row with others, the quantized model has a slight MR

increase of less than0.5%. Thepractical applicationsmay even ignore this accuracydifference.

There is a more significant gap between these two settings when comparing the inference

speed. What ismore, IT-MNwith anoptimized setting is 25% faster than the original one and

reaches 33 FPS on 33 FPS on the GPU device and 2.5 FPS onRaspberry Pi 4. The quantized

one can be as fast as 5.0 FPS on the same edge device. Considering that the computing power

on the edge side is always limited, every effort to promote inference time is meaningful. In

conclusion, optimizing the default box generation improves the efficiency significantly while
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having slightly negative impacts on accuracy. The compression and post-training strategies

proposed in Chapter 3 have demonstrated to be effective.

6.4 Chapter Conclusion

Vision-based traffic sensing is required to work in different weather and light conditions,

including a dim environment. Thus, accurate and robust algorithms in such situations are

significant to traffic safety and efficiency. Conventional RGB cameras suffer from high noise

when the environment illumination is low. This chapter focuses on improving the system

performance when the data quality is poor in low-light conditions. Thus, an efficient and

accurate multispectral pedestrian detection algorithm, IT-MN, is proposed by considering

illumination and temperature factors. The base model of this algorithm is SSD with a late-

fusion strategy and additional FWN to compute the fusion weights. The default box genera-

tion reduces the proposed number to shorten the inference time. This chapter also discusses

applications of model compression and post-training targeting for edge computing applica-

tions. The optimization process follows steps in Chapter 3.

The experiment results show that the proposed IT-MN outperforms most state-of-the-

art models in accuracy and achieves a low MR at 14.19%. More importantly, the proposed

IT-MN can process an image pair every 0.03 seconds using GPU and 0.4 seconds on an edge

device without engineering optimization. Furthermore, its quantized version can reduce this

time by almost 50%. In conclusion, IT-MN has achieved excellent detection accuracy and

efficiency performance. Besides, the proposed algorithm has a great potential for real-time

pedestrian detection on edge devices. Future work will explore the domain adaption, which

can help bridge the gap between different domains176. Different weather will cause the do-
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main shift. Considering that it is impossible to collect and label training data under adverse

weather conditions, e.g., foggy and rainy days, domain adaptive object detection can be an

excellent option to improve the detection performance.
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7
Final Remarks

7.1 Summary and Contributions

Urbanization has become a global trend and brought great convenience to citizens by offer-

ing better overall facilities, more education opportunities, and better public transport. From

the transportation perspective, urbanization stimulates the upgrading and construction of

transportation facilities, including roadways and transit centers. Meanwhile, urbanization
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indirectly increases the daily travel distance because most office workers live far from their

workplaces to avoid high residence costs. As a result, growing travel demand for private and

public transportation tools leads to high traffic volume and severe congestion, especially in

busy metropolitan regions. Nowadays, traffic congestion is not limited to peak hours but al-

most the whole day in some cities. According to statistic data inChapter 1, traffic congestion

has wasted a surprising amount of cost and time for commuters and cities. Besides roadway

congestion, urbanization has createdmore crowd gathering scenarios, e.g., transit centers and

public activities. It is necessary tomonitor crowd safety effectively and avoid crowd disasters.

Conventional transportation systems heavily rely on manual operation, leading to slow re-

sponse to emergent events and suboptimal management plans. Benefitting from advanced

AI and IoT technologies, ITS has gradually replaced the conventional system and has be-

come an inseparable part of modern cities. Generally, ITS has four hierarchical components

– urban sensing, data analysis, data management, and service providing. This dissertation

focuses on urban sensing and data analysis as the knowledge basis of ITS. Various sensing

technologies have been applied for accurate and efficient traffic sensing. Compared with

other sensing technologies, vision-based traffic sensing has attracted the most attention and

achieved promising success in multiple applications, e.g., traffic flow counting and collision

avoidance. The advancement of computer vision and machine learning algorithms has fur-

ther boosted vision-based traffic sensing. As more sensors are deployed for different tasks in

ITS, machine learning algorithms have suffered new challenges. This dissertation works on

three representative challenges – high data volume for analysis, insufficient training data, and

poor data quality in adverse conditions. Therefore, the main research objective of this dis-

sertation is to develop efficient and robust machine learning methods for challenging traffic
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video sensing applications.

Chapter 3 concentrates on improving algorithm efficiency and distributing computing

tasks to edge devices to cope with the increased data volume. Urbanization increases the

monitoring scope of traffic sensors and brings a massive amount of data for analysis. Ex-

isting traffic sensing and data analysis frameworks adopt cloud computing structures and are

constrained by the central computing power and data transmission bandwidth. Thus, edge

computing and super-efficient algorithms are necessary to improve system latency, scalability,

and privacy. This chapter firstly designs an optimization pipeline to compress deep learning

models. The pipeline has two primary steps – model compression and post-training. This

chapter uses model quantization to reduce the model size and computing complexity. In the

post-training stage, this chapter applies knowledge distillation to compensate for the accu-

racy drop in the compression stage. This optimization pipeline is also a fundamental tool in

the remaining dissertation works. This chapter studies automated parking monitoring as an

application by deploying deep learning classification algorithms on an edge device tomonitor

real-time parking availability. A real-world dataset is collected and contains continuous video

clips instead of image sequences. What is more, this chapter innovatively implements a sim-

ulation to demonstrate that low algorithm efficiency will lead to high duration calculation

errors in a large-scale parking garage.

Although there ismassive trafficdata for analysis, themachine learning trainingdata is con-

trastively lacking. Supervised learning is the primary method for model training, requiring

data annotation as supervision. In practical applications, some categories always have fewer

training samples than others. Training models on imbalanced and insufficient datasets may

lead to high prediction bias and overfitting problems. The following two chapters, Chapter
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4 and Chapter 5, pay attention to the challenge of insufficient annotations in training data.

Though self-supervised learning can utilize unlabeled data, it requests much more comput-

ing power than supervised learning and carefully designed training strategies. These draw-

backs make it not suitable for transportation applications. This dissertation still works on

using existing labeled data formodel training. Chapter 4 proposes a simple but effective data

augmentation strategy, Zoom-Stitcher, to increase data variance, especially for tiny object de-

tection. This method randomly resizes and composes images from the existing dataset to as-

semble new input images. This chapter applies this data augmentation strategy in the crowd

monitoring task to improve the accuracy of crowd counting, group clustering, and motion

detection. In addition, this chapter also designs a multi-task crowd monitoring framework

for dense and sparse crowd conditions.

Traffic sensing may face some novel or rare objects with a super low appearance frequency

in the training dataset. Though data labeling may fundamentally solve this problem, it re-

quires extra time and budget, which may not work for short-term projects. Different from

the previous chapter that applies data augmentation to increase the sample number, Chap-

ter 5 tries to improve the detection accuracy of rare or novel traffic objects using few-shot

samples. Since few-shot object detection suffers the situation that some categories only have

minimal samples, the variance increased by data augmentation is still insufficient. In addi-

tion, small-scale and large-scale objects in Chapter 4 have similar textures, and data augmen-

tation can rescale objects to increase datasets. In ITS applications, there are always newly

appearing or rare objects. In the self-driving system, failing to detect these objects may cause

severe traffic crashes. This chapter applies a two-step few-shot training strategy and designs a

one-stage detectionmodel. One contribution is introducing the few-shot object detection to
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ITS to improve traffic safety. The few-shot training strategy implements the cosine similarity

to learn features from limited samples and utilize prior knowledge from base categories. This

chapter also explores how intra-class variance affects detection accuracy, providing guidelines

for data annotation works.

Besides high data volume for analysis and insufficient training data, traffic sensing appli-

cations’ data quality in adverse conditions is also a concern. Traffic sensing must operate

under different weather and light conditions, e.g., the nighttime or in the tunnel, where traf-

fic crashes are more likely to occur. Detecting objects in such conditions becomes significant

for traffic safety. Conventional traffic video sensing algorithms using RGB images face prob-

lems of lacking texture information and much noise. Sensor fusion is a quick and effective

solution to this challenge by combining RGB cameras and other sensors. Chapter 6 adopts

the infrared camera as the assistant sensor instead of LiDARbecause ofmature 2D computer

vision algorithms and high hardware cost for the LiDAR system. This chapter thus proposes

amultispectral object detection network for onboard pedestrian detection. This network in-

troduces the dynamic fusion weight to adapt to different light and temperature conditions.

Additionally, model efficiency is considered at the beginning of this model design because it

targets to operate on edge platforms, e.g., autonomous vehicles.

In conclusion, this dissertation concentrates on proposing efficient and robust machine

learning methods and works on several challenging traffic sensing applications. Inspired by

the growing traffic analysis demand, this dissertation develops algorithms on edge devices and

simultaneously optimizes the accuracy and efficiency of the traffic video sensing system. This

dissertation selects four representative application scenarios, e.g., parking monitoring and

collision avoidance, to evaluate the proposed algorithms. The experiment results are promis-
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ing and display the highest accuracy in multiple downstream tasks compared to state-of-the-

art algorithms. Besides, after passing through the proposed optimization pipeline, these pro-

posed computer vision algorithms achieve a much higher inference speed while maintaining

accuracy.

7.2 FutureWorks

This dissertation provides several generalized pipelines and methods which can transfer to

other transportation applications beyond vision-based traffic sensing. Meanwhile, this dis-

sertation has made remarkable progress in improving the efficiency and robustness of vision-

based traffic sensing algorithms. The achievements build a solid foundation for futureworks.

This section summarizes the next-step works mentioned in the previous chapters from the

methodology and application perspectives. Edge computing is a promising research field for

ITS applications. Asmore powerful edge devices, e.g., Nvidia JetsonNano andNvidia AGX

Orin, are released, these devices can accommodate largermodels formulti-tasking jobs. Deep

learning compression strategies, e.g., model pruning, low-rank approximation, and neural

architecture search, can be explored and optimized to improve system performance under

high traffic data volume conditions. Besides general compression technologies, research on

hardware-based operator optimization is necessary for more profound acceleration. Data

insufficiency is an unavoidable challenge, so FSL or even zero-shot learning has excellent po-

tential when lacking annotated training samples. Thesemethods can utilize prior knowledge

to improve the training process. However, it is still essential to annotate more uncommon

or novel categories for the long-term goal. Besides, FSL and zero-shot learning can also en-

hance data annotation services, which traditionally depend on purely human labeling and
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are relatively inefficient.

There are also more additional works from the application perspective. Chapter 4 designs

a multi-tasking crowd monitoring framework, including crowd counting, group clustering,

andmotion detection. After obtaining the current crowdmotion status, the next step is mo-

tion prediction, inspired by research works in multi-agent motion prediction31 to assess and

predict the crowd safety level. Considering traffic sensing in adverse conditions is complex,

sensor fusion can make up for drawbacks when deploying a single kind of sensor. This dis-

sertation studies the fusion of RGB and infrared cameras and achieves an impressively low

MR. As the price of LiDAR keeps dropping, the large-scale deployment of LiDAR becomes

possible. LiDAR can provide depth information compared to cameras and contribute to 3D

scene reconstruction.
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