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Abstract

The rapid advancement of intelligent traffic sensing and communication technologies has

introduced a new era of transportation data, offering unprecedented opportunities to predict

andmanage urban traffic. However, traditional statistical and basicmachine learningmodels

are often inadequate in forecasting network-wide traffic states, hampered by the time-varying

nature of traffic patterns and the complex geographical relationships on road networks. To

compound this challenge, unexpected events like the COVID-19 pandemic have drastically

altered traffic patterns, making it harder for transportation agencies to learn representative

patterns from historical data. The above underscores the critical need for more advanced

models that can adapt to changing conditions and deliver reliable predictions.

Building on this pressing issue, the goal of this dissertation is to develop advanced deep

learning models in both methodological and practical ways to improve traffic forecast-

ing accuracy under non-stationary circumstances. This dissertation aims to accomplish

the goal in six parallel perspectives. Firstly, a model with the capability of capturing pat-

terns from both short- and long-term traffic states should be developed to accommodate un-

expected interventions. Secondly, a workflow with customized data processing and analysis
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components should be designed for extracting other meaningful auxiliary information that

could improve the robustness of relative long-term traffic forecasting, such as social media

features. These features can then be integrated with traffic data and fed into a model with

long-term prediction capability to enhance the robustness and accuracy of network-wide

prolonged traffic forecasting. Thirdly, a model able to learn new traffic patterns without

forgetting previous knowledge under continuously changing traffic conditions should be

created to demonstrate how to tackle the Plasticity-stability dilemma, especially under non-

stationary traffic conditions. Fourthly, a novel unified framework with multi-contrastive

learning should be developed to improve the robustness of spatial-temporal traffic forecast-

ing, which has a great potential to effectively handle complex and noisy data and learn fine-

grained representations suitable for traffic forecasting. Fifthly, a real-time interactive applica-

tion should be implemented to evaluate live traffic updates and predict future traffic states,

enabling drivers to plan their routes more efficiently and reduce congestion on the roads.

Lastly, a benchmark should be provided for researchers to expedite researchers to uncover

more informative patterns from non-stationary data and evaluate the resilience of models in

the transportation industry.

This dissertation conducts in-depth research and applications on several key technologies

and steps required forbuildingmore adaptive and robust architectures. Theywill address sev-

eral critical transportation necessities and provide tangible benefits for traffic management

and optimization. Specifically, the contributions can be divided into six perspectives: 1)

proposing a Multivariate Dual Long Short-termMemory model. It considers short- and

long-term traffic patterns and spatial and temporal features for network-wide traffic forecast-

ing under interference. 2) Learning social media features in a Natural Language Process-
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ing (NLP)-joined social-aware framework to overcome the ignorance of cultural impacts

and boost robustness under unexpected interventions in prediction tasks. 3) Designing an

incremental learning framework to solve catastrophic forgetting issues to build a more ro-

bust architecture given continuously changing trafficpatterns. 4)Developing an innovative

unified model with multi-contrastive learning and traffic representation learning to

mitigate the challenges of handling complex and noisy traffic data, enabling improved spatial-

temporal traffic forecasting capabilities. From a practical standpoint, the contributions are

5) implementing a real-time traffic performance measuring platform to assess current

traffic conditions and forecast future network-wide traffic states. 6) Releasing benchmarks

and a non-stationary traffic dataset to encourage further research into developing power-

ful algorithms that can adapt to fluctuating traffic conditions.

In conclusion, our research highlights the need for advanced deep-learning models to im-

prove the accuracy and adaptability of traffic forecastingundernon-stationary circumstances.

The proposed techniques provide promising solutions to overcome traditional modeling

challenges and offer practical applications for real-time traffic management. With contin-

ued research and development in this field, we can pave the way for smarter, more efficient,

and sustainable urban transportation systems.
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Foundations and Context
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1
Introduction

1.1 Background

1.1.1 UnderstandingIntelligentTransportationSystemforUrbanMobil-

ity

Urbanmobility is essential formaintaining the efficiency ofmetro regions, promoting popu-

lation growth by enabling citizens to access services in a timely and efficient manner, includ-
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ing housing and commuting107. According to a report from the University of Michigan’s

Center for Sustainable Systems25, it is projected that 89% of Americans will reside in urban

areas by 2050. As the population grows, significant challenges arise for public urban trans-

portation networks, such as traffic congestion and increased demand for public transporta-

tion120,135. These issues significantly impact traditional urban mobility and may drive the

adoption of new forms of transportation. Several flexible advances in urban mobility, such

as Demand-responsive Transit (DRT)2,44,132,183,207, have the potential to transform conven-

tional urban mobility by delivering on-demand transport services. This trend highlights the

need for continuous upgrades of urban mobility to keep pace with population growth. The

World Bank Group, therefore, asserts that ”Urban mobility is no longer just about moving

people around by motorized vehicles. What people really need is accessibility to various urban

services.” 53

As the transportation industry grapples with these complex challenges, there has been an

increasing focus on strengthening transportation infrastructure. In the past decade, govern-

ments around the world have shown strong interest in researching and investing in solutions

that enhance traffic management and benefit both private and public transportation73,19,148.

As one of themost critical applications of the Industrial Internet ofThings (IIoT), Intelligent

Transportation Systems (ITS) has emerged as a solution for reducing urban mobility issues

and improving the operation of urban transit from an information standpoint171,179,136. In

fact, the concept of ITS is not new, but it has gained increased popularity in recent years. Im-

plementing ITS has become essential as the transportation industry faces more severe chal-

lenges, and for a good reason – it delivers undeniable benefits to both transport operators

and passengers, including efficiency and safety172.
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The remarkable increase in the volumeanddiversity of transportationdata available through

ITS can be attributed to the prompt adoption ofmodern traffic sensing and communication

technologies. This proliferation of newly collected data has the potential to advance research

and applications related to urban transportation and smart cities, including traffic control,

autonomous driving, and smart city infrastructure. Traffic forecasting, as a crucial aspect of

ITS18, has also take the advantage of newly collected data and with the potential to improve

roadway capacity and alleviate congestion32. With real-time information on traffic condi-

tions, drivers can avoid getting stuck in traffic and estimate the time savings that could be

achieved by taking alternative routes. Many road operating agencies have recognized this sit-

uation andhave actively engaged in this field. For instance, theWashingtonStateDepartment

of Transportation (WSDOT) releases holiday travel forecasts, including the best and worst

times to travel, allowing drivers to plan ahead and avoid severe congestion205. Additionally,

the National Cooperative Highway Research Program (NCHRP) has funded projects that

utilize data gathered by ITS to enhance the precision, dependability, and usefulness of traffic

predictions for highway planning49. As exemplified by such practices, traffic forecasting plays

an essential role in ITS andmotivates transportation agencies to adopt sustainable policies in

building smarter cities.

The next question is how to effectively analyze transportation big data and utilize comput-

ing resources. According to the usage of computing resources over time, as depicted in Figure

1.1 presented byOpenAI, a non-profit Artificial Intelligence (AI) research company, two dis-

tinct phases in the progress of AI systems can be identified9: the First Era and the Modern

Era. The modern Era, beginning in 2012, demonstrates that using computing power signif-

icantly outperforms macro trends of the past half-century. The history of investment in AI
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computing resources is described as a period of rapid growth, during which the number of

researchers participating in this field has significantly increased. A key challenge now is to

effectively consume the large quantities of data collected by the widespread deployment of

traffic sensors and utilize them in powerful computing machines to learn traffic patterns.

Figure 1.1: Two Distinct Eras Of Compute Usage In Training AI Systems9

1.1.2 Data-driven Approaches of Traffic Forecasting

Data-driven traffic forecasting, which is essential for planning and logistics, has long been

a popular topic within the transportation community142,235,216. Given the large volume of

transportation data and the rapid increase in computing capabilities in recent years, several

unique data-driven approaches have been developed to address this real-world matter. Ac-
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cording to numerous reviews of data-driven traffic forecasting123,201,100, these algorithms can

be classified into two categories: classical techniques and Artificial Neural Networks (ANN)

viewpoints.

Classical techniques for traffic forecasting include models based on traffic process theory,

such as state space modeling251,150, Kalman filter modeling250, and Origin-destination (OD)

flow estimation1. These techniques aim to model different components of transportation

data, including seasonal variations, explanatory variables, and interventions, and incorporate

them into a traffic predictionmodel. For example, in the state spacemodel175, the state space

vector is composed of a linearly independent collection of linear combinations from the past

that is associated with future traffic states99,168. OD-based approaches46 attempt to estimate

traffic demand from target regions by using optimization techniques to minimize the differ-

ence between measured and estimated OD link flows. In addition to these techniques, the

Autoregressive IntegratedMoving Average (ARIMA)model class105,155,208 is also commonly

used in traffic forecasting. These models capture a variety of common temporal features in

time series data and employ differencing approach6, which is a widely used data transform

method for making time series data stationary, to stabilize the mean of the traffic time series

data by removing changes in the level of the time series and eliminating trend and seasonal-

ity. To anticipate future traffic conditions, models209 employ auto correlations and moving

averages over residual errors in the data.

While classical algorithms have been widely used for short-term traffic forecasting due to

their high accuracy and relatively low computational requirements, these algorithms have

particular limitations that may impact their effectiveness in real-world scenarios. For exam-

ple, they often generate a large number of hypotheses and impose strict constraints onmodel
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development, which can limit their flexibility and adaptability201. In addition, these algo-

rithms may be prone to failure when the forecasting data is incomplete or partially missing,

which is a common occurrence in traffic forecasting108,240. To address the limitations of clas-

sical algorithms in traffic flow forecasting, Machine Learning (ML)-based models have been

proposed as alternative approaches. These models, such as Bayesian-based models178,56 and

tree-based models102,238, are designed to account for the complex and non-linear nature of

traffic patterns and assess traffic flows between upstream and downstream road connectiv-

ity. Additionally, ML-based models have the ability to handle missing or incomplete data,

making themmore robust and reliable in real-world scenarios.

One trendy class of ML-based models for traffic forecasting is ANN-based algorithms,

also known as Deep Learning (DL)-based algorithms. These algorithms build artificial neu-

ral networks by layering algorithms and processing neurons, and have been extensively used

in the transportation field in recent decades due to their ability to effectively capture and

analyze temporal patterns in sequential data97,231,149. Recurrent Neural Network (RNN)s,

a subgroup of DL-based approaches, are particularly well-known for their ability to ana-

lyze sequential tasks, such as traffic forecasting, using internal memory units37,162,110. How-

ever, RNNs may struggle with the issue of vanishing gradients, which can make learning

from lengthy data sequences difficult74,153. To address this problem, Long Short-termMem-

ory (LSTM) models have been proposed75,245. These models have inbuilt gate mechanisms

that can control the flow of information and determine which data in a sequence should be

kept or ignored to overcome the gradient vanishing issue. As a result, many studies in the

past decade have used a wide variety of LSTM-based techniques, including Gated Recurrent

Units (GRU)34, to learn a time-dependent sequence with the loop structure124,39. Overall,
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the use of ANN-based algorithms, particularly LSTM-based techniques, has emerged as a

promising approach for improving the accuracy of traffic flow forecasting in real-world sce-

narios.

In addition toANN-based algorithms, the ability ofConvolutionalNeuralNetwork (CNN)

to effectively extract meaningful representations and learn temporal patterns has garnered

significant interest in the transportation field for capturing spatial dependencies in traffic

networks122. In order to understand the spatial-temporal dependence for traffic flow fore-

casting, some researchers have applied CNNs to learn traffic patterns as 2D spatial images

and stacked them with LSTM components to learn temporal information separately213,15.

Some studies have even identified traffic networks as graphs with a combination of nodes

and edges to extract influential patterns from roadway connectivity with various topologi-

cal structures89. A significant number of Graph Neural Network (GNN)-based algorithms,

including the widely developed Graph Convolutional Network (GCN) model, have been

designed to achieve improved forecasting performance252,224. However, the question arises:

how can longer sequences of traffic data be effectively processed while maintaining outstand-

ing performance?

To address this challenge, the concept of attention mechanism has been introduced to

the transportation field to tackle traffic forecasting tasks with complex and long sequences

of time-series data20,212. The attention mechanism, first introduced in the Transformer ar-

chitecture by Google in 2017196, utilizes self-attention to help memorize long sequences and

achieve more outstanding performance. Attention mechanisms allow for dependencies be-

tween source and target sequences to be established beyond the in-between distance, by con-

structing a representation from the current vector and the entire source input, rather than
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just the most recent hidden state. This idea has been particularly successful in the field of

Natural Language Processing (NLP) and has the potential to bring similar benefits to trans-

portation.

Despite the success of diverse approaches in traffic forecasting, the COVID-19 pandemic

and other unforeseen events have significantly impacted existingmethods unexpectedly41,188.

The instability of social circumstances has made it even more challenging to reflect current

traffic patterns accurately. In order to accommodate these fluctuating patterns, we have

both designed advanced Deep Neural Network (DNN) models and incorporated meaning-

ful auxiliary features to improve the robustness of our models in this research. Addition-

ally, this dissertation investigates representation learning through incremental strategies and

self-supervised learning to increase the generalizability of our proposed algorithms for traffic

forecasting tasks.

1.2 Challenges

According to recent surveys on traffic forecasting143,100,129, it has been observed that DNN

techniques have been widely utilized in the field of traffic forecasting for the past decade,

as demonstrated in Figure ??. While a significant amount of research has sought to apply

novel DL-based strategies to this task, there remain substantial challenges in the analysis of

non-stationary traffic data and the implementation of approaches for real-world scenarios94.

This dissertation aims to address these challenges from three main perspectives: (1) data; (2)

model; and (3) application.
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Figure 1.2: Milestones In The History Of DL‐Based Short‐Term Traffic Forecasting: Publications
Ordered According To Their Publication Date. Horizontal Red Bars Denote The Number Of Works

Published Every Year Concerning This Topic129
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1.2.1 Data: Traffic States Under Unanticipated Events Happened

TheCOVID-19 pandemic has necessitated the implementation of work-from-home policies

and travel restrictions to curb the spread of the virus. While these measures have effectively

curtailed transmission, they have also significantly disrupted traditional traffic patterns, re-

sulting in significant reductions in travel time and VehicleMiles Traveled (VMT) as depicted

in Figure 1.341. In response, numerous studies have been conducted to investigate the impact

of COVID-19 on transportation. Organizations such as INRIX 84, TomTom, Google58, and

Mapbox 72 have also provided data and tools for COVID-19-related research. The majority

of this research has focused on fluctuating traffic volume or VMT. Daniel134 demonstrates

how non-stationary traffic data can be used to inform policy decisions by visualizing resid-

ual mobility alongside new cases of COVID-19, based on data from TomTom. This work

suggests that traffic data can serve as a helpful policy measure due to its temporal and spatial

attributes. Another report130 examining the impact of the COVID-19 lockdown on mobil-

ity shows that the top ten cities with the highest traffic reductions worldwide all experienced

reductions of over 80%. Shi & Fang 169 also examined the time-lagged effect between out-

bound traffic fromWuhan, China, and the status of the COVID-19 pandemic.

In addition to COVID-19, the Black LivesMatter (BLM) events also had a significant im-

pact on traffic patterns10. Figure 1.4188 demonstrates that the traffic pattern on June 3rd,

2020 (Wednesday) in Downtown Seattle was significantly different from the same weekday

in the two subsequent weeks (June 10th, 2020 and June 17th, 2020). This deviation can be

attributed to BLM and Defund Seattle Police rallies that took place in the Downtown and

Capitol Hill neighborhoods of Seattle on June 3rd, 2020. Similar situations were observed

in various regions across the United States, including in New York City, as reported by CBS
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Figure 1.3: Daily VMT Changes On Weekdays41

News24. The implementation of additional road traffic controls in and around these neigh-

borhoods likely contributed to the observed differences in traffic patterns.

To sumup, the unexpected eventsmentioned above have presented challenges fromdiffer-

ent perspectives for transportation planners and agencies due to the resulting fluctuations in

traffic patterns. In such a dynamic environment, it can be difficult for transportation agen-

Figure 1.4: Difference Of Traffic Performance At Downtown Seattle In Three Weeks188
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cies to learn representative traffic patterns from short-term historical data. The constantly

changing circumstances also make it challenging to accurately forecast traffic conditions.

1.2.2 Model: Hurdles of Existing Traffic Forecasting Approaches

There are several apparent hurdles in the existing traffic forecasting modeling. First, how

to extract meaningful representation from fluctuating traffic data? Existing studies applied

a variety of LSTM-based models for traffic forecasting tasks221,119. However, most of the

algorithms were applied to relatively stable conditions without considering dramatically un-

expected events in the real world that can directly affect the statistical distribution of the

experimental data. Even though AI techniques with the capability of learning complicated

data structures, it is difficult for them to perform consistently under unstable circumstances

if they only rely on short-term historical trends176. Furthermore, traffic forecasting tasks

are often recognized as supervised learning questions by training models to fulfill a specific

target, such as minimizing errors. For better pattern extraction, representation learning has

shown outstanding performance in Computer Vision (CV)160,57,71 andNLP233,78,161, which

can be combined with a following fine-tuning procedure to construct a promising paradigm

for acquiring more representative information.

Second, existingDNNalgorithms have been responsible for a number of significant break-

throughs in a wide variety of sectors. Yet, they have still afflicted withCatastrophic Forgetting

concerns93. During the fine-tuning, the parameters of the trained neurons will be altered

to meet the present target, which is to reduce the loss of the designed loss function. This

process may lead to a different gradient direction, which is a critical reason for catastrophic

forgetting219. Therefore, the idea of the ”Stability-Plasticity Trade-off” is arisen to strike a
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compromise between the adaptability of accumulating new information and the steadiness

of integrating what models have previously learned43. Incremental learning algorithms have

recently become one of the most prominent approaches to the stability-plasticity trade-off

dilemma. However, most of them focused more on handwriting recognition145 and other

CV topics47,117. There is still a significant knowledge gap when it comes to applying incre-

mental learning algorithms to regression problems, such as traffic forecasting tasks in the

transportation field.

Third, the majority of the existing research on traffic forecasting concentrates on short-

term forecasting104. The forecast periods are restricted to one hour or below143. Even though

short-term traffic forecasting is essential for urban traffic signal control, relatively long-term

traffic forecasting can be advantageous to the general public for trip planning in advance. It

may also support the government or agencies in decision-making to further focus funding

on particular roads and intersections to improve traffic conditions. However, a significant

challenge for long-term forecasting is enhancing its ability to learn and adapt to meet the

increasing demand for longer sequences. To fill the gap in accurate long-term traffic forecast-

ing, we should investigate those models designed to represent long-range dependence accu-

rately211,249. Furthermore, other valid auxiliary data, such as social media data, is worth ex-

ploring to extract valuable semantic information to enhance performance in long-term fore-

casting156,51.

1.2.3 Application: Limitation of Fixed Online PredictionWorkflow

Existing research or applications on traffic prediction focusmore on building intricateDNN

structures to increase the prediction accuracy, despite the fact that such improvements are, in
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most instances, relatively modest. However, in real-world scenarios, the traffic pattern may

undergo significant changes over time, and a static model may not be able to account for

various traffic patterns186. The traffic pattern may switch up once a month or even weekly,

especially during the COVID-19 epidemic. Only a limited amount of research has tried to

provide solutions to the challenge of the online traffic prediction problem. Few proposed

models have been implemented and tested in real-world settings. Therefore, instead of de-

signing a complicated DNN model, an online learning strategy is worth exploring to peri-

odically update the prediction model to react to severe changes in traffic patterns and even

obtain better prediction results.

1.3 ResearchObjectives

Motivated by the urgent need for robust algorithms for traffic forecasting in ITS and the

above-mentioned challenges from the existing DL implementation, this dissertation aims to

address this problem by focusing on learning traffic patterns while accounting for interven-

tions, as well as handling noisy and incomplete data. Through the design of end-to-end pre-

diction frameworks, which train complex learning systems represented by a single model,

and representation learning approaches, as well as the construction of online learning strate-

gies, this work focuses on developing algorithms that can effectively handle fluctuating traffic

conditions practically and comprehensively. By achieving these objectives, this dissertation

has the potential to not only provide advanced DNNmodels for network-wide traffic fore-

casting, but also to contribute valuable datasets and interactive platforms that could inspire

further research into the development of robust algorithms capable of adapting to changing

traffic conditions.
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In summary, the research objectives of this dissertation can be divided into three perspec-

tives:

a) Develop robust DL methods to extract non-stationary characteristics from network-

wide spatial-temporal traffic patterns and perform promising accuracy in both short

and long-term forecasting tasks.

b) Design representation learning-based approaches to accommodate continuously chang-

ing traffic patterns without catastrophic forgetting and extract more generalized rep-

resentations from traffic networks using multi-contrastive learning techniques.

c) Release a well-organized open-source traffic dataset covering the pandemic period. It

could become a standardized benchmark to evaluate model robustness in the trans-

portation field. Besides, a real-time traffic performance measuring tool for assessing

existing traffic forecasting models and predicting future traffic states is offered, which

puts the network-wide traffic forecasting models into practice.

1.4 Dissertation Organization

This dissertation concentrates on advanced DNN algorithms and application for accommo-

dating network-wide non-stationary traffic patterns. Existing approaches and challenges are

comprehensively summarized, which brings up opportunities of designing robust and gen-

eralizedmodels to learn fluctuating time-series traffic data. The contributions and the disser-

tation organization for the following chapters are shown in Figure 1.5.

Part 1: Foundations and Context.
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Figure 1.5: Dissertation Organization And Contribution
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The first part of this dissertation provides the foundations and context for this disserta-

tion. Chapter 1 sets the beginning of providing background information, identifying ex-

isting challenges, and presenting the objectives of this dissertation. Chapter 2 surveys the

state of the art in traffic forecasting by examining classical and deep learning methods, non-

stationary traffic flow learning, and data pattern extraction with representation learning.

Part 2: Prediction with End-to-end Frameworks. The second part of this dissertation

presents two novel end-to-end prediction frameworks for handling non-stationary traffic

patterns during unexpected events, such as the COVID-19 pandemic. The term End-to-

end Structure encompasses the concept of training a complex learning system using a single

model. The implementation of work-from-home policies and travel restrictions during the

COVID-19 pandemic has effectively slowed the spread of the virus. Still, it has also caused

significant disruptions to traditional traffic patterns regarding reductions in travel time and

vehicle miles traveled. These fluctuations in traffic patterns have posed significant challenges

for transportation agencies and planners, as it can be difficult to accurately forecast traffic

patterns using short-term historical data solely in such a dynamic environment. In response,

we propose aMultivariateDual Long Short-TermMemory (MDLSTM)model for network-

wide traffic forecasting under interference inChapter 3. Thismodel is designed to overcome

the limitations of traditional forecasting approaches and effectively learn non-stationary traf-

fic patterns in both short- and long-term scenarios.

In addition, existing work on traffic forecasting has focused mainly on short-term predic-

tion (e.g., under 1 hour) and has primarily relied on historical traffic patterns. To expand

the forecasting horizon and provide a more comprehensive approach to traffic forecasting,

in Chapter 4, we present Traffic-Twitter Transformer, a flexible framework for predicting
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physical-aware, long-term traffic conditions for network users and transportation agencies.

This framework employs a unique combination of traffic and Twitter representations to en-

hance forecasting performance and improve robustness. To validate the effectiveness of this

approach, we conducted a detailed correlation study to evaluate the relationship between

these two time-series data sets. The study demonstrates the significant impact of combining

these datasets on forecasting performance, ultimately resulting in more accurate predictions

of long-term traffic conditions.

Part 3: Prediction with Representation Learning. The third part of this dissertation

aims to explore a new perspective on forecasting by using representation learning to acquire

more generic characteristics in traffic patterns. In Chapter 5, we address two key issues fac-

ing transportation agencies: (1) the challenge of learning representative traffic patterns given

constantly changing traffic conditions, and (2) the need to determine when and how to up-

date the forecasting model to learn new patterns without forgetting previous tasks. To ad-

dress these issues, we propose an incremental learning-based framework for non-stationary

data clustering and forecasting in transportation scenarios. This framework has the poten-

tial to assist government agencies and the general public in developing long-term policies and

strategies for addressing changing traffic conditions.

Besides, to overcome the challenges posed by complex and noisy traffic data and learn fine-

grained representations suitable for traffic forecasting, we propose a novel unified framework

for multi-contrastive learning in spatial-temporal traffic forecasting in Chapter 6. The pro-

posed framework leverages multi-scale contextual information at different granularities to

enhance the robustness and generalizability of trafficpattern learning. Specifically, the frame-

work is designed to handle noisy and incomplete data, adapt to non-stationary conditions,

19



and learn more generalized representations. Our approach enhances the accuracy and ro-

bustness of traffic forecasting models.

Part 4: Applications and Open-source Dataset. The fourth part of this dissertation fo-

cuses on the practical perspective of traffic forecasting. InChapter 7, we present an interac-

tive platform that incorporatesmultiple parameters formeasuring traffic states in both urban

and freeway network-wide traffic conditions, referred to as Traffic Performance Score (TPS).

To address the challenges of network-wide online traffic prediction under fluctuating pat-

terns, we propose a multi-step Sequence-to-Sequence (Seq2Seq)-basedmodel with an online

training and updating strategy for predicting network-wide traffic performance in real-time,

similar to a weather forecast.

Moreover, we release the TRBAI Open Data Challenge Platform in Chapter 8 with an

open-source non-stationary traffic dataset and provide tutorials/benchmarks to guide re-

searchers in the data cleaning, processing, and modeling process. This platform serves as an

opportunity to encourage researchers to extract more informative patterns from fluctuated

data and establish a benchmark for evaluating the resilience of models in the transportation

industry.

Part 5: Final Remarks.

The last part of this dissertation summarizes the research contributions and practical ap-

plications presented in the preceding chapters, which focus on network-wide traffic feature

learning and forecasting under non-stationary circumstances. We also highlight the impor-

tanceof representation learning techniques in improving the generalizability and adaptability

of traffic forecasting. Furthermore, we suggest potential future directions for research in this

field.
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2
Literature Review

2.1 Overview

Traffic-related issues, such as congestion, are common inmostmajormetropolitan areasworld-

wide. Due to the harmful effects of traffic congestion on society, the economy, and the en-

vironment, government and transportation agencies have pursued solutions for over half a

century. Some potential solutions have been raised to address traffic congestion: promoting
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alternative forms of transportation12, expanding existing infrastructure193, and controlling

traffic flows139. However, promoting alternatemodes of transportation is essentially a public

policy issue. The expansion of the current infrastructure is constrained mainly by financial

and topographical factors. In contrast, traffic flowmanagement has continuously improved

over the last few decades, credited to the great amount of transportation data supplied by

Intelligent Transportation Systems (ITS) sensors in infrastructure and vehicles and the rapid

development of the advanced technology necessary to harness that big data152,227. Benefiting

from the increasing amount of transportation data, researchers paymore attention tomodel-

ing97, monitoring210, and analyzing traffic flow and occupancy87, which facilitates the design

of reliable trafficmanagement systems to better control current traffic states and forecast fur-

ther conditions.

Since the mid-1980s, data-driven traffic forecasting has started to attract researchers’ at-

tention14,140. The interest of the scientific community in this field, as well as the availabil-

ity of data, analytical methods, and computing power, have all skyrocketed since then. The

initial efforts at traffic flow prediction were time-series approaches using various classical

methodologies, including the Box-Jenkins model147 and early investigations of Kalman fil-

tering methods28, for short-term horizon prediction. Generally, traffic forecasting methods

can be divided into two families: classical methods and Deep Learning (DL)-based meth-

ods123. Section 2.2 introduces classical traffic forecastingmethods, including parametric and

non-parametric methods for modeling the nonlinear nature of traffic flow154. Section 2.3

reviews existing DL-based traffic forecasting methods, which are summarized by temporal-

based only and spatial temporal-based categories. To the best of our knowledge, the predic-

tion horizon inmost of the research has been kept in a short-term perspective, i.e., under one
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hour. Section 2.4 summarizes the existing short-term traffic forecasting works, pointing out

the lack of flexible long-term traffic forecasting approaches.

Meanwhile, most algorithms are experimented with stable conditions, ignoring that ex-

treme, unanticipated occurrences might significantly impact the statistical distribution of

experimental data. In this case, Section 2.5 concerns the limited current works that take the

non-stationary traffic conditions into account to anticipate future traffic network’s states.

Several representation learning effortswill be evaluatedwith the aimof gleaningmore reusable

information from traffic networks in order to overcome non-stationary circumstances. Both

incremental learning and self-supervised learning algorithms, which are well-known research

domains in representation learning in Computer Vision (CV) and Natural Language Pro-

cessing (NLP) fields, are discussed in Section 2.6. This section also highlights that advanced

transportation researchmight keepup the pace to adopt thesemethodologies to tackle traffic-

related issues more robustly and efficiently.

2.2 ClassicalMethods for Traffic Forecasting

Classical traffic forecasting models are mainly statistical approaches developed based on a

predefined model structure with theoretical assumptions and the parameters are calibrated

using historical data. They can generally be classified into two categories: parametric and

non-parametric methods174. The former consists of Kalman filtering methods151, smooth-

ing technique111,27, linear andnonlinear regression, historical average algorithms, and autore-

gressive linear processes. Autoregressive IntegratedMoving Average (ARIMA), among all of

them, is themost well-known parametric forecastingmodel105,209,234 with convinced capabil-

ity in accuracy and requires less computational effort128. Numerous variations of ARIMA
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studies were conducted to enhance forecast precision, such as Autoregressive Moving Aver-

age (ARMA)52, ARIMAX35 (an ARIMAmodel with explanatory variables), KARIMA194

(combined a Kohonen self-organizing map as an initial classifier with ARIMA), switching

ARIMAmodel fordescribing the change in evolving trafficpatterns, andARIMA-GARCH29

(combined linear ARIMAmodel with nonlinearGARCHmodel to capture both the condi-

tional mean and conditional heteroscedasticity of traffic flow series). Even though the above-

mentioned approaches perform reasonably well during normal operating conditions, they

cannot respond well to traffic flow patterns with a significant seasonal pattern during peak

and off-peak durations. Seasonal-based models, ARIMA fitted with seasonal components

(SARIMA)182 and Additive Seasonal Vector ARMA (A-SVARMA)126, was proposed to

model this traffic flow behavior. However, it is inevitable for them tomakemany hypotheses

and set restrictions on developing parametric models. Moreover, many parametric methods

for traffic forecasting were categorized as univariate models201. That is, these methods only

relied on one time-dependent feature to predict future values. Nonlinear traffic data and the

transportation network are too complicated for univariate parametric models to compute.

In order to deal with more complex forecasting scenarios, non-parametric models have

been proposed as an alternative approach that does not require setting prior assumptions.

These models can adapt to the nonlinear characteristics of traffic information, making them

a suitable solution for forecasting tasks. Yu et al. 225 introduced a model using K-Nearest

Neighbor (KNN) algorithm and also took spatial information, upstream and downstream

road-link connectivity, into account for predicting short-term traffic conditions in an experi-

ment sitewith six road links. Besides, Castro-Neto et al. 23 consideredmultiple atypical traffic

conditions as features and integrated them into Support VectorMachine (SVM)-basedmod-
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els to predict short-term freeway traffic flows. Bayesian network-related models178,56, which

can statistically account for the causality between random variables, were also tested to cap-

ture the cause information for traffic flow predictions, even when the data was incomplete.

To incorporate multiple sources of data, the ensemble methods of capitalizing on the bene-

fits of tree-based models were investigated to both reduce the prediction errors and increase

the robustness158,4. Overall, the non-parametric methods have achieved tremendous success

in many aspects of traffic forecasting. However, most of them were proposed to tackle rel-

atively less complicated traffic networks or even a simple corridor given a small amount of

traffic data91. Furthermore, most of the aforementioned models do not adequately employ

many-to-many predictions. That is, they are unsuitable for network-wide traffic state fore-

casting because thesemethods cannot process high-dimensional features andmodel complex

spatial-temporal dependency. Therefore, many researchers have moved their attention to

DL-based approaches for achieving more desired results.

2.3 Deep Learning BasedMethods for Traffic Forecasting

Through advancements in methods and increased accessibility of traffic data, DL models

have shown competitiveness in traffic forecasting tasks, outperforming traditional methods

such as statistical and univariate models54,21,33. DL models are more suited to dealing with

complex traffic situations since they do not need prior assumptions or additional feature

engineering. Many of the models offered today are variants of Recurrent Neural Network

(RNN), Long Short-term Memory (LSTM), Convolutional Neural Network (CNN), and

GraphNeuralNetwork (GNN) to capture nonlinear trafficpatterns andpredict future states

from various angles. Based on the designed architectures and the involved data sources, the
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DL-based methods can be categorized into two parts: temporal-based and spatial temporal-

based traffic forecasting.

2.3.1 Temporal Based Traffic Forecasting

Due to the fact that traffic data is sequential dependency, a form of artificial neural network

called RNNwas developed to address difficulties with this traffic time-series data. An RNN

architecture comprisesmultiple copies of the same network that each can storememory from

the previous training stage in a hidden layer and pass a message to the successor. With the

chain-like structure, RNNs become appropriate architectures to process such time-series se-

quence observations. Although classical RNNs exhibit a superior ability to model nonlin-

ear time-series data, several inherent issues still need to be addressed153. For example, it can-

not train time series data with long time lags, which is commonly seen in traffic forecasting

tasks, due to gradient vanishing and exploding problems42. To overcome the limitations of

RNNs, LSTMs models were developed based on RNN’s fundamental to model relatively

long-termdependencies on time series data. With the elegantmultiple-gate structure, LSTM

can be trained to address the vanishing and exploding issues by keeping the network error

constant77. This advanced design has been successful in solving traffic prediction tasks while

addressing the gradient vanishing issue and presenting outstanding performance76. Many

studies have demonstrated the popularity and effectiveness of LSTM as a traffic forecasting

model, with many researchers opting to use LSTMs over RNNs.

Since the capability of LSTM architecture can handle the problem of recurrent patterns,

several studies modified and enhanced the original LSTM to become more robust245,121,123

in transportation scenarios. For instance, Stacked Bidirectional and Unidirectional LSTM
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(SBULSTM) network39 was proposed to capture the forward and backward temporal de-

pendencies in traffic data. Multivariate Dual Long Short-Term Memory (MDLSTM) was

developed to integrate both the latest trends and extrahistorical datapatterns to achievebetter

performance186. Gated Recurrent Units (GRU), that incorporates different gate operations

called update gate and reset gate, was designed to improve training efficiency and reduce the

required memory in short-term traffic flow forecasting54. These LSTM variations have been

rearranged and restructured original LSTM to extract the meaningful temporal representa-

tions for traffic prediction. In addition to these modifications, different mechanisms have

also been devised to aid LSTMmodels, including the encoder-decoder architectures34. The

encoder-decoder structure is designed to solve sequence-to-sequence issues, which are more

difficult prediction problems that accept a sequence as input and requires a multi-step pre-

diction as output, but are better suited to traffic forecasting tasks. Tsai et al. 188 have shown

that a Seq2seq-basedmodel outperformedLSTMmodels among all evaluations inmulti-step

prediction experiments.

However, the majority of the forecasting models listed above only deal with time-series

data and do not learn traffic as a matrix. That is, only a few number of them were suggested

to cope with network-wide forecasting. Spatial features were often disregarded or poorly

mergedwith time-series data, making it difficult to learn spatial-temporal patterns frommul-

tidimensional data.

2.3.2 Spatial-temporal Based Traffic Forecasting

Tomitigate the gap of lacking spatial information, Li et al. 110 proposed Diffusion Convolu-

tional Recurrent Neural Network (DCRNN) that applies diffusion convolution to capture
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both spatial and temporal dependencies. In this model, the geographic correlation between

traffic sensors is represented by nodes and edge weights on a directed graph, allowing the

network to extend beyond a single sequence to better reflect spatial relationships. Another

approach proposed by Cui et al. 36 includes an adjacency matrix to better capture nonlin-

ear spatial-temporal phenomena and a free-flow accessible matrix to integrate transportation

domain knowledge.

In recent years, CNNs, which are powerful image processing algorithms that can effec-

tively extract informative features from images, have been generalized to capture spatial rela-

tionships in traffic networks. Works from Ma et al. 122 , Zhang et al. 239 , and Huang et al. 81 ,

each used CNN to detect traffic patterns from geographic figures as well as traffic time-space

speed matrix and further forecast future traffic speed. Liu et al. 116 , Bogaerts et al. 15 , and

Ma et al. 124 , further combined stacked CNNs to extract spatial features with LSTM to in-

tegrate temporal information of traffic data. Zhang et al. 237 also designed a spatial-temporal

feature selection algorithm as a preprocessing step to generate a two-dimensional matrix as

an enhanced input for CNN to predict future traffic flow. Wu & Tan 213 exploited a hy-

brid architecture by incorporating a one-dimensional CNN for spatial feature extraction and

LSTMs for the short-term periodicities of traffic flowmining. Deep three-dimensional con-

volutional networks, as upgradedCNNs, were applied to recent studies to harness the ability

to extract and model spatial-temporal data without separating the interplay between spatial

and temporal dimensions96,61,63. However, standard CNN-based approaches are incapable

of dealing with various topological structures of traffic networks. To address this issue, re-

searchers began to train traffic networks as a graph and applied GNNs to extract patterns

from network-wide traffic data110,36.
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Traffic networks can be intuitively identified as graphs with a combination of nodes and

edges. Average speed and volume, for example, can be derived to depict the traffic condi-

tions at each node, which each represents a road segment. Adjacency matrices, constructed

based on road network connectivity, reveal the relationship between segments. Changes in

traffic conditions can cause congestion to propagate backward and forward and affect con-

nected route segments146. GNNs leverage this spreading characteristic of traffic flow as a

benefit to aggregate current traffic status within the neighborhood to provide more reliable

prediction results. Therefore, GNN has emerged as one of the most representative methods

in the transportation field to address these intractable tasks over the last five years. Recent

advances197,67 in graph-structure learning have demonstrated that graph connectivity can be

used to learn effective representations of road networks. The learned graph embeddings can

then be applied to a variety of downstream tasks, such as road attribute inference and traffic

forecasting, which share similar backdrops. Based on the pre-defined structure, Graph Con-

volutional Network (GCN)-based algorithms have been widely developed in traffic forecast-

ing tasks recently226,228,239,36. These works utilized various extendedGCNs to capture spatial

inter-dependencies to improve computational efficiency214 and enhance prediction perfor-

mance36. Recent efforts, such as GMAN246 and ASTGNN64, have applied a more complex

attention mechanism to capture dynamic spatial-temporal dependency.

Although these novel algorithms achieved promising results, several complicates were left

unresolved. For example,manyGNN-based techniques canbe viewed as a two-phase process.

The first phase uses GNN to aggregate neighborhood information, while the second phase

uses modified embeddings to make predictions. GNNmay obscure node/edge information

by aggregating neighborhood knowledge, leading to noisy representations for downstream
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prediction tasks106. In addition, GNN-based modeling has been limited by approaches that

only analyze locally neighboring connections. These approaches assume that surrounding

connections are the most spatially related to the target link and use their information as in-

put for prediction algorithms. However, in practice, spatial dependency is often observed

across a wider range of traffic networks. For instance, traffic patterns on two separate roads

maydisplay similarities, despite the disconnected or the huge physical distance between them.

In this case, traffic data from one road may serve as a valuable indicator for forecasting traffic

conditions on the other road that is not directly connected. As a result, examining spatial

correlation at a local scale may result in insufficient capture of significant information from

distant connections, as well as increased inaccuracy if the nearby links have no geographi-

cal influence on the target link. Furthermore, as previously mentioned in Section 2.4, most

current traffic forecasting research focuses on short-term forecasting, with prediction time

frames of one hour or less.

2.4 Summary of Short-term Traffic Forecasting

Table 2.1 provides a summary of representative literature that focused on traffic forecasting

in the past two decades, offering a good sense of where most research has concentrated. The

summary shows that the majority of work has gone towards 1) short-term forecasting and

2) spatial-temporal information integration. Recent technological advancements, as well as

the widespread use of sophisticated computers andmathematical models, provide academics

with a valuable opportunity to broaden their perspectives. At first, limited-scaled datasets

were used in classical methods to extract temporal-only dependency. Subsequently, artifi-

cial neural networks-based approaches dominated this area with unprecedented precision by
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effectively learning spatial-temporal representations from traffic networks. However, exist-

ing research on traffic forecasting mostly focuses on short-term scenarios. Modern traffic

management systems nowadays require predicting longer sequence to alleviate congestion in

advance.

Since Artificial Intelligence (AI) methods have evolved significantly in NLP, the Trans-

former196, a model with a multi-head attentionmechanism, was proposed to help memorize

long source sentences in neural machine translation and achieved maximal performance. In

other words, the Transformer can effectively solve forecasting tasks with a long time-series

sequence. To leverage long-term temporal dependencies in traffic forecasting, Cai et al. 20

developed a Traffic Transformer. Yan et al. 220 further enhanced the performance by learn-

ing the dynamic and hierarchical structure of traffic flow. However, due to the COVID-19

pandemic and several other unexpected culture-related events, the existing traffic prediction

models are affected without consideration of related semantic information.

2.5 Non-stationary Traffic Flow Learning

Stationary data is defined as data that is come from the same distribution141. However, this

assumption does not hold for most real-world data, such as traffic data, which is considered

as time series data and more likely to exhibit a fluctuating characteristic. Given historical

traffic data, there are irregular traffic flows caused by planned events or real-time unexpected

interventions, such as crashes or constructions, leading to non-stationary issues94. Unfortu-

nately, the non-stationary challenge in past decades is not taken seriously in academia since

it is more difficult to deal with. Most publications, as described in above sections, treated

traffic data as stationary time series rather than non-stationary ones. While the forecasting
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Table 2.1: Literature Of Short‐term Traffic Forecasting

Author(s) Year Predict Step Max. Horizon ST

Chen &Grant-Muller 30 2001 Volume 30 mins 30 mins 7

Williams &Hoel 209 2003 Volume 15 mins. 15 mins. 7

Sun et al. 177 2003 Volume 5 mins. 30 mins. 7

Alecsandru & Ishak 5 2004 Speed 5 mins. 20 mins. 7

Cetin & Comert 26 2006 Speed 1 min 1 min 7

Wang et al. 204 2006 Travel Time 1 min 20 mins. 7

Li et al. 111 2008 Travel Time 5 mins. 20 mins. 7

Min et al. 138 2010 Volume 15 mins. 15 mins. 3

Boto-Giralda et al. 17 2010 Volume 5 mins. 10 mins. 7

Kamarianakis et al. 90 2012 Speed 5 mins. 1 hour 7

Haworth & Cheng 69 2012 Travel Time 5 mins. 5 mins. 3

Wang & Shi 202 2013 Travel Time 1 min 1 min 3

Ma et al. 123 2015 Speed 2 mins. 2 mins. 7

Liu et al. 114 2015 Speed 2 mins. 10 mins. 7

Cai et al. 21 2016 Speed 5 mins. 1 hour 3

Wu&Tan 213 2016 Speed 5 mins. 5 mins. 3

Jeon &Hong 88 2016 Speed 5 mins. 5 mins. 7

Xia et al. 215 2016 Volume 5 mins. 5 mins. 3

Zhao et al. 244 2017 Volume 5 mins. 1 hour 3

Yu et al. 229 2017 Speed 5 mins. 1 hour 7

Yu et al. 226 2017 Speed 5 mins. 45 mins. 3

Yu et al. 228 2017 Speed 2 mins. 30 mins. 3

Cui et al. 38 2018 Speed 5 mins. 5 mins. 3

Li et al. 110 2018 Speed 15 mins. 1 hour 3

Luo et al. 121 2019 Volume 5 mins. 5 mins. 3

Wu et al. 214 2019 Speed 5 mins. 1 hour 3

Guo et al. 63 2019 Volume 6 mins. 1 hour 3

Cui et al. 39 2020 Speed 5 mins. 5 mins. 3

Huang et al. 80 2020 Speed 5 mins. 1 hour 3

Zheng et al. 246 2020 Volume/Speed 5 mins. 1 hour 3

Zheng et al. 247 2020 Volume 5 mins. 1 hour 3

Guo et al. 64 2021 Volume 5 mins. 1 hour 3

ST: Spatial-temporal32



performance may be excellent when the data is simplified in a stationary format, it may not

be reliable enough for practical use in modern traffic management systems under fluctuated

conditions.

Few studies have attempted to account for temporal fluctuation in traffic circumstances.

Zheng & Su 248 and Stathopoulos & Karlaftis 175 both designed a pre-processing phase to

divide time periods into several pieces based on domain experience to represent the dynamic

characteristics of the traffic. Specifically, one-day data was split into six time periods tomodel

the variability of traffic flowdata (period 1: midnight-6:30 a.m.; period 2: 6:30-10:00; period

3: 10:00-13:30; period4:13:30-17:00; period5: 17:00-20:30; andperiod6: 20:30-midnight).

Guo et al. 62 applied temporal convolution to learn the complicated non-stationary temporal

dependence for multiple-step forecasting. Zhao 243 implemented a two-stage algorithm to

1) decompose non-stationary traffic data into sub-components by the theory of Complete

Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) to reduce

the complexity of raw traffic data, 2) apply LSTM to learn meaningful patterns from low-

dimensional signals. Tsirigotis et al. 189 and Xiao et al. 217 investigated the impact of weather

conditions and fusedmeteorological data with non-stationary traffic data to take this impact

into account with regard to traffic forecasting. Overall, limited studies have focused on non-

stationary traffic pattern learning. Despite the fact that most of these studies have relied on

pre-processing blocks to address the complexity of traffic data, non-stationary traffic pattern

learning has received increasing attention, particularly during the COVID-19 epidemic169,

as the traffic pattern may change every month or even every week. Therefore, there is still a

need to fill a gap in theoretically advanced and robust non-stationary traffic pattern learning

methods to address this issue, such as representation learning.
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2.6 Extract Critical Data Patterns with Representation Learning

Machine Learning (ML) questions, including traffic forecasting tasks, rely significantly on

data representation. Most of the work in implementingML algorithms is spent on designing

preparation pipelines and data transformations for extracting critical patterns from complex

andmultivariate raw datasets. Such a time-consuming procedure highlights the limitation of

organizing and extracting meaningful data with existing learning algorithms. To overcome

this barrier, it is inevitable to develop novel ML learning algorithms that are less dependent

on feature engineering but move closer to AI learning techniques, which have been shown

to identify the underlying explanatory factors hidden in high-dimensional raw sensory data.

While AI models handled the spatial-temporal component of traffic prediction as men-

tioned in previous sections, they have yet to offer solutions for addressing following ques-

tions:

a) Catastrophic forgetting is a typical problem that occurs while trainingAImodels with

multiple tasks, and it becomes evenmore critical when dealing with constantly chang-

ing spatial-temporal mobility patterns.

b) Supervised learning approaches tend to prioritize achieving specific goals over learning

broadly applicable background representations. This limitation becomes particularly

evident in traffic prediction, where the constantly fluctuating environment requires

adaptable and versatile models. To achieve robust traffic forecasting, it is crucial to

learn generalize and applicable background representations that can be either reused

for several downstream activities or utilized to deal with incomplete/complex data sce-

narios, rather than solely focusing on specific goals.
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Recently, many researchers have paid more attention to incremental learning to address

catastrophic forgetting issues118,93. Incremental learning is present as a technique to balance

the flexibility of acquiring new knowledge and the stability of consolidating what models

have already learned. Self-supervised representation learning, on the other hand, can extract

informative low-dimensional representations from raw time series by leveraging the data’s

inherent structure, without the need for explicit supervision185. This approach has been ex-

tensively researched in fields such as CV and natural language processing, but it has received

little attention for time series applications, particularly in transportation engineering. To this

end, this section will investigate these two effective strategies to address the challenges in ex-

isting traffic forecasting approaches.

2.6.1 Incremental Learningwith Continuously Changing Data

Plasticity is required for models to integrate new knowledge, while stability is needed to so-

lidify what they have previously learned. Therefore, a great variety of algorithms have been

devised to deal with this crucial problem. The existing incremental learning algorithms can

be divided into three main strategies: 1) Selective Synaptic Plasticity, 2) Additional Neural

Resource Allocation, and 3) Memory Rehearsal. Each strategy will be detailly described be-

low.

Review on Selective Synaptic Plasticity algorithms

This approach is also known as the Regularization-based Approach, which is the most well-

developed way to solve the catastrophic forgetting issue. This category can also be divided

into two subgroups: 1)weight-constrained approaches and2) gradient-constrained approaches.
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Elastic Weight Consolidation (EWC)93 is known as an iconic model in this subgroup. By

restricting weights to stay close to their learned values as new tasks are encountered, EWC

maintains the integrity of connections required forpreviously learned tasks. A regularization-

basedmethod is utilized for important parameter selection. And the Fisher informationMa-

trix is applied to estimate the importance of neurons in EWC. Overall, EWC is an approach

to figure out a generalized parameter set that can properly solve all tasks with acceptable er-

rors.

Some variations have been proposed: Memory Aware Synapses (MAS)7 adds a heuristic

measure of output sensitivity, whereas Synaptic Intelligence (SI)232 seeks to explain the de-

crease in loss during training to specific parameters. These three techniques have combined

to generate a slew of new regularization-based approaches.

GradientEpisodicMemory (GEM)118 is then categorized into the typeof gradient-constrained.

Specifically, the gradients of the newmodel should follow the same or similar path as the gra-

dients of the prior model. The new model is unlikely to forget about existing classes under

this requirement. Theoretically, we need to minimize a quadratic function that is subjected

that the inner product of the current and the previous gradient direction should be equal to

or larger than zero. As expected, solving the gradient-constrained approach for each violating

gradient prior to updating themodel weights is time-consuming. Aljundi et al. 8 speed up the

process by sampling a representative subset of the gradient restrictions.

Review on Additional Neural Resource Allocation algorithms

Another sort of algorithm aims to prevent forgetting by altering network architecture. The

Progressive Neural Networks164 was proposed by DeepMind, an artificial intelligence sub-
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sidiary of Alphabet Inc., to include past information at each layer of the feature hierarchy,

reuse existing computations, and learn new ones. Throughout the training process, progres-

sive networks keep a pool of pre-trained models and discover lateral connections to extract

important characteristics for new tasks. The progressive learning technique allows for richer

compositionality and the integration of past information at each tier of the feature hierarchy.

Inspired by the concept ofmodel extension fromProgressiveNetworks,Hung et al. 82 pre-

sented a novel architecture: Compacting, Picking, andGrowing (CPG), which integrates the

ideas of weights pruning, important weights selection, and network extension together. This

design is flexible for model extension while maintaining model compactness when dealing

with sequential learning tasks.

However, the downside of thesemodels is themassive amount of parameters. The number

of parameters would gradually increase for the original progressive networks since the num-

ber of new tasks increases. Although the CPG model involved the idea of model compact,

we still need to initialize a large model to accommodate the upcoming new tasks.

Review onMemory Rehearsal algorithms

The memory rehearsal-based category is a new strategy that addresses forgetting problems

in a totally different way. Shin et al. 170 presented a dual-model architecture that included a

deep generative model as well as a task solver model. In this technique, training data from

previously learned tasks may be sampled and fused with information from new tasks using

producedpseudo-data. As a result, there is noneed to explicitlymodify prior training samples

for experience replay, lowering the working memory requirements.

Variousmemory rehearsal-basedmodelswere later proposed to solve the incremental learn-
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ing tasks by generating pseudo-data from Generative Adversarial Network (GAN) or auto-

encoder48. Still, all the approaches mentioned above were evaluated on a simple dataset,

MNIST. As a result, it’s unclear if this generative technique can handle more complicated

domains. Furthermore, the additional structure, a deep generative model, would also suffer

from catastrophic forgetting issues.

To sum up, the existing research related to incremental learning has concentrated on clas-

sification problems rather than regression tasks, where the catastrophic forgetting issue fre-

quently arises. Besides, previous knowledge about new tasks is provided in their experimental

setting, implying that the dataset was manually split before processing. Furthermore, incre-

mental learning techniques are not applied to traffic forecasting tasks yet. It has great po-

tential to become a suitable solution to tackle the difficulties of traffic forecasting in non-

stationary patterns.

2.6.2 Self-supervised techniques for Representation Learning

In traffic forecasting scenarios, real-world time-series data is often high-dimensional and com-

plex, which bringsmany obstacles to datamodeling, even deep learning-basedmodels. In ad-

dition, the data collected from various sensors may be inaccurate or missing due to commu-

nication issues. Currently, the approaches applied in traffic forecasting are primarily trained

in a supervised way, meaning the model parameters are all trained to fulfill a specific tar-

get. These approaches may lead to an excellent performance in a particular task rather than

learning generalized knowledge that can be transferred to other downstream tasks that share

the same backdrop, such as the same relative layouts of buildings and land use. Therefore,

self-supervised learning, which uses raw data as its supervision, has recently gained a surge
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of interest as the difficulty of supervised models in generalizing beyond their training data

has become evident. It is worth investigating whether contrastive learning, a type of self-

supervised approach that has recently demonstrated outstanding performance in a variety

of research fields (e.g., CV and NLP), can replicate the success of learning more generaliz-

able backgroundknowledge to improve traffic forecasting performance under non-stationary

conditions.

The basic idea behind contrastive learning is to enhance agreement between representa-

tions with similar semantics, known as positive pairs, while decreasing agreement between

representationswithunrelated semantic information, knownasnegativepairings. Momentum

Contrast (MoCo) model71, which is one of the most popular designs in contrastive learn-

ing, can be simplified as a dictionary look-up problem. Given a reference picture I , it will

be augmented into two views, query and key. The query token must match positive pairs

over a collection of sampled negative pairs from other images. Chen et al. 31 summarized

the main component of a contrastive learning framework that can be categorized into three

parts as showed in Figure 2.1: 1) A data augmentationmodule transforms raw data Ii to var-

ious perspectives as positive pairs, denoted as I+i = {I1, I2, ..., In}; 2) An encoder module

that extracts features from raw complex data by mapping it to a low-dimensional space; 3)

A project head, such as non-linear projection, which further maps extracted representations

into a normalized space to evaluate the contrastive loss.

Recently, various graph contrastive learning-based algorithms with excellent performance

were proposed. These approaches produced generalizable representations that may be uti-

lized in subsequent tasks. For example, You et al. 223 developed four types of graph data aug-

mentations in contrastive learning to address the challenge of data heterogeneity in previous
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Figure 2.1: A Basic Constrastive Learning Framework

graph-based research. The representations were applied in downstream graph classification

tasks and achieved state-of-the-art performance. Veličković et al. 198 proposed a general ap-

proach to learn node representations in a self-supervised way to also cope with node classifi-

cation problems, hence addressing the real-world issue of most graph data being unlabeled.

However, these approaches target neither time-series data nor the transportation field. They

cannot be directly applied to traffic forecasting until solving several significant drawbacks:

a) Most of them focused on learning coarse-grained representation, which are suitable

for instance-level anomaly detection and node classification, rather than fine-grained

representations for traffic forecasting.

b) Most of them ignored the multi-scale contextual information at various granularities.

Features with multiple scales may provide rich semantics and enhance the capacity to

learn generalized representations.
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c) Most of them neglected the importance of defining generalized spatial and tempo-

ral positive/negative pairs, which impedes the effectiveness of contrastive learning in

spatial-temporal traffic forecasting task.

2.7 Chapter Conclusion

This section has reviewed the development process of traffic forecasting, starting from clas-

sical methods to deep learning approaches to learn more complex traffic patterns. Many re-

searchers have dived into this field to propose advanced algorithms to achieve state-of-the-art

performance. However, existing research on traffic forecasting mostly focuses on short-term

forecasting. They are also impacted byCOVID-19 epidemic and a number of other unantic-

ipated culture-related phenomena due to the ignorance of non-stationary traffic conditions.

In order to provide trustworthy forecasting results for practical usage in modern trafficman-

agement systems, appropriate and robust algorithms that tolerate fluctuating patterns and

learn generalized representations must be developed. To summarize, this section highlights

the shortcomings of existing works in dealing with these difficulties. The following sections

will propose novel and practical deep learning approaches for traffic representation learning

and forecasting under non-stationary circumstances.
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Part II

Prediction with End-to-end Frameworks

42



3
Multivariate Dual LSTM-Based Network

for Traffic Forecasting Under Interference

3.1 Overview

The impacted traffic patterns from the unexpected event brings challenges to the U.S. De-

partment of Transportation and transportation planners. With fluctuated traffic conditions,
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it is difficult for transportation agencies to learn representative traffic patterns from short-

term historical data. Therefore, we propose a Multivariate Dual Long Short-Term Mem-

ory (MDLSTM)model for network-wide traffic forecasting under interference. Both spatial

and temporal features were included to forecast the influenced traffic behavior during the

COVID-19 period. Multi-dimensional spatial-temporal features were fused into historical

matrices as the model input, which enables the proposed structure to accommodate inter-

vention from unexpected events. Thorough experiments were conducted using loop detec-

tor data collected in the Greater Seattle Area from 2020 to early 2021. The proposed model

showed competitiveness against other state-of-art algorithms in all experiment time frames,

from pre-COVID-19 to COVID-19-relieving period.

3.1.1 Background

In March 2020, the small and medium business group conducted a comprehensive survey

of over 500 businesses and discovered that the personal service and retail sectors were among

those most heavily impacted by the COVID-19 pandemic159. Local small businesses faced

financial challenges as a result of lockdown orders implemented by authorities. Many stores

saw a decline in profits as customer traffic decreased. By using the Traffic Performance Score

(TPS), a novel evaluation parameter proposed by Cui et al. 41 , and incorporating land use

layers in the Greater Seattle area (as shown in Figure 3.1), we were able to observe that indus-

trial areas were relatively unaffected in terms of traffic patterns due to the continued need for

human operations tomaintain daily work. However, two areas stood out as seeing the largest

changes in TPS: the route from Northgate to downtown Seattle and the route from New-

castle to Bellevue. Traffic from urban residential areas to intensive urban areas significantly
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Figure 3.1: Visualization Of Traffic Performance Score And Land Use Layers

decreased, likely due to the implementation of work-from-home policies and the resulting

reduction in commuting as people stayed home more often and companies began to discon-

tinue renting offices.

While the visualization of TPS demonstrates past history and status quo of traffic condi-

tions, predicting future changes is essential for local businesses and transportation planners

to adjust to upcoming challenges. The goal of Intelligent Transportation Systems (ITS) is

to improve traffic performance and efficiency with data-driven approaches. Short-term fore-

casting of traffic state is an essential part of traffic control and operation. By estimating future
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traffic, transportation system may be managed in a more efficient way and further mitigate

congestion. With accurate and timely traffic prediction, it is expected to lead to an overall

travel time reduction and traffic safety increment123. To achieve a desired forecasting result,

a considerable number of data is required to learn historical traffic patterns. With the wide

deployment of traffic sensors as well as surveillance cameras nowadays, a massive amount of

traffic data is collected. And one of the most critical subject is to develop a robust pipeline to

consume these data sources, transform them into valuable information, and utilize them in

traffic forecasting and planning.

Given an increasing number of data and rapid development of computational capabil-

ity in recent years, plenty of algorithms have been proposed for traffic forecasting. As in-

dicated in previous literatures123,201,91, forecasting algorithms can be categorized into tradi-

tional approaches andArtificialNeuralNetworks (ANN)s perspectives. The former consists

of Autoregressive Integrated Moving Average (ARIMA) family models105,209, which have

convinced capability in accuracy and require less computational effort128. However, it is in-

evitable for them to make many hypotheses and set restrictions on developing models201.

Over the past decades, ANN-related algorithms emerged as one of themost representative

methods in the transportation field. One of the subdivisions, Recurrent Neural Network

(RNN)s, has become a competitive model regarding traffic forecasting. Many researchers

leveraged its capability of processing arbitrary sequences of time-series inputs with internal

memory units, to achieve reliable prediction results195. However, it suffers from vanishing

and exploding gradients in the training stage, which hampers the feature learning of long

data. To solve this problem, Long Short-term Memory (LSTM) networks, a critical frame-

work with gate structures, was proposed. It promptly became one of the most well-known
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traffic forecasting methods in recent years. However, the basic LSTM-based models showed

a dependence on recurrence data and could not accommodate interference well. During the

coronavirus pandemic, traffic patterns changes continuously based onwork-form-home pol-

icy and state regulations. The unsteadiness of social circumstances makes traffic forecasting

a difficult task to reflect the status quo.

3.1.2 Contributions andOrganization

To solve the aforementioned challenges, we propose aMDLSTMin this chapter for network-

wide traffic forecasting under intervention. The integration of a long-term LSTM and a

short-term LSTM architecture allows the model to capture up-to-date trends with extra his-

torical data input. Meanwhile, it is capable of taking additionalmulti-dimension features into

consideration and making the architecture more robust and flexible. A sequence of experi-

ments covered the COIVD-19 pandemic, the most fluctuating period, reveals the competi-

tiveness of the proposed method against baseline algorithms. The proper length of traced-

back training data and the training efficiency are further analyzed to investigate how these

factors could influence the model training result. To summarize, the contributions of this

chapter are listed as follows:

1. Propose an integrated dual LSTM-based traffic forecasting model that can accommo-

date interference and incidents in recurrence data. The model is evaluated by a large-

scale network-wide non-stationary dataset.

2. Consider spatial and temporal features that could become crucial, especially when un-

expected occurrences happen, such as day of the week, hour of the day, and land use

type, as inputs to improve the robustness of the entire model.
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3. Construct an attention-based learning component to leverageboth long-termand short-

term representations, which provides flexibility to balance the contribution from each

side.

The rest of this chapter is organized as follows: In Section 3.2, we define the problem and

describe the design of each component in the model, including the details of the proposed

model: Multivariate Dual Long Short-Term Memory. In Section 3.3, experimental settings

are initially introduced, followed by evaluation results and ablation studies, respectively. The

visualized comparison between the prediction result and the ground truth is presented as

well. In Section 3.4, we conclude with some remarks and point out potential future works

to expand concepts to accommodate non-stationary traffic patterns.

3.2 Methodology

3.2.1 Problem Statement

Traffic congestion is a common spatial-temporal pattern in road networks. It is propagated

to not only forwarding direction but also backward and all the preceding segments146. The

traffic data matrices are composed of three elements: temporal data, spatial data analysis,

and other features. Temporal data is one of the most important component in the problem.

The traffic trend from time to time is the main characteristic that the model needs to ob-

serve. Spatial data, such as land use, also provides decision-useful information. Depending

on each location’s own geographical attributes, travel pattern may vary. For instance, resi-

dential areas have higher outbound traffic volume in morning peak hours whereas industrial

areas have higher inbound traffic volume. Locations with similar combination of geographi-
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cal attributes have similar travel patterns. Other features include time of day and day of week,

which are categorical indicators of peak and off-peak periods. Below shows how the three el-

ements are integrated into the proposed model.

Temporal data contains historical data collected from segment sensors within the entire

network. The short-term historical data matricesXS consists of data withinN timestamps

before the targeted time tc in allM segments:

XS =



x1
tc−N x2

tc−N ... xM
tc−N

x1
tc−N−1 x2

tc−N−1 ... xM
tc−N−1

...
... . . . ...

x1
tc−1 x2

tc−1 ... xM
tc−1


(3.1)

Each element xm
t symbolizes the traffic condition inmth segment at tth timestamp. To ac-

commodate unexpected events that could directly influence traffic conditions, such as the

COVID-19 outbreak, we also considered relatively long-term historical traffic data matrices

XL, which is composed of data withN timestamps before a specific past timestamp tp in all

M segments:

XL =



x1
tp−N x2

tp−N ... xM
tp−N

x1
tp−N−1 x2

tp−N−1 ... xM
tp−N−1

...
... . . . ...

x1
tp−1 x2

tp−1 ... xM
tp−1


(3.2)

In this study, the past timestamp tpwas set to be oneweek ahead the targeted time tc. That

is, we also considered the traffic performance one week before the prediction was made. The
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historical traffic parameters include average speed, average volume on general purpose lanes,

and TPS. TPS is a novel traffic index that incorporates multiple parameters for measuring

network-wide traffic performance, which can be calculated using the following equation:

TPSt =

∑n
i=1 V

i
t ·Qi

t · Li

Vf ·
∑n

i=1 Q
i
t · Li

× 100% (3.3)

where V i
t andQi

t denote the speed and volume of each road segment i at time t respectively.

Li is the length of the detector on segment i andVf represents the free flow speed. In this case,

the range of TPS is from 0% to 100%. 100%means the best traffic condition without conges-

tion and 0% presents the worst network-wide traffic condition. TPS was also the parameter

that our proposed model attempts to forecast.

By integrating long-term historical matricesXL and short-term historical traffic dataXS ,

we obtained a more robust spatial-temporal pattern to adapt unforeseen events. Meanwhile,

the non-time series feature matrixD, including hour of dayDHour, day of weekDDay, and

type of land useDLand, was also taken into consideration in this study.

D = {DHour, DDay, DLand} (3.4)

We sought to predict the network-wide TPS value Ŷ tc for all the segments at the targeted

timestamp tc. The procedure of forecasting network-wide traffic conditions can be written

as:

Ŷtc = G(XS, XL, D) (3.5)

whereG is MDLSTM, the main algorithm that we proposed in this study. The objective is

to minimize the difference between the sequence of predicted TPS Ŷtc and the ground truth
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Figure 3.2: Multivariate Dual Long Short‐Term Memory Model Architecture

data Ytc .

3.2.2 Multivariate Dual LSTMModel Description

TheMDLSTMmodel, as shown in Figure 3.2, consists of twomain components: two traffic

data processing component and an attention-based learning component. Each of them is

described as follows.
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Traffic Data Processing Component

According to previous research127, we summarized that speed and volume are two essen-

tial factors in traffic conditions that could directly reflect potential and existing congestion.

AlongwithTPS, the three traffic-relateddata resources have time-series characteristics, which

means that they are continuously collected at multiple timestamps and ordered chronolog-

ically. In this study, we selected two time slots of time-series data with all three aforemen-

tioned sources as parts of the model input: long-term sequence historical matrices TL and

short-term historical matrices TS . By learning from both long-term and short-term perspec-

tives, the model became more robust to accommodate external interference.

Non-time series data, the hour of day, the day of week, and the type of land use, were also

included to help forecast traffic conditions. Daily commuters with high repetitive travel ac-

tivities would bring upmorning and evening peak traffic period in weekdays191. The type of

land use could also become a critical feature, especially when unexpected events happened.

For example, during the COVID-19 pandemic, the vehicle miles traveled record showed an

expected drop due to the work-from-home policy. However, the necessary trips in specific

land use, such as industrial, for supporting essential economic operations remained consis-

tent with the pattern before the outbreak of COVID-1941.

In the traffic data processing component, we implemented data fusion processors tomerge

time series data and non-time series data as the input for the training model. An embedding

approach137 was executed to transform the categorical factors into neural network sequence

data. An embedding procedure is widely used in Natural Language Processing (NLP) for

capturing the semantics by placing similar inputs close together in the embedding space.

Specifically, we embeddednon-time-seriesmatrices to transformcategorical features and con-
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catenated them with time-series matrices as the final inputsXFS
andXFL

for the following

training. The final inputs can be formulated as follows:

XFS
= XS ⊕ EDayS(DDay)⊕ EHourS(DHour)⊕ ELandS(DLand) (3.6)

XFL
= XL ⊕ EDayL(DDay)⊕ EHourL(DHour)⊕ ELandL(DLand) (3.7)

where DDay, DHour, and DLand are raw categorical data. EDay, EHour, and ELand are

trained embedding matrices. ⊕ represents the concatenation process. The time slots ofXFS

andXFL
would be [Tc−N, Tc−N+1, · · · , Tc−1] and [Tp−N, Tp−N+1, · · · , Tp−1]

respectively. The length of two inputs are bothN .

Attention-Based Learning Component

After executing the traffic data processing component, we fedXFS
andXFL

into two LSTM

models separately. Each LSTM cell takes cell state cts−1 and hidden state hts−1 from the pre-

vious time step aswell as the current input vector [x1
ts , x

2
ts , · · · , x

M
ts ] as its input at timestamp

ts. They are controlled by a three-gate structure, the forget gate fts , the input gate its , and the

output gate ots , to learn the pattern and transform the sequential input into the predicted
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sequential values. The functionalities of each controllers are shown as follows:

fts = σ(Wf [hts−1, X
M
ts ] + bf ) (3.8)

its = σ(Wi[hts−1, X
M
ts ] + bi) (3.9)

ots = σ(Wo[hts−1, X
M
ts ] + bo) (3.10)

cts = fts ⊙ cts−1 + its ⊙ tanh(Wc[hts−1, X
M
ts ] + bc) (3.11)

hts = ots ⊙ tanh(cts) (3.12)

where bf , bi, bo, and bc are bias vectors;Wf ,Wi,Wo, andWc are weightmappingmatrices; σ

and tanh are sigmoid and hyperbolic tangent activation functions, respectively. ⊙ denotes

the element-wise product process.

After two chain-like LSTMmodels, the final hidden states from both components, htc−1

and htp−1 were passed into a linear attention component. The component was in charge of

managing and quantifying the interdependence between the input and output elements:

Ŷtc = tanh(WLhtp−1 +WShtc−1) (3.13)

whereWL andWS are the weight matrices for preceding hidden state outputs and Ŷ tc is the

final output. We used tanh as the activation function since TPS ranges from 0 to 1. The

detailed spatial-temporal data is described in Section 3.3.
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Table 3.1: Model Structure And Component Comparison

Model S-LSTM L-LSTM Other features

LSTM 3

DLSTM 3 3

MLSTM 3 3

MDLSTM 3 3 3

DLSTM: Dual LSTM;MLSTM:Multivariate LSTM;

3.3 Experiments

As suggested in multiple studies, neural network outperforms classical statistic models for

traffic forecasting and conventional methods often cannot handle multidimensional predic-

tions. Thus, traditional time series analysis methods, such as ARIMA, K-Nearest Neigh-

bor (KNN), and Support Vector Machine (SVM)236, are not included in this paper. In this

section, we compared the proposed multivariate dual LSTM-based network with state-of-

art baseline, LSTM, on network-wide traffic forecasting. Table 3.1 shows the structure and

components of the four models evaluated in this study.

3.3.1 Experiment Setting

TheTPSDataset is composedof trafficparameters developedbySTARLabTPS i. It contains

TPS, traffic speed, and traffic volume data on four freeways (I-5, I-90, I-405, and SR-520), as

shown in Figure 3.3, at a 15-minute interval in the greater Seattle area in 2020 and 2021. The
iUW STAR Lab TPSWebsite: http://tps.uwstarlab.org/

55

http://tps.uwstarlab.org/


land use data was labeled based on the Seattle GeoData ii. By plotting the surrounding land

use layers along with the road network, we labeled the land use for each segment.

In this study, we utilized the data from January, 2020 to January, 2021. Mean Squared

Error (MSE) was utilized to evaluate the model accuracy, which can be calculated using the

equation:

MSE =

∑n
i=1 |yi − ŷi|2

n
(3.14)

where yi and ŷi represents the ground truth and predicted value respectively.

In order to evaluate themodels using data with andwithout external interference, we used

one month, two months, and three months data as training and validation data to predict

the TPS value for the coming month. This study contained 30 experiment sets, which are

demonstrated in Table 3.2. Based on Covid-19 pandemic, the experiments include four sce-

narios: 1) before coronavirus (January 2020 toMarch2020), 2) coronavirus outbreak (March

2020 to June 2020), 3) gradually recovering (June 2020 to January 2021), and 4) pandemic

deteriorate (November 2020). There are 87 segments in the network and we take three hour

data as our input for one LSTM layer.

3.3.2 Performance Comparison

Additional Features And Structures In LSTM

In this section, we determined whether adding additional features or implementing the dual

LSTM structure would have a better performance. We fixed the training data time range as

threemonths and the input data range as 12 timesteps ahead. WhileKingCounty announced
iiCity of Seattle Geo Data: https://data-seattlecitygis.opendata.arcgis.com/
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Figure 3.3: Study Area: The Greater Seattle Area

the stay home, stay healthy order on March 23, 2020, an increasing amount of businesses

started to work from home. The phase 2 reopen order was announced on June 19, 2020 and

the outbreak deteriorated again inNovember, 2020. Figure 3.4 and Table 3.3 show theMSE

of four models using data within different time periods.

They demonstrate an accuracy drop in the third, sixth andninthmodel respectively, which

Figure 3.4: Testing Mean Squared Error Of All Experiments
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Table 3.2: Experiment Time Frames

Index Training (3 month) Training (2 month) Training (1 month) Testing

1 01/2020→ 03/2020 02/2020→ 03/2020 03/2020→ 03/2020 04/2020

2 02/2020→ 04/2020 03/2020→ 04/2020 04/2020→ 04/2020 05/2020

3 03/2020→ 05/2020 04/2020→ 05/2020 05/2020→ 05/2020 06/2020

4 04/2020→ 06/2020 05/2020→ 06/2020 06/2020→ 06/2020 07/2020

5 05/2020→ 07/2020 06/2020→ 07/2020 07/2020→ 07/2020 08/2020

6 06/2020→ 08/2020 07/2020→ 08/2020 08/2020→ 08/2020 09/2020

7 07/2020→ 09/2020 08/2020→ 09/2020 09/2020→ 09/2020 10/2020

8 08/2020→ 10/2020 09/2020→ 10/2020 10/2020→ 10/2020 11/2020

9 09/2020→ 11/2020 10/2020→ 11/2020 11/2020→ 11/2020 12/2020

10 10/2020→ 12/2020 11/2020→ 12/2020 12/2020→ 12/2020 01/2021

corresponds to the the three time points since the traffic pattern as well as travel behaviors

changed significantly due to different policies.

Fromthe results shown inTable 3.3,we can see the competitiveness of theproposedmethod

against baseline algorithms. TheMDLSTMmodel has the highest accuracy among the nine

out of ten testing time frames. In terms of additional features, the model accuracy increases

when time of day, day of week, and land use information are included in the model input. It

is shown that Multivariate LSTM (MLSTM) andMDLSTM both have lower testing errors

in all the experiment cases. Extra informative variables not only improves the performance

during regular situations, but also mitigates the impact of external interference for traffic
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Table 3.3: Testing Mean Squared Error Of All Experiments

Index LSTM DLSTM MLSTM MDLSTM

1 0.00079 0.00052 0.00035 0.00021
2 0.00122 0.00124 0.00071 0.00069
3 0.00479 0.00284 0.00272 0.00182
4 0.00423 0.00329 0.00339 0.00178
5 0.00253 0.00206 0.00177 0.00193
6 0.00312 0.00231 0.00227 0.00189
7 0.00255 0.00217 0.00157 0.00149
8 0.00175 0.00217 0.00157 0.00093
9 0.00308 0.00257 0.00258 0.00196
10 0.00247 0.00159 0.00135 0.00092

* Models with the least MSE are marked in bold font

forecasting.

As for the proposed Dual LSTM (DLSTM) structure, we found it successfully accom-

modates intervention. The MDLSTM models have a close performance compared to the

MLSTM models using data from time frames 1, 2, 7, and 8, which are considered as status

before coronavirus and gradually recovering. In other words, they function similarly when

there is no interference. However, at the time announcing stay-at-home order and phase 2

reopen order, or even encountering the pandemic deteriorated, MDLSTM performs better

in terms of testing loss, proving the capability of accommodating external disturbance.

Figure 3.5 visualizes the prediction results of two randomly picked times and segments:

Northbound I-405 from June 1, 2020 to June 7, 2020 andNorthbound I-5 from September

2, 2020 to September 8, 2020 Northbound I-5. In Figure 3.5(a), we used the historical data

from March 2020 to May 2020 as training data. According to the announcement dates for
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Figure 3.5: Comparison Between Ground Truth And Prediction Results From Proposed Models (a) At
I‐405 Northbound Milepost 8 To 10, (b) I‐5 Northboumd Milepost 153 To 155

several policies related to the outbreak of COVID-19, the training data were undoubtedly

under interference, which means traffic patterns in training data would fluctuate. The pre-

diction results ofMDLSTMdemonstrate the competitiveness that normal daytime and peak

hours could be detected effectively and aligned to the ground truth data. But the result of

MLSTMdiverged from the ground truth at peak hours. In Figure 3.5(b), we selected the his-

torical data from June 2020 to August 2020 as training data. Even though some unexpected

events happened, such as the phase 2 reopen order on June 19, 2020, the MDLSTMmodel

remains robust and exhibits the capability to adapt interference and follow a longer trend.

Different Training Data Duration

In this section, we aimed to determine how long the training data should trace back. Train-

ing data is a crucial element in machine learning process. The quality of the training data

will influence the model training result. In most cases, including more data for training can

improve the model performance. However, during the COVID-19 pandemic, the longer

the duration of training data, the more external events occurred. Therefore, we used one
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Figure 3.6: Testing Mean Squared Error Using Different Duration Of Training Data

month, two months, and three months data as training and validation data to predict the

TPS value for the coming month. MLSTM and MDLSTM were implemented to evaluate

the aforementioned issue. Figure 3.6 andTable 3.4 show theMSEof the twomodels in all the

experiment cases. They also demonstrate an error increment in the third (and fourth), sixth

and ninth model, which is the same as the previous section. Several policies and orders were

announced during these experiment time frames, causing the change of traffic conditions.

In terms ofMLSTM, Figure 3.6 demonstrates that using 2months data to train themodel

performs badlywhen an incident occurs. It has less input data thanMLSTM-3 and the train-

ing data does not align to the testing data in comparison to MLSTM-1. That is, it does not

have enough data and cannot observe themost recent change in traffic pattern. TheMLSTM

models have similar performance when experiments have less interventions within their du-

ration.

As forMDLSTMmodels, they have steady performance regardless of the amount of train-

ing data. The mean squared errors of using one month, two months, or three months train-

ing data do not exceed 0.002, which is a relatively low value. It indicates that MDLSTM has

the capability of achieving higher precision while using less data. It is able to capture traffic

61



patterns under interference with fewer samples.

Training Efficiency

To adjust to the most recent changes or incidents, using the samemodel is no longer feasible.

Wemay need to regenerate themodel frequently to reflect the trend of the status quo. Train-

ing time and efficiency are essential to ensure that the service can be updated frequently in an

efficient way. In this subsection, we compare the training efficiency of the proposed model

with other LSTM-based models. The models are developed using PyTorch and the experi-

ments were conducted on a computer with 2.3 GHz Dual-Core Intel Core I5 Processor.

The efficiency of eachmodelwas assessed by the training time required per epoch as shown

in Figure 3.7a. The LSTMmodel is the simplest structure and thus does not need as much

computation time as the other models whereas MDLSTM require the most training time

Table 3.4: Testing Mean Squared Error Using Different Duration Of Training Data

Index MLSTM-3 MLSTM-2 MLSTM-1 MDLSTM-3 MDLSTM-2 MDLSTM-1

1 0.00035 0.00042 0.00024 0.00021 0.00026 0.00025
2 0.00071 0.00072 0.00072 0.00069 0.00070 0.00068
3 0.00272 0.00308 0.00232 0.00182 0.00181 0.00197
4 0.00339 0.00407 0.00371 0.00178 0.00188 0.00185
5 0.00177 0.00193 0.00213 0.00193 0.00196 0.00172
6 0.00227 0.00218 0.00235 0.00189 0.00169 0.00182
7 0.00157 0.00141 0.00200 0.00149 0.00160 0.00157
8 0.00096 0.00094 0.00087 0.00093 0.00096 0.00092
9 0.00258 0.00359 0.00216 0.00196 0.00195 0.00197
10 0.00135 0.00131 0.00112 0.00092 0.00095 0.00097

* Model-N: The model is trained usingN month of data
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(a) Training Time Per Epoch (b) Training Loss (Experiment 6 Using 3 Months Data)

Figure 3.7: Training Efficiency Analysis
due to its complexity. DLSTM spends less time compared withMLSTM since it utilized less

features and has fewer parameters to train. Since the early-stopping mechanism terminated

the training processwhen the validation loss have not improved for over 10 epochs, this study

did not evaluate in the number of epochs trained. However, we can observe from Figure

3.7b that LSTMconverges the slowestwhileDLSTM,MLSTM, andMDLSTMhave similar

speed in terms of reducing training error. It proves that the multivariate and dual structure

indeed improve the baseline model and contribute to capturing obscure patterns.

3.4 Chapter Conclusion

In this study, we propose a multivariate LSTM-based network to forecast traffic parameters

under interference. The improvements and contributions of this study focus on four aspects:

1. Propose an integrated dual LSTM structure to accommodate external interventions.

2. Apply a real-world dataset and incident to evaluate the proposed method.

3. Fuse both spatial and temporal features as input to improve the model robustness.
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4. Construct an attention-based learning component to leverageboth long-termand short-

term prediction results.

Experiment results indicate that including the day of the week, the hour of the day, and

land use information in theMDLSTMmodel has the best performance during the COVID-

19 period. MDLSTMcan effectively handle the interference and capture the pattern in terms

of a longer trend. Additional features can enhance the model’s performance under fluctuat-

ing circumstances. And the dual LSTMstructure ensures that themodel takes external inter-

ventions into consideration. In addition, MDLSTM has a more lenient requirement on the

size of training data. Unlike most machine learning models, taking only one month of data

for training can achieve a satisfying result. When any incidents occur in the future, wewill be

able to spend lower computation costs to retrain a forecasting model and accurately reflect

the status quo promptly. Consequently, it is proved that the proposedmodel is more capable

of accommodating random events than basic LSTMmodels. Future studies may discuss the

extension of the method as well as parameter optimization. The number of timesteps to in-

put and the time of the historical data are not investigated in this paper. Predicting multiple

time steps for network-wide traffic data is a common subject in traffic forecasting.
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4
Traffic-Twitter Transformer: A Nature

Language Processing-joined Framework for

Network-wide Traffic Forecasting

4.1 Overview

With accurate and timely traffic forecasting, adverse traffic conditions can be proactively

predicted to guide agencies and network users to respond appropriately. However, existing
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works on traffic forecasting have primarily relied on historical traffic patterns, confining to

short-term prediction (e.g., under 1 hour). To better manage future roadway capacity and

accommodate social and human impacts, proposing a flexible and comprehensive framework

to predict physical-aware, long-term traffic conditions for network users and transportation

agencies is crucial. In this paper, the gap in robust long-term traffic forecastingwas bridgedby

including social media features. A correlation study and a linear regression model were im-

plemented to evaluate the significance of the correlation between two time-series data sets,

(1) traffic intensity and (2) Twitter data intensity. These datasets were then fed into a pro-

posed social-aware framework, named theTraffic-TwitterTransformer, which integratedNa-

ture Language representations into time-series records for long-term traffic prediction. Ex-

perimental results in the Great Seattle Area showed that the proposed model outperformed

baseline models in all evaluation matrices. This Natural Language Processing (NLP)-joined

social-aware framework promises to become a valuable tool for network-wide traffic predic-

tion and management for traffic agencies.

4.1.1 Background

Nowadays, user demand (for both people and goods) has increased significantly. Accord-

ing to a report fromDeloitte45, urban freight delivery will surge by more than 40% by 2050.

Cities are growing, and with this growth, are becoming more congested; driving the need

for intelligent solutions to address forthcoming traffic-related challenges. Intelligent Trans-

portation Systems (ITS) offers data-driven approaches to improve traffic performance and

efficiency. Reliable and accurate traffic forecasting, one facet of ITS18, is a critical topic that

has the potential to increase roadway capacity and alleviate congestion32. Traffic forecast-
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(a) Different land use
locations

(b) Traffic pattern variations under different land‐use scenarios over
morning/evening‐peak hours

Figure 4.1: Geographical Attributes And Mutual Relationship
ing is a spatial-temporal sequence prediction problem as shown in Figure 4.1, which involves

both location adjacency and temporal impact. With regard to geographic attributes and so-

cial activities (Figure 4.1a), traffic patterns might vary significantly (Figure 4.1b). Multiple

algorithms have taken these key points into consideration for predicting traffic parameters,

including speed and volume201,112,214,36,246,64. These algorithms have made notable advance-

ments in various aspects of traffic forecasting, including improving model accuracy and re-

ducing computation time.

Through advancements in methods and increased accessibility of traffic data, deep learn-

ing models have outperformed conventional methods in traffic forecasting tasks21,33. Several

of these new methods include Recurrent Neural Network (RNN), Long Short-termMem-

ory (LSTM), Convolutional Neural Network (CNN), andGraphNeural Network (GNN).

RNNshave received significant attention in handling sequential forecasting problems. How-

ever, with a deep network structure, the gradients being back-propagated have to go through

consequent matrix multiplications based on the chain rule. In this case, RNNmodels learn
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to recognize sequential patterns, but the gradient tends to either explode or vanish13. LSTM

models have the capability to address these gradient vanishing and explosion issues76. There-

fore, many studies in the last decade have leveraged LSTM184,199,79,125,216,186 to maintain a

time-related sequence and internal memory with the loop structure. CNNs, which are pow-

erful image processing algorithms that can effectively extract informative features, have been

generalized to capture spatial relationships in traffic networks. Works from Ma et al. 122 ,

Zhang et al. 239 , and Huang et al. 81 , each used CNN to detect traffic patterns from geo-

graphic figures as well as traffic time-space speed matrix and further forecast future speed.

Liu et al. 116 , Bogaerts et al. 15 , and Ma et al. 124 , further combined stacked CNNs to extract

spatial features with LSTM to integrate temporal information of traffic data. However, stan-

dard CNN-based approaches are incapable of dealing with various topological structures of

traffic networks. To address this issue, researchers began to train traffic networks as a graph

and applied GNNs to extract patterns from graph-structure data110,36. Most of the afore-

mentioned methods focused on short-term forecasting, with time periods ranging from 5

minutes to 1 hour ahead. Moreover, unanticipated complications, such as crashes and the

COVID-19 pandemic, significantly affect prediction results. In this case, other meaningful

auxiliary data, such as social media data, were examined to fill the gap for robust long-term

forecasting.

Social media has evolved considerably in the past decade and is now extensively used to

shareuser-generated information, sentiments, andother formsof expression22. Consequently,

Twitter has become a powerful tool for gathering information from a reasonably large and

diverse user pool. Since tweets can be retrieved with a relatively small building and mainte-

nance costs, this data source can be treated as another type of sensor, such as loop detectors,
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for traffic conditions. A Seattle Mariners game, for example, may impact traffic near the T-

mobile park (the stadium where the Mariners play). Those attending the game may post

tweets about proximate traffic, which indirectly contributes information that has the poten-

tial to help with traffic forecasting.

Various studies have attempted to integrate social media data into transportation research.

He et al. 70 examined the possibility of using rich information in online social media to im-

prove traffic prediction. The authors analyzed the correlation between traffic volume and

tweet counts with various granularities. An optimization framework was also proposed to

extract traffic indicators based on transformed tweet semantics. A recent work222, dedicated

to traffic forecasting with multi-source data features, considered leveraged machine learning

models with tweet semantics to predict morning traffic conditions. The experimental results

showed the capability of robustly learning traffic patterns from tweets semantics when com-

pared to other algorithms with the proposed approaches. Other studies241,60 attempted to

examine the relationships between words in tweets and traffic crashes. They identified im-

portant key terms in tweets to determine traffic incidents through tweet data mining.

Based on the previously described research, some inherent limitations are summarized to

give incentive for innovation:

• Ignore the culture impacts in prediction tasks. Most of the previous research took

common features, such as speed, volume, weather conditions, and roadway geometry,

into consideration for traffic forecasting. Yet, cultural-related events (e.g., Black Lives

Matter (BLM) rallies), which can severely influence traffic conditions, should also be

considered.

• Social impacts are not considered in the predicting values. In some of the previ-
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ous research, social information is considered as part of the input. However, the final

output still mirrors classical traffic patterns (i.e., volume and speed), with less consid-

eration of physical attributes combination. New interpretable traffic matrices need to

be proposed and further integrated with human activities.

• Lack of a flexible long-term traffic forecasting approach. Prior studies mainly fo-

cused on short-term forecasting. It is hard to model long-term spatial and temporal

trends even using graph-based algorithms. The graph-structure connectivity also con-

strains the flexibility of data aggregation for each road segment. To tackle this problem,

a new, flexible comprehensive model, that incorporates temporal-spatial dependence

and tweet information, is required.

4.1.2 Contributions andOrganization

Inspired by the previously discussed research and their limitations, this study expands the

temporal scale frompredictingmorning-peak traffic222 to thewhole day network-wide traffic

performance. This work proposes a NLP-joined social-aware traffic forecastingmodel, origi-

nated fromTransformer196, with a temporal encoder as opposed to a positional encoder, and

includes social media features. Tweet data and traffic data can each be fed into the proposed

model to predict an accurate long-term network-wide traffic performance. Unlike previous

studies, this work utilizes a more interpretable and inclusive matrix, called the Traffic Perfor-

mance Score (TPS)41, to evaluate traffic conditions. Due to the integration of social media

features, which contain personal opinions, the TPS (which ranges from 0% to 100%), is a

superior explanatory and comprehensive matrix to assess network-wide traffic states, rather

than predicting classical metrics, such as speed or volume.
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In summary, the contributions of this paper are listed as follows:

1. A correlation study is conducted to prove that it is meaningful to involve social media

features in the model, with a strong correlation between traffic data and Twitter data.

2. An NLP-joined social-aware framework, Traffic-Twitter Transformer is proposed to

increase robustness under various unexpected events.

3. The forecasting results rely on historical traffic patterns as well as varied social media

features to improve the model’s flexibility and robustness.

4. A time encoder is applied to replace the positional encoder in the originally developed

Transformer. The time encoder allows the model to keep the recurrent characteristic

from the sequential time-series input.

5. An ablation study shows the causality of the proposed model and how each Twitter

feature impacts traffic forecasting.

The remaining section of this chapter is organized as follows: In Section 4.2, two selected

datasets that capture the spatial-temporal correlationswill first be introduced: theTPSdataset

and the Tweet dataset. A correlation Study will also be conducted to demonstrate that tweet

features could significantly contribute to traffic forecasting tasks. In Section 4.3, we pro-

pose an end-to-end architecture, Traffic-Twitter Transformer, to deal with original traffic and

tweet data. Several innovation claims will be described in detail in this section. Section 4.4

presents the experimental results and related analysis. Many state-of-the-art baseline models

will be implemented and comparedwith our proposedmodel among the variouswidely-used
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evaluation metrics. This chapter is concluded in Section 4.5, which summarizes the contri-

butions of the proposed model and identifies future directions.

4.2 Data Preprocessing

A combination of the TPS dataset and the tweets dataset fromMay 1st, 2020 toAugust 31st,

2020, are analyzed.

4.2.1 Traffic and Tweet Data Collection

TPS Dataset

The TPS dataset41 is collected from roughly 8000 inductive loop detectors deployed on the

freeway network in the northwestern region of Washington State. The freeway network

mainly includes several major freeways, such as I-5, I-90, I-405, and SR-520. It assigns the

freeway to 106 segments andmeasures the average volume and average speed of each segment

with 15-minute intervals for calculating TPS. TPS, the prediction target of this research, is

an indicator to measure the traffic performance of the traffic network. It is a value ranging

from 0% to 100%. Overall network-wide traffic condition is the best when the TPS is 100%

and worsens when TPS closes to 0%.

Tweet Dataset

The tweets dataset is collected based on the location of the traffic network from the TPS

dataset and Seattle’s population distribution. Specifically, tweets from 14 sites are acquired,

using a 5 kilometers buffer around the center of each segment from theTPSdataset, as shown

in Figure 4.2. These tweets are then assigned to their respective segments, which are then
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Figure 4.2: Location Segments Of Collected Tweets

applied to construct tweet feature matrices. The time interval is aligned with the 15-minute

interval of the TPS dataset. Because tweets are clustered together, aggregation of the features

from each tweet is required.

4.2.2 Tweet Text Processing

Three semantic features are extracted fromtheTweetdataset: term frequency features, traffic-

related features, and event-related features.

Firstly, term frequency reflects specific traffic conditions. Specific terms, such as ”conges-
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tion” and ”roadblock,” may correspond to traffic states, which is valuable information for

traffic forecasting. In order to convert tweet terms to a numerical matrix, we transformed

them into a high-dimensional matrix of token counts. The document-term frequency ma-

trix showed that the vocabulary size was 91812 (91812 unique tokens.) When a threshold of

three was established to filter out those words with low counting frequency, the dimensions

of the frequency matrix were too large and computationally burdensome. Therefore, trun-

cated Singular Value Decomposition (SVD), a dimension reduction approach, was applied

for our following computations. Truncated SVD is similar to traditional SVDmethods, yet

works well on sparse matrices like count and TF-IDF matrices65. The desired dimension for

the frequency matrix was identified as k = 100, which explains approximately 80% of the

variation as shown in Figure 4.3. To indicate the final term frequency for a segment at a cer-

tain time, all the transformed document-term frequencies were simply summed as a single

value.

Figure 4.3: Explained Variance Ratio From K = 1 To 1000 With TruncatedSVD

Second, trafficcrashes candirectly affect transportationoperationsbybreakingdown segment-

wise traffic. Therefore, traffic-related features require extraction to better represent traffic
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Table 4.1: Traffic‐related Keywords

police, accident, traffic, crash, road, car, vehicle, highway,
driver, county, injured, injuries, scene, hospital, died, patrol,
morning, happened, dead, driving, department, involved, ve-
hicles, passenger, hit, truck, monday, left, lane, killed, struck,
closed, investigation

conditions. Specifically, the number of traffic-related tweets was counted based on traffic-

related keywords, listed in Table 4.1, as proposed by Zhang et al. 241 .

Third, event-related features were extracted as, they too, have the potential to greatly alter

traffic conditions. For example, Figure 4.4 demonstrates that June 3rd, 2020 (Wednesday)

had a significantly different pattern than the same day of the two subsequent weeks (June

10th, 2020 and June 17th, 2020) in Downtown Seattle. Certain high-frequency words were

discovered from Twitter data, as shown in Table 4.2. These words are closely tied to Black

LiveMatters andDefund Seattle Police rallies held in theDowntown andCapitolHill neigh-

borhoods of Seattle on June 3rd, 2020. As a result, there were additional, and unanticipated,

road traffic controls implemented in and around these neighborhoods. Event-related fea-

tures in this study were derived by counting the number of tweets containing event-related

keywords.

Table 4.2: Event‐related Keywords

blm, BlackLivesMatter, Ahmaud Arbery, Breonna Taylor,
George Floyd, Jacob Blake, AllLivesMatter, protest, privilege,
police, Seattlepd, Durkan, durkanresign, Anderson, mayor-
jenny, realdonaldtrump, seattlepd, hard, capitol, privilege
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Figure 4.4: Difference Of TPS At Downtown Seattle In 3 Weeks

4.2.3 Traffic-Tweet Correlation Study

In order to confidently include tweet features as inputs to predict traffic states, it is essential

to confirm whether there is a statistically significant correlation between tweets and traffic

features. Before the correlation analysis, it is practical to detrend time-series datawith evident

periodic fluctuations.

Data Detrending

The periodic characteristic of traffic and social media patterns can be shown in Figure 4.5a

and Figure 4.5b. These seasonal fluctuations can strongly affect correlation studies and need

to be removed. To detrend these patterns in time-series data, the process outlined in70 is

followed. To exclude these patterns in the subsequent correlation analysis, the variation was

estimated and then subtracted from both traffic and tweet data to get the detrended version.

with regard to the traffic data, the variation component sh,d can be formulated as:

sh,d =

∑
{t|(h,d)} v

t

|{t|(h, d)}|
(4.1)
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wherev ∈ RT denotes theTPSdata, T is the total number of time stamps, and its tth element

vt is the TPS averaged over all detectors in timestamp t. Besides, |{·}| denotes the number

of elements in the set and pair (h, d) consists of h = 0, ..., 23 and d = 0, ..., 6.

Thus, the detrend TPS v′ ∈ RT can be defined as followed:

v′ = vt − sh,d. (4.2)

The Twitter data c ∈ RT follows the same procedure to access the detrended version c′.

Figure 4.5 shows the comparisonof the original data and thedetrendeddata for both traffic

(a) Hourly Traffic Intensity (b) Hourly Tweets Intensity

(c) Detrended Hourly Traffic Intensity (d) Detrended Hourly Tweets Intensity

Figure 4.5: Traffic And Twitter Data Detrending Process
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and tweet intensities. The recurrent patterns in Figure 4.5a and Figure 4.5b can be clearly

observed. After detrending by Equation 4.2, both their original periodic patterns, as shown

in Figure 4.5c and Figure 4.5d.

Correlation Analysis

As a first step towards predicting traffic intensity using Twitter data, the correlation between

social activity and the traffic intensity measure is investigated. The relationship between av-

erage TPS and average tweets counts across the days of the week is illustrated in Figure 4.6.

The Pearson correlation between TPS and tweet counts is -0.223, indicating a negative rela-

tionship between the two variables, with TPS increasing as tweet count drops.

Figure 4.6: Traffic And Tweets Intensity Visualization By Day Of Week

The correlation analysis took the time lag impact of TPS and tweet counts into account,

whichmaybe identifiedusing historical data to predict the current state. Figure 4.7 shows the

cross-correlation results between the current detrended traffic intensityv′ and the detrended

tweets activity intensity c′ over the previous 24 hours with a time resolutions of 1 hour. The
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Figure 4.7: Cross Correlation Between Traffic Tweets Intensity

height of the blue bar at time lag δt represents the correlation between v′t and c′t−δt. The

cross-correlation is negative when the time lag is within 10 hours and shows a sine wave over

time. This implies that when Twitter activity is lower than usual, traffic performance on the

road network is higher (better) than the average in the near future, assuming a 10-hour time

lag.

Further, the significance of the correlation between the two time-series data sets is evalu-

ated by combining historical traffic intensity (v′t−δt), and current and lagged tweet intensity

(c′ and c′t−δt), to the auto-regressivemodel for current traffic intensity prediction173. Specif-

ically, current traffic intensity v′ can be predicted by the following linear regression model.

v′t = α + β1v
′t−1 + β2c

′t + β3c
′t−1 (4.3)

where α is the intercept, β1, β2, β3 are coefficients associated with traffic and Twitter data

with various lags. The results are shown in Table 4.3 with an R2 as 0.776. The detrended

tweets count with a one-hour time lag (c′t−1) prove to be statistically significant with a p-
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Table 4.3: Results Of Linear Regression For Correlation Study

Coefficient Value Std. Error p-value

α -0.0013 0.000 0.90

β1 0.8809 0.009 0.00*

β2 -0.0640 0.004 0.095

β3 -0.0844 0.041 0.041*

value of 0.041. The negative correlation between TPS and tweets data is consistent with the

previous analysis.

The results of correlation analysis in Table 4.3 confirm a statistically significant relation-

ship between TPS and tweet characteristics. As a result, it is meaningful to incorporate twit-

ter features into the proposed model for network-wide traffic forecasting.

4.3 Methodology

Inspired by a well-known NLP model, Transformer196, the original architecture has been

modified for the task of long-term network-wide traffic forecasting. The proposed Traffic-

Twitter Transformer model, as shown in Figure 6.1, consists of three main blocks: Data fu-

sion block, Traffic-TwitterTransformer encoder block, and decoder block. Before diving into

the detail of the methodology, we first describe the preliminaries as follows.

4.3.1 Preliminaries

Changes in traffic conditions for any reason, can propagate (shockwave) congestion back-

ward and forward and potentially impact connecting road segments146. Thus, to consider
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Figure 4.8: Traffic‐Twitter Transformer architecture

robust traffic forecasting, network-wide traffic data matrices must be utilized39. For this

work, a traffic data matrix is constructed through historical data collected from segment sen-

sors across the entire network. The matrix consists of N previous timestamps before time

T inM segments. Each element xm
t symbolizes the traffic condition inmth segment at tth

timestamp:
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XT
M =



xT−N
1 xT−N

2 ... xT−N
M

xT−N−1
1 xT−N−1

2 ... xT−N−1
M

...
... . . . ...

xT−1
1 xT−1

2 ... xT−1
M


(4.4)

Meanwhile, the Twitter feature matrix is constructed using tweets from May 1, 2020, to

August 31, 2020. First, tweets are collected and assigned to the nearest segment based on the

distance between the center of the bounding circle and the segment. Then the remaining

tweets are filtered for traffic- and event-related keywords. Ultimately, of the 687,803 original

tweets, 150,736 traffic-related tweets remained, and 46,276 event-related tweets remained.

The matrixC ∈ RN×(K×M) can be defined as the following equation:

CT
K×M =

[
C1

T
M C2

T
M ... CK

T
M

]
(4.5)

where C1
T
M , C2

T
M , ..., CK

T
M ∈ RN

M . Each of the submatrices represents one type of tweet

count matrix consisting of N previous timestamps before time T in M segments. More

specifically, traffic-related and event-related tweets are collected in the Greater Seattle area;

therefore, N should be 2 to describe two types of features that were included in this study.

The research problem can be described as: given the historical traffic data matrices and

Twitter featurematrices with time series [T −N, T −N +1, , T −1], can the network-wide

traffic condition Ŷ T
M inM segments at timestamp T be predicted? The procedure developed

in this work to forecast network-wide traffic conditions can be presented as:
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Ŷ T
M = G(XT

M , C) (4.6)

where G is the Traffic-Twitter transformer, the primary algorithm proposed in this study.

The objective is to minimize the difference between the sequence of predicted TPS Ŷ M
T and

the ground truth data Y M
T .

4.3.2 Data Fusion and Time Encoder Component

Based on the designed architecture as shown in Figure 6.1, traffic-related features and Twit-

ter features are fused together at the beginning. Here column-wise concatenation is used to

transform them into a long vector X̄t in the data fusion block, as follows:

X̄t = Xt ⊕ C1 ⊕ C2 ⊕ C3 (4.7)

where C1 is the tweet term frequency feature, C2 is the traffic-related tweet feature, C3 is

the event-related tweet feature, and⊕ represents the fusion process (here use concatenation

process as an example). Each aggregated long vector represents multiple features in a specific

timestamp, such as a TPS score, traffic volume, average speed, and corresponding Twitter

features.

The sequence of fused data is then encoded with the time encoder. This series of data

is entered into the Traffic-Twitter Transformer model concurrently, unlike the RNN-based

model. The input elements in the original transformer model only notify the model about

the input order depending on their index in the sequence. To account for the order of the

traffic information in the input sequence and also maintain the temporal recurrent charac-
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teristic3, a time-encoded vector is added to each input data. These vectors are generated from

the time encoder, which replaces the positional encoder in the original Transformer architec-

ture.

The time encoder generator can be separated into two parts. The first requires the gener-

ation of the original positional encoder features as formulated:

τt(k) =


sin(pos/10000k/dτ ) , k is even

cos((pos/10000(k−1)/dτ ) , k is odd
(4.8)

where τt(k) is the kth feature, pos is the position in the sequence and dτ is the dimension of

the encoder features. For the 2D positional encoding matrix, the size of the row is the length

of the input sequence, and the number of columns would be equal to the number of input

features. For example, 12-steps of historical data are usedwith 64 different features to predict

future traffic conditions. The shape of the positional encoding matrix would be [12× 64].

4.3.3 Traffic-Twitter Encoder-decoder Architecture

Meanwhile, the second part of the time encoder requires the extraction of seven-dimensional

time features and combining them into the time encoder. Thenormalized seven-dimensional

time features are minute, hour, dayofweek, day, dayofyear, month, and weekofyear. Specif-

ically, the input embedding sequence is concatenated with the positional encoder features

and the additional time features as followed:

X̃t = W (X̄t ⊕ τt ⊕ Tt) (4.9)
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whereW ∈ Rdτ×(2dτ+Dimt) is the weight matrix,Dimt is the temporal feature dimension,

Tt is the time feature, and ⊕ is the symbol of concatenation. Finally, the processed input

sequences are fed into the encoder block to further extract inherent traffic states.

Then, the input vectors are sent to a Multi-headed Attention cell in the encoder block,

which accesses all input sequences for hints that might aid in better encoding traffic seman-

tics. It is an approach that inherently can capture meaningful representation from complex

vectors. Different learnable neural networks can project the encoded sequence of input into

three matrices (Query (Q), Key (K), and Value (V)) in the attention mechanism:

Q = X̃tWQ (4.10)

K = X̃tWK (4.11)

V = X̃tWV (4.12)

Specifically, the key matrix comprises representations of road networks. And the dot prod-

uct of the query and key matrix in Equation 4.13 is essentially a matrix of similarity scores.

The dot computationmay be thought of as an aggregation procedure for combining spatial-

temporal information. Besides, the final attention weights provide the flexibility to integrate

spatial-temporal representations:

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (4.13)

where Q,K, V ∈ RN×dk , and dk can be utilized as a scaling factor which provides a more

stable gradient to the model196. It can be further expanded to multi-headed attention. By
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repeating the attention mechanism h times, the multi-headed output can be attained as:

MultiHeaded(Q,K, V ) = Concat(head1, ..., headh)W
O

headi = Attention(QWQ
i , KWK

i , V W V
i )

(4.14)

where dk = dv = dmodel/h, WQ
i ,WK

i ,W V
i ∈ Rdmodel×dk , and WO ∈ Rhdv×dmodel . In

this study, the number of heads (h) is set as 8, adhering to the recommended configuration

proposed by previous research196.

After processing through a multi-headed attention cell, the processed data is passed to a

position-wise fully connected feed-forward network. The representation data generated by

the encoder block is sent to the decoder block as input data.

The decoder block takes the representation data received from the encoder and the last

timestamp of traffic-related dataXT−1 as inputs to perform a step-wise prediction multiple

steps ahead for future traffic conditions. A masked attention mechanism is applied to mask

future positions to prevent data leakage and only allow attending the earlier positions in the

output sequence. A linear feed-forward network is assigned as the last step to improve the

expressiveness of the model and reshape the output to be the same as the sequence of label

data. The outcome of each step is fed to the bottomdecoder in the next step, and the decoder

uses the inputs to predict the next timestamp results.

After developing the aforementioned technical approaches, three widely-used metrics in

traffic forecasting (Mean Squared Error (MSE),MeanAbsolute Error (MAE), andMeanAb-

solute Percentage Error (MAPE)) were selected to evaluate themodel accuracy, which can be
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calculated using the following equations:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (4.15)

MAE =
1

n

n∑
i=1

|yi − ŷi| (4.16)

MAPE =
1

n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣× 100% (4.17)

where yi and ŷi represent the ground truth and predicted value respectively.

4.4 Experiments

4.4.1 Experiment Setting

Each data set was collected at a 15-minute interval in the Greater Seattle area fromMay 2020

to August 2020. Three months of data were used as the training dataset, and 15 days were

used as the validation and the testing dataset respectively. In order to achieve the goal of

long-term forecasting, methods suggested by Essien et al. 50 were used to set 12-steps ahead

as a target for multi-step forecasting. Conclusively, an end-to-end long-term network-wide

forecasting was executed, predicting the upcoming 12-steps ahead (3 hours ahead) given 12

historical sequences of data.

4.4.2 Experiment Results Analysis and Comparison

Based on the description of the model in Section 4.3, each input sequence X(TPS)i is a

3D matrix with the shape B × 1 × (Num_of_Segment · 3) where B is the batch size

and Num_of_Segment is the total number of the segments in the network. It is a ma-
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trix with 12 historical sequences of data. The last dimensionNum_of_Segment · 3, con-

sists of each segment’s TPS, volume, and average speed. The Twitter data were fed into

the data fusion block to fuse with the traffic 3D matrix. Because the prediction model is

many-to-many, the length of the output is 12. Therefore, the shape of the final output is

[B, 12, Num_of_Segment].

Comparisonwith BaselineModels forNetwork-wide Traffic Condition

Prediction

Five baselinemodels that have the ability to predict the traffic condition of thewhole network

were selected to comparewith theTraffic-Twitter Transformermodel developed in this work:

1. S-LSTM: Stacked LSTM (S-LSTM)39 is a networks with several stacked LSTM hid-

den layers. With the stacked-layers mechanism, the forecasting performance can en-

hance significantly. In the experiment, the number of layers was set to be 2, which

means it is a two-layer LSTM structure.

2. AGC-Seq2Seq: Attentiongraphconvolutional sequence-to-sequencemodel (AGC-Seq2Seq)242

approach, unlike the LSTM model, has an encoder receiving the sequence of input

and generating an encoded vector. It also has a decoder to accept this encoded vector

and generate the output. It incorporates Graph Convolutional Network (GCN) and

RNNmodules to capture the spatial-temporal dependency.

3. AGCRN:AdaptiveGraphConvolutionalRecurrentNetwork (AGCRN),which com-

bines Node Adaptive Parameter Learning module and Data Adaptive Graph Genera-

tion module with recurrent networks for the multi-step traffic prediction task11.
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4. Original Transformer: Transformer196 has first developed in NLP-based research

thenwas applied to various aspects, including transportation engineering. With the at-

tentionmechanism, themodel can learn longer time-series data and perform a promis-

ing forecasting result. In the experiment, the number of heads in the multi-head at-

tention process was set as 8; besides, the number of layers in the encoder and decoder

is 6. All these hyperparameters are the same as the original setting in196.

5. GMAN: GraphMulti-AttentionNetwork (GMAN) employs an encoder-decoder ar-

chitecture, in which both the encoder and the decoder are made up of numerous

spatio-temporal attention blocks, to model the traffic states246.

We applied the default settings for the above baseline models from their original studies.

From amodel perspective, it is important to note that, without the data fusion block (Equa-

tion 4.7), the baseline models cannot combine traffic and twitter features. Some baseline

models do not support multivariate input data either. The proposed model, Traffic-Twitter,

is the only model with the ability to benefit from this component in the following experi-

ments.

Table 4.4 reflects the network-wide prediction from each of the six different models (the

model proposed in this work and the five comparison models). The S-LSTM model can

be considered the baseline for all deep learning-based approaches. Given a more complex

architecture with an encoder-decoder structure, the AGC-Seq2Seq model performed better

than the S-LSTM in all three metrics. The Transformer achieved a better performance than

theAGC-Seq2Seq, and theGMANmodel exhibits performance comparable toTransformer.

This suggests the attentionmechanism is capable of learning long time-series patterns and of

achieving compelling results. The Traffic-Twitter Transformer presents the best score across
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Table 4.4: Network‐wide Overall Performance Comparison Of The Proposed Model With Baseline
Models

Model MSE MAE MAPE

S-LSTM 0.0028 0.0207 2.9168%

AGC-Seq2Seq 0.0025 0.0202 2.7929%

AGCRN 0.0026 0.0201 2.7358%

Original Transformer 0.0021 0.0160 2.3315%

GMAN 0.0021 0.0151 2.2527%

Our Model* 0.0019 0.0135 2.0141%

* OurModel: Traffic-Twitter Transformer

all evaluationmetrics, suggesting that it ismore suitable for application in comparatively non-

stationary traffic conditions.

The step-wise prediction results were further investigated to compare the performance in

time steps ahead as follows: 15 minutes, 60 minutes, 120 minutes, and 180 minutes ahead.

The results are shown in Table 4.5. The S-LSTMmodel displayed a competitive prediction

result for the 15-minute ahead task; however, its prediction decreased significantly when

additional timestep prediction processing was applied. This was anticipated because the

S-LSTM can only access the latest former hidden state and cell state, which presents embed-

ding information of previous steps. Thus, the prediction performance predictably decreases

when processing a long-term prediction. The AGC-Seq2Seqmodel produced a similar find-

ing but with slightly better outcomes. Its architecture, with a more reliable encoder-decoder

structure, was likely the primary driver of the improvement.

Surprisingly, AGCRN outperformed all other models in a 15-minute prediction chal-
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Table 4.5: Step‐wise Performance Comparison Of The Proposed Model With Baseline Models
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lenge regardingMSEperformance. For long-termoccupations, however, its forecast accuracy

steadily decreased. In contrast, the Transformer model supplies all historical data concur-

rently and determines which timestamp data is crucial by giving those inputs weights, thus

generating a more competitive result. With a Transformer-like architecture that includes an

encoder-decoder structure and a multi-attention mechanism, GMAN produced a compara-

ble result. The model proposed in this work, the Traffic-Twitter Transformer, delivered the

best performance across each of the four time steps. The proposed enhancement in the archi-

tecture, taking both traffic data and Twitter features into consideration, shows an effective

result in complicated network-wide long-term traffic forecasting.

Ablation Study of Twitter Features and Time Encoder

In this experiment, each Twitter feature and time encoder are removed sequentially and the

performance decrements are computed to determine how much each of them contributed

to the model prediction. The results are shown in Table 4.6.

Theperformance of the proposedmodel, theTraffic-TwitterTransformer, suffers themost

significant MSE decrement from 0.00186 to 0.00203 when the traffic-related characteristics

were disregarded. The removal of the time encoder also significantly impacts overall MSE

performance. Contrarily, the MSE suffers a relatively small decrement when either the fre-

quency term or event-related features are ignored. These results suggest the importance of

the inclusion of social media data, particularly tweets with traffic-related semantics. They

also validate the replacement of the original positional encoder with the time encoder. There

are three critical reasons for this: (1) The frequency-term features reflect a pattern of daily

activity that combines all types of tasks, including current traffic states, none of which has a
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strong correlation to traffic conditions; (2) event-related features have time-sensitive tempo-

ral and spatial characteristics, which have the potential to help improve particular cases, but

less than the traffic-related features, which mainly focus on traffic states in the network; and

(3) the temporal features provide more crucial information in traffic forecasting tasks than

positional indices.

Table 4.6: Ablation Results Of Removing Particular Feature

Description MSE

Remove event-related feature 0.00195

Remove document-term frequency 0.00199

Remove traffic-related feature 0.00203

Remove time encoder 0.00204

* Proposed Traffic-Twitter Transformer MSE: 0.00186

4.5 Chapter Conclusion

A novel NLP-joined social-aware transformer model, Traffic-Twitter Transformer, is pro-

posed in this paper for network-wide traffic forecasting. The contributions concentrate on

five aspects:

1. A traffic and Twitter data integrated structure is proposed to accommodate external

interventions.

2. Real-world datasets were used to evaluate the proposed method.

3. Both spatial and temporal features are fused in an end-to-end architecture to improve

the model robustness.
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4. A time encoder is designed to replace the positional encoder to retain time dependency

from data with strong temporal characteristics.

5. Twitter features are summarizedwith great potential to help improve traffic condition

prediction.

According to the correlation analysis, it is clear that Twitter features can be included as im-

portant factors that can impact traffic conditions, especially when unforeseen events happen.

The experiment results reveal that Traffic-Twitter Transformer is the most accurate model

in predicting the overall network-wide traffic performance as compared to five competitive

comparison models. The proposed model also delivers superior results in all timestep-ahead

predictions, which suggests the Traffic-Twitter Transformer can accommodate complicated

spatial dependency and expand the ability to model long-term temporal dependence. A po-

tential negative impact of this research is the time-sensitive tweet data. If some unanticipated

events might occur in a short time period with less discussion on Twitter society, the model

may not benefit from these additional tweet features.

Future works can be divided into three aspects: (1) Twitter dataset can be further inves-

tigated to extract meaningful semantics, (e.g., local sports events); (2) more traffic network

data sets can be used to evaluate the proposed model and validate its generalizability; and (3)

self-supervised learning and other representation learning algorithms may be used to learn

meaningful embeddings, which can help with a variety of downstream tasks, including traf-

fic forecasting.
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Part III

Prediction with Representation Learning
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5
An Incremental Learning-based Framework

for Non-stationary Traffic Representations

Clustering and Forecasting

5.1 Overview

To curb the growth of COVID-19, many rules, including a work-from-home policy, were

issued in 2020. While these limits successfully prevented the virus’s transmission, they com-
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pletely altered original mobility patterns, resulting in considerable reductions in travel time

and vehicle miles traveled. Under this non-stationary data stream, the US Department of

Transportation struggled to anticipate future traffic conditions. Obviously, two essential

challenges need to be addressed immediately: 1) it is challenging for transportation agencies

to learn representative traffic patterns from the continually changing traffic circumstances.

And 2) when and how should the forecasting model be updated to learn new patterns with-

out forgetting previous tasks? We proposed an incremental learning-based framework for

non-stationary data clustering and forecasting in transportation scenarios to tackle the is-

sues mentioned above. It is a dual-module architecture that includes a Temporal Neighbor-

hood Clustering module and an Incremental Learning module. The objective of the first

component is to dynamically detect the optimal boundary for clustering statistically similar

neighbors by enlarging both the in-group similarity and between-group dissimilarity. The

second module applies the online-Elastic Weight Consolidation (EWC) approach, which is

commonly used in image classification tasks but rarely in regression models, to learn new

tasks and avoid catastrophic forgetting, which is a typical occurrence while training neural

networks with multiple tasks. Experiments on the Greater Seattle Area employed loop de-

tector data collected in 2020 yielded reliable prediction performance in both robustness and

accuracy. The dual-module framework can generate promising results from pre-COVID-19

to post-COVID-19 time frames. This framework would aid government agencies and the

general public in developing long-term policies and strategies for post-pandemic intelligent

transportation systems.
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5.1.1 Background

Multiple affecting factors, including accidents and special events, significantly impact traffic

states188. The COVID-19 pandemic is one of the most influential phenomenons that re-

shapes overall urban mobility patterns. Traffic performance in the major cities worldwide

can hardly return to its original levels even in the current post-pandemic era55. Accordingly,

the constantly changeable spatial-temporal mobility patterns aggravate the difficulty of traf-

fic forecasting186. Accommodating non-stationary data streams and learning when and how

to update the trained model has become a critical topic for transportation agencies.

Figure 5.1: Non‐stationary Traffic Patterns In Seattle During Pandemic192

Traffic prediction has become an active research topic over decades, notably in recent years

with the growth of artificial intelligence123. Traffic prediction approaches have been grad-

ually changing from conventional statistical models to data-driven machine learning-based

methods as the volume of traffic data and computing capabilities have increased exponen-
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tially201. However, most of the algorithms were applied to relatively stable conditions with-

out considering dramatically unexpected events in the real world that can directly affect the

statistical distribution of the experimental data. Few researchers have proposed fine-tuning-

based approaches to deal with shifting patterns40. They may still have a high probability of

suffering from catastrophic forgetting problems.

Deep learning algorithms have yielded several advancements in a variety of fields but are

still plagued by catastrophic forgetting issues. During the fine-tuning process, parameters in

trained neuronswill be adjusted to fulfill the current objective: minimize the loss of the given

loss function, which is one of the primary causes of catastrophic forgetting157. Simply said,

the direction of the gradient while calculating backward-propagation on ”task B” might be

totally opposite to the one from the original model that trained on ”task A”118. The model

will gradually forget the previously trained tasks throughout the retrained process. In this

case, ”Stability-Plasticity Trade-off” is presented to balance the flexibility of acquiring new

knowledge and the stability of consolidating what models have already learned133.

Over the past five years, incremental learning algorithms emerged as one of the most rep-

resentative methods in solving the problem of stability-plasticity trade-off93,7,232. Still, most

of them paid more attention to image classification fields, including handwriting recogni-

tion145. There is still a considerable gap in applying incremental learning algorithms to re-

gression tasks, especially in transportation scenarios. This vacancymight become the primary

constraint for real-world regression applications, such as traffic forecasting. Besides, the se-

ries of learning tasks were well-defined and provided in the previous incremental learning

research, which is impractical in regression tasks because the time-series data is collected con-

tinually without splitting.
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5.1.2 Contributions andOrganization

Traffic forecasting is a classical regression task that attempt to predict future traffic condi-

tions. Multiple variables influence traffic performance, including accidents, weather, and

special events. The pandemic of COVID-19 is an example of a event that has a significant

impact on travel patterns. This makes it harder to comprehend the ever-changing nature of

network-wide traffic and to foresee how it will behave throughout the epidemic. To solve the

challenges mentioned earlier in regression tasks and accommodate non-stationary traffic, we

propose a dual-module architecture, which combines a Temporal NeighborhoodClustering

module and an Incremental Learning component, in this paper for dynamically detecting

the appropriate splitting points also learned the sequence of tasks without forgetting. Mean-

while, the framework is capable of taking multivariate into account to make the design more

robust and versatile. To sum up, the contributions of this paper are listed as follows:

1. A novel clustering method is proposed to split the whole non-stationary dataset into

several pieces properly.

2. The applied incremental learning model considers spatial-temporal traffic features to

learn patterns in each task without forgetting.

3. The incremental learning-based technique is successfully utilized to solve the regres-

sion tasks in traffic forecasting problems.

The remainder of this chapter is structured as follows: In Section 5.2, we explain the prob-

lem and present the dual-module architecture, which includes a temporal neighborhood

clustering module and an incremental learning module. Experimental setups are presented
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in Section 5.3, followed by assessment outcomes and prediction performance comparison

among all baseline frameworks. We end with some insights and point out possible future

studies to develop ideas to suit non-stationary traffic patterns in Section 5.4.

5.2 Methodology

5.2.1 Problem Statement

The collected sequential non-stationary data is presented as XM
TK

in M segments since the

current timestamp is T :

XM
TK

=



x1
T−K x2

T−K ... xM
T−K

x1
T−K+1 x2

T−K+1 ... xM
T−K+1

...
... . . . ...

x1
T−1 x2

T−1 ... xM
T−1


(5.1)

Each element xm
tk
represents the traffic state in mth segment at tthk timestamp. Here the

traffic state represents the average traffic volume and it can be further concatenated by average

speed, andTraffic Performance Score (TPS)41. The number of rows inXM
TK

can be extremely

large depending on when the data started to collect.

Due to unexpected events (i.e. COVID-19), the original long-term traffic patterns would

be non-stationary and the data distribution can be shifted significantly. To keep the simi-

lar data distribution between training and testing data, we will feed the original traffic states

XM
TK

as an input into the Temporal Neighborhood Clustering moduleG. This module can

help split the original dataset into several subdatasets (i.e. sub-groups) (D1, D2, ..., DN ) to

enlarge the in-group similarity and the between-group dissimilarity. Specifically, we will use
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KL-divergence to measure the divergence of one probability distribution from another:

{D1, D2, ..., DN} = G(XM
TK

) (5.2)

The subdatasets can be recognized as a series of different tasks. They will be utilized se-

quentially to train the incremental learning-based model I . Meanwhile, an Elastic Weight

Consolidation (ewc) module will also be involved to store the diagonal Fisher information

from previous tasks. The incremental learning-basedmodel can be initialized as a model (I0)

that is well-suited to time series data, such as Recurrent Neural Network (RNN) or Long

Short-term Memory (LSTM). And the initialized EWC module (ewc0) can be assigned as

None. Therefore,

Ii = Ii−1(Di, ewci−1) (5.3)

ewci = ewci−1(Ii) (5.4)

where i ∈ {1, 2, ..., N}. Both I and ewc would be updated according to the current new

task and the previously learned tasks. The mathematical equation will be described in the

following section. After learning from each task, the final incremental learning model IN is

capable of predicting traffic states in each task (Di):

Ŷ M
TDi

= IN(Di) (5.5)

Overall, the objective of the proposed framework is to split the original dataset properly

and minimize the difference between the predicted traffic states Ŷ M
TDi

in each subdatasetDi

and the ground truth data Y M
TDi

.
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5.2.2 Dual-module Architecture Description

The proposed framework, as shown in Figure 6.1, consists of two main components: the

TemporalNeighborhoodClusteringmodule and the IncrementalLearning component. Each

of them is well-described as follows.

Figure 5.2: Incremental Learning‐based Architecture For Traffic Forecasting

Temporal Neighborhood Clustering Module

It is vital to train a high-performing deep learning model and test it against data that come

from the same target distribution. However, the original dataset gathered in the real world

seldom fits the norm. We divide the non-stationary dataset intoN sections to meet this fun-

damental condition asmuch as possible. The value ofN here will be set based on the domain

knowledge. We observed that there were approximately five different traffic phases in 2021.

This hyperparameterwill be investigated tofind an intelligentway to assign it for futurework.

The optimization issue can be expressed as determining how to partition the time-series data

intoN sections while maximum between-group dissimilarity:
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max
∑

1≤i ̸=j≤N

DKL(Di, Dj) (5.6)

where DKL is a function to calculate KL-divergence between two samples. Other distance

estimating approaches can further replace it. In Equation 5.6,N is a hyperparameter to de-

fine the number of subdatasets. In future work, the number of subdatasets can also be solved

in the dynamic programming process. To prevent the subdataset from becoming too small,

we also pre-split the original dataset. The length of each pre-split dataset is half a month. It

would be the minimum length of each final-split dataset. Specifically, we solve this optimiza-

tion problem with a dynamic programming approach. The candidate with the maximum

distance between-group will be selected as splitting points to divide the original dataset into

N pieces. We can get all combinations of splitting points and the sumof the distances. For in-

stance,N is assigned as 3, whichmeans the original datasetwill be split into three parts. Given

the length of half a month as the pre-split length, the total number of pre-split datasets is set

as 10. After processing through the Temporal Neighborhood Cluster, there are two candi-

date splitting-points sets: [0, 2, 7, 10] and [0, 3, 6, 10] with the sum of the distance between

groups 300 and 100, respectively. We will select the first candidate set as a splitting point set

because of the larger distance.

Incremental Learning Module

According the original EWCpaper93, the loss function that we need tominimize in EWC is:

LN(θ
∗) = LN(θ) +

1

2

∑
i

(∑
t<N

λtFt,i

)
(θi − θ∗N−1,i)

2 (5.7)
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whereLN(θ) is the current lost for taskNonly,λt is a task-specific hyperparameter for task t,

i represents each ith parameters in themodel, andFt,i is the diagonal Fisher informationwith

respect to the ith parameter, which is calculated by previous subdatasets. Overall, EWC ap-

proach can sort out a solution for all tasks. For example, in Figure 5.3, the area of each ellipse-

shaped area is a optimum solution θi with acceptable errors for task i. The red-circled area,

which is overlapped by every ellipse, is the optimal goal to deal with all tasks with acceptable

performance.

Figure 5.3: General Solution Among All Tasks192

However, the whole previous tasks need to be stored to calculate the relevant Fi, which is

really memory-consuming. In the Equation 5.7, the F is calculated by the sequence of sum

λ·Fnwheren ∈ {1, 2, ..., N−1}. Fortunately, the online-EWC167was proposed to slightly

revise the Equation 5.7 as follows:

LN(θ
∗) = LN(θ) +

1

2

∑
i

λF ∗
t−1,i(θi − θ∗N−1,i)

2 (5.8)

where the fisher information is initialized as F1 = γ · F1 and F ∗
N = γFN−1 + FN for
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task N, γ(< 1) is a hyperparameter help retain associated term from the previous learned

tasksN − 1. With a slightly revision from in Equation 5.7 to Equation 5.8, the less memory

is required to store the diagonal Fisher information with respect to previous tasks and still

provide a promising result according to Schwarz et al. 167 .

5.3 Experiments

5.3.1 Experiment Setting

The TPS Dataset41, which is hosted by STAR Lab at the University of Washington, covers

TPS, traffic speed, and traffic volume for four highways (I-5, I-90, I-405, and SR-520) in the

greater Seattle region at 15-minute intervals from 2020. Here we selected thewhole-year data

in 2020. The Traffic Performance Score is an evaluation index that considers each segment’s

length, volume, and speed, ranging between 0%(0) to 100%(1). 0 means the worst case of

traffic states (congestion), and 1 represents a segment with free-flow speed. It could become

a more interpretable matrix for public users. And it is also selected as a target parameter that

will be predicted in this study.

5.3.2 Result of Temporal Neighborhood ClusterModule

According to the module description in the Sec. 5.2, a whole-year original data is pre-split

into 24 parts, which we defined the minimum length of the final-split would be half of a

month. We believe that a significant change in the transportation fieldwould become a trend

if it remained for at least two weeks. The pre-defined value can also help us prevent an over-

splitting issue. In the experiment, the number of the subdatasetN is set as 5. Figure 5.4 shows

a reasonable result that successfully splits the original dataset properly. For instance, the first
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Figure 5.4: Split Non‐stationary Traffic Patterns In Seattle During Pandemic Into Five Parts192

splitting point is around Feb. 16th, 2020, when some tech companies started a work-from-

home policy inWashington State. The second splitting point is at the end ofMarchwhen the

Washington state government announces the ”Stay Home, Stay Healthy” order. The third

splitting point is on May 11th, close to the reopening of the restricted 25% capacity limit

indoor dining. The fourth splitting point is on Jul. 22th, which is the period all counties

already moved to Phase 4 reopening policy.

After processing through the Temporal Neighborhood Clustering module, the original

non-stationary is then split into five subdatasets. They can be recognized as a series of tasks

with different data distributions. Figure 5.5 illustrates how the data distribution gradually

changes over time. The X and Y-axis represent the first two principal components extracted

by Principal Component Analysis (PCA). These two elements can explain 79% overall vari-

ance. From Figure 5.5a to 5.5e, the positionwith the higher density change from two centers

in Figure 5.5a to one lower center in Figure 5.5e. It indicates that the distributions between

groups are significantly different and have a periodic pattern. The results conclude that the

forecasting model needs to be updated since the data distribution changes gradually.
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(a) From Subdataset 1 (b) From Subdataset 2 (c) From Subdataset 3 (d) From Subdataset 4 (e) From Subdataset 5

Figure 5.5: The Change Of Data Distribution From Each Subdataset (X And Y Represent The First
Two Principal Components From The Whole Network Features Extracted By PCA. Five Subdatasets

Are The Results Of The Temporal Neighborhood Clustering Module, Which Can Match To The
Visualized Result In Figure 5.4)

5.3.3 Prediction Performance Comparison

In this section,we compare fourmodels to evaluate their performanceonfive test subdatasets,

which are the results of Temporal Neighborhood Clustering.

1. NaiveModel: We reimplemented a Stacked-LSTMmodel39with 2 layers. Thismodel

was only trained by the first subdataset. In this case, it can be presented as a baseline

model (lower bound model).

2. Naive Model-whole: In this model, we combine the whole subdataset and use the

same architecture as the first Stacked-LSTM model. The Naive Model-whole model

can be viewed as a upper bound among all models because all kinds of data have been

seen and learned. Besides, memory usage is a side-effect that we need to deal withwhile

training this model.

3. Retrain Model: It is also a 2-layers Stacked-LSTM model. This model is trained by

the first subdataset then sequentially retrained by the following four subdatasets. This

model may performwell in the last test dataset but forget what it has learned from the

previous tasks. We can later evaluate if the catastrophic forgetting issue happens in this

model.
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4. Online-EWCModel (our proposed framework): Online-EWCModel is what we in-

troduced in the previous section. The architecture would be the same as the last three

models, 2-layers Stacked-LSTM. Besides, the online-EWC technique is also applied in

this model to measure how it can overcome the catastrophic forgetting issue.

Here we select Mean Squared Error (MSE) as a evaluation metrics to measure the perfor-

mance of each model:

MSE =

∑n
i=1 |yi − ŷi|2

n
(5.9)

where yi and ŷi represents the ground truth and predicted value respectively.

Table 5.1 indicates the comparison of the performance in this study to evaluate the impact

of forgetting issues and check if the proposed incremental learning framework canmatch the

upper-bound model. D1 to D5 represents the five subdataset generated from the Tempo-

ral Neighborhood Clustering module. From the results shown in Table 5.1, we first see the

Naivemodel, as the baselinemode,which shows the competitiveness in theD1 test data com-

Table 5.1: Performance Comparison Of The Proposed Model With Baseline Models

Model
Mean Square Error (E-02)

D1 D2 D3 D4 D5

Naive 1.802 0.255 0.284 0.569 0.809

Naive-whole 0.846 0.041 0.060 0.133 0.249

Retrain 1.922 0.098 0.173 0.117 0.233

Online-EWC 0.874 0.043 0.066 0.108 0.217
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pared to the Retrained model; it is because this model only trained onD1’s training dataset,

which has a similar data distribution toD1 test data. But the comparative performance drops

dramatically from D2 to D4. The reason is the pandemic completely disrupted the typical

mobility patterns. The Naive model can barely accommodate the non-stationary data.

The Naive Model-whole model is represented as an upper-bound model because it al-

ready learned all conditions given the whole original dataset. It can be also identified as a

multi-tasks learning approach. As imagined, thismodel achieved the three best performances

among all five testing subdatasets. The performance of this model testing on each test data

can also be viewed as a result without forgetting.

The Retrain model shows a great result with a small MSE in the last subdataset because

the parameters in the model are adjusted to fulfill the traffic circumstance inD5 at the end.

However, this model slightly forgot the learned tasks in D1, which is even worse than the

first Naive model. Surprisingly, we can see that the forecasting performance is excellent in

D4 andD5, which are better than the upper-bound model. It reveals that the learned infor-

mation will be forget in some cases, but retraining from new tasks can sometimes improved

the performance in the previous task. It can be further investigate in the future work.

Lastly, the appliedOnline-EWCmodel shows the capability to overcome forgetting prob-

lems and maintain relatively outstanding performance. For tasks 1 to 3, the model retains

the memory learned from these tasks and presents a comparable performance to the upper-

boundmodel. Besides, it is remarkable that theOnline-EWCmodel beat allmodels in the last

two cases. Furthermore, the Online-EWCmodel exhibits the lowest mean MSE (average of

MSE of five test subdatasets) among all baseline models (Naive: 0.744, Naive-whole: 0.265,

Retrain: 0.509, Online-EWC: 0.261, with unit E0-2). The Online-EWC model shows a
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promising result and prevents memory-storage issues, which might happen in the Naive-

whole model because the entire five subdatasets are fed into the model.

5.4 Chapter Conclusion

This study proposes an incremental learning-based network to learn the latest task and re-

member the previously known tasks given a non-stationary time-series data stream. The crit-

ical contribution of this research can be concluded into four aspects:

1. We propose an incremental learning-based model into a regression task, especially in

transportation scenarios, andutilized its capacity to learn the gradually changing traffic

patterns.

2. Adynamic splitting-point detector is proposed andprovides an excellent ability to deal

with the real-world non-stationary data.

3. The proposed framework is compared with the well-known strategies, such as retrain

approach and multi-tasks learning, to show the advantages of incremental learning.

4. We employed a real-world shifting dataset to evaluate theproposed approach andother

baseline models.

Experiment results indicate that the Temporal Neighborhood Clustering module can de-

tect the proper splitting points, matching to the dates that real-world policies released. The

comparison results show the proposed framework can align with the upper-bound model.

The Online-EWC also has the advantage of requiring less memory than the upper-bound
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model. Therefore, it reveals that the proposed framework is more capable of accommodat-

ing non-stationary datasets.

Future studies will improve the Temporal Neighborhood Clustering to solve the opti-

mum N , the number of subdatasets, dynamically without manually setting. Besides, the

non-stationary data stream can be further utilized as an input of a classification task, classify-

ing the current type of mobility pattern and assigning a proper forecasting model to address

the current traffic condition.
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6
Unified Framework for Multi-Contrastive

Learning in Spatial-Temporal Traffic

Forecasting

6.1 Overview

Addressing urban mobility and traffic congestion challenges requires accurate traffic fore-

casting methods. Although deep learning-based models in Intelligent Transportation Sys-
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tems (ITS) have shown promising performance, certain limitations still exist, such as diffi-

culty in handling complex and noisy data and the inability to learn fine-grained representa-

tions suitable for traffic forecasting. In this study, a novel unified framework is introduced

that combines traffic representation learning and multi-contrastive learning to address these

challenges. By considering multi-scale contextual information, designing multiple perspec-

tives of contrastive learning, and introducing generalized definitions for spatial-temporal pos-

itive/negative pairs, the framework demonstrates improved performance in spatial-temporal

traffic forecasting. Experimental results reveal that the unified framework enhances the ac-

curacy of various base models across all evaluation metrics. For instance, at the 180-minute

prediction horizon, which represents a relatively long forecasting time frame, significant im-

provements were observed in these metrics. Additionally, an ablation study highlights the

importance of integrating multiple contrastive learning techniques to achieve robust and

effective traffic forecasting. Overall, the findings emphasize the potential of the proposed

framework in advancing the state-of-the-art in spatial-temporal traffic forecasting, contribut-

ing to the development of more efficient and generalizable transportation systems.

6.1.1 Background

Urbanmobility is an increasingly pressing concern in ourmodern society, with cities growing

rapidly and traffic congestion becoming a significant problem. ITS have emerged as a promis-

ing solution, allowing us to collect and analyze vast amounts of traffic data to gain insights

into traffic patterns and optimize transportation management98. Accurate traffic flow pre-

diction is a crucial aspect of this effort, enabling trafficmanagers to make informed decisions

and take proactive measures to reduce congestion and improve traffic flow. However, tradi-
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tional statistical approaches to transportation traffic forecasting have limitations when deal-

ing with complex temporal-spatial data patterns200. To address these challenges, researchers

have proposed deep learning-based models that utilize algorithms such as Long Short-term

Memory (LSTM)206, Convolutional Neural Network (CNN)213, Graph Neural Network

(GNN)89, andTransformer163. Thesemodels can capture complex spatial-temporal patterns

in traffic data and extract relevant features without requiring manual feature engineering.

To further improve the accuracy and applicability of deep learning-basedmodels for trans-

portation traffic forecasting, researchers have been exploring various techniques. For exam-

ple, some researchers have proposed hybrid models that combine different types of deep

learning algorithms, leveraging their individual strengths to produce more accurate predic-

tions15,203,20. Other approaches include incorporating external data sources, such asweather165

and socialmediadata188, to capture additional context and improve themodels’ performance.

Additionally, novel techniques for handling high-dimensional data, such as dimensionality

reduction16 and representation learning187, have been proposed. As the field of deep learn-

ing for transportation traffic forecasting continues to evolve, ongoing research into these and

other techniques is needed to further advance the accuracy and applicability of these models.

Recent research has explored the potential of contrastive learning-based algorithms to en-

hance the robustness of existing models218. In various fields, including Computer Vision

(CV) and Natural Language Processing (NLP), contrastive learning has been successfully

used to produce generalizable representations that can be applied to subsequent tasks. For

example, in CV, contrastive learning has been used to learn visual representations that gen-

eralize well to different datasets and downstream tasks, by training on pairs of similar and

dissimilar images86. Similarly, in NLP, contrastive learning has been used to learn contextu-
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alizedword embeddings by contrasting different views of the same sentence103. However, the

application of contrastive learning to spatial-temporal traffic forecasting poses unique chal-

lenges, as existing contrastive learning techniques typically focus on learning coarse-grained

representations that are more suitable for instance-level anomaly detection115,95 and node

classification68, rather than fine-grained representations suitable for traffic forecasting.

Anothermajor challenge in integrating contrastive learning to spatial-temporal traffic fore-

casting is the lack of a generalized definition for spatial and temporal positive/negative pairs.

Recapping the key points, representations that exhibit similar semantics are recognized as

positive pairs, while representations with unrelated semantics are defined as negative pairs.

This has limited existing contrastive research and impeded the proper training of contrastive

components in spatial-temporal traffic forecastingmodels. While positive pairs in other fields

are typically established by applying data augmentations to generate two views of the same

input (anchor) and forming negative pairs between the anchor and all other inputs’ views

within a batch, defining positive/negative pairs for spatial-temporal time series data requires

considerations of both temporal dependencies and topological connections between roads.

Shouldweconsider representations generated fromtwoconnected segments as negativepairs?

Similarly, should we consider representations from two different time frames with similar

traffic patterns as negative pairs? Therefore, further research is needed to address this chal-

lenge and enable the proper application of contrastive learning to spatial-temporal traffic

forecasting.

After reviewing the previous research, we have identified certain inherent limitations that

have limited contrastive learning direct applicability to traffic forecasting until the following

significant drawbacks are addressed:
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1. The majority of existing studies have focused on learning coarse-grained representa-

tions that are more suitable for anomaly detection and node classification at the in-

stance level, rather than fine-grained representations that are better suited for traffic

forecasting.

2. Most of these studies have overlooked multi-scale contextual information at different

granularities. Features with multiple scales can provide rich semantics and enhance

the ability to learn generalized representations.

3. The lack of a generalized definition for spatial and temporal positive/negative pairs

has hindered existing contrastive research, which has limited the proper training of

contrastive components in spatial-temporal traffic forecasting models.

6.1.2 Contributions andOrganization

To address the challenges mentioned above, we propose a unified framework that enhances

spatial-temporal traffic forecasting through joint traffic representation learning and multi-

contrastive learning. The traffic data augmentation approach enables the model to handle

noisy and incomplete data and adapt to non-stationary conditions. Additionally, the jointly

learning architecture allows the model to capture the latest trends with historical traffic data

input and learn the generalized representation, which empowers it to acquire more robust

and generalized patterns. To summarize, the contributions of this research can be listed as

follows:

1. Development of a unified framework: Aunified framework is developed that com-

bines traffic representation learning and contrastive learning, which is designed to han-
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dle noisy and incomplete traffic data and adapt to non-stationary traffic conditions.

2. Consideration of multi-scale contextual information: In this research, the use of

multi-scale contextual information is carefully considered in temporal-wise contrastive

learning to improve the model’s capacity to learn generalized representations and to

further achieve better performance.

3. Design of multiple perspectives of contrastive learning: Multiple perspectives of

contrastive learning are designed to explore the impact of contrastive learning on dif-

ferent feature representations.

4. Proposal of a generalized definition for spatial-temporal positive/negative pairs:

This definition is designed to provide a consistent and effective way of selecting posi-

tive and negative samples in spatial and temporal contrastive learning.

The rest of this chapter is organized as follows: Section 6.2 outlines the problem and de-

scribes the design of each component in the model, including the details of spatial-temporal

data augmentation, traffic representation encoder/decoder, multi-contrastive learning com-

ponents, and the generalized definition for spatial-temporal positive/negative pairs. In Sec-

tion 6.3.1, we present the experimental settings and evaluate the results, including ablation

studies and a visualized comparison between the prediction result and the ground truth. Fi-

nally, Section 6.4 concludes with remarks and points out potential future works to expand

concepts and leverage the advantages of contrastive learning applied to traffic forecasting.
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6.2 Methodology

6.2.1 Problem Statement

In this unified framework for improving spatial-temporal traffic forecasting with contrastive

learning, the primary objective is to develop a robust and accurate traffic forecasting model

that effectively incorporates both the spatial and temporal dependencies present in traffic

data. The framework comprises two main components, namely Traffic Data Augmentation

and Joint Representation Learning, as illustrated in Figure 6.1.

The processed spatial-temporal traffic data will undergo augmentation using the data aug-

mentation component. Subsequently, the augmented data and the original data will both be

fed into the traffic representation encoder to learn meaningful traffic patterns. The predic-

tion and the multi-contrastive learning will then be conducted simultaneously. The aggre-

gated loss, which combinesmultiple contrastive losses alongwith the original prediction loss,

will serve as the objective to be minimized during the training process. Each of these compo-

nents will be described in detail in the subsequent sections.

Figure 6.1: A Unified Framework For Spatial‐temporal Traffic Forecasting With Contrastive Learning
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6.2.2 Spatial-temporal Traffic NetworkData

A traffic network is typically represented as an undirected graph comprising interconnected

nodes and edges, denoted as G = (V,E). Here, V represents road segment matrix with

the features related to each road segment that include its location, length, width, and other

relevant attributes. The shape of V isNv × dv withNv representing the number of nodes

and dv is the number of features associated with each node. AndE records the relationship

between each road segments, such as connectivity. The shape of E is Ne × de, where Ne

represents the number of edges, and de is the number of features associated with each edge.

We further transformE to an adjacency matrixA ∈ RNv×Nv . Specifically,Aij = 1 if there

is an edge between node i and node j, andAij = 0 otherwise.

To incorporate temporal information into the traffic network representation, we extend

the graph to a spatial-temporal network. For each timestamp t, a spatial-temporal matrix

Xt = {x1
t , x

2
t , · · · , xNv

t } is collected where xv
t ∈ Rdv . This matrix can be expanded to a

generalized structure of a spatial-temporal traffic data matrix with a correspondingA, which

assumes a fixed graph topology in this frame. XV
T consists ofN previous timestamps before

time T in V segments.

XV
T =

(


x1
T−N x2

T−N ... xV
T−N

x1
T−N−1 x2

T−N−1 ... xV
T−N−1

...
... . . . ...

x1
T−1 x2

T−1 ... xV
T−1


, A

)
(6.1)

Each element xv
t represents the traffic condition in vth segment at tth timestamp.
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Figure 6.2: Temporal Pattern Inconsistency In Nearby Time Frames In An I‐5 Segment On A Normal
Weekday

6.2.3 Spatial-temporal Traffic Data Augmentation

Data augmentation is a crucial process in contrastive learning, as it helps to create semanti-

cally similar pairs and enables the model to learn invariant representations under different

types and levels of perturbations. Although there aremany data augmentation in various do-

mains, such as rotation and cropping inCV, there has been less attention to its application in

spatial-temporal traffic data. For example, the current approaches in this field assume that the

subsequent time frame should be a positive pair185, which may not hold in fluctuating traf-

fic conditions, as demonstrated in Figure 6.2. Therefore, it is essential to propose new data

augmentation strategies that can better account for the unique properties of spatial-temporal

traffic data.
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Spatial-temporal Masking

To simulate non-stationary traffic conditions and improve the robustness of our proposed

framework,weutilize amaskingmechanism to randomlymask certain attributes of the spatial-

temporal traffic data in Equation 6.1. This is accomplished by using the following equation,

which allows us to maintain the overall semantic structure while introducing variability:

Xv
t
′ = Xv

t · [r > Tst] (6.2)

whereXv
t
′ andXv

t represent the element in the t-th row and v-th column ofmatricesX ′ and

X , respectively. The variable r represents a random value generated from a uniform distri-

bution over [0, 1], and Tst is the threshold value for spatial-temporal masking. The notation

[r > Tst] denotes the Iverson bracket notation, which takes the value 1 if r is greater than

Tst and 0 otherwise.

Graph Topological Masking

To enhance the generaliability of the proposed unified framework, a graph topological mask-

ing approach is also utilized to randomly remove connections between segments. Specifically,

the original adjacency matrixA is converted toA′ by following formula:

A′
i,j = Ai,j · [r > Ta] (6.3)

where Ai,j is defined as the connectivity between segment i and j, r represents a random

value drawn from a uniform distribution over [0, 1], and Ta denotes the threshold value for

the graph topological masking technique.
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6.2.4 Traffic Data Representation Encoder & Decoder

The current approaches for traffic forecasting can be summarized into an encoder and de-

coder structure. The backbone encoder receives the input spatial-temporal traffic data and

learns traffic patterns from different perspectives, depending on the model architecture. Ac-

cording to the framework architecture (Figure 6.1), we now have two sets of data: XV
T and

XV
T

′ after processing through the traffic data augmentation component. Both are fed into

the encoder, but only the representations generated fromXV
T are later fed into the decoder.

Therefore, here we useXV
T as an example of input data for the following description.

In an RNN-based model, the encoder applies a series of recurrent layers to process the

input data, with each layer computing a hidden state vector ht based on the input at time t,

denoted by xt, which is the tth row inXV
T , for example, and the previous hidden state ht−1.

The hidden state is updated using the following equation:

ht = f(ht−1, xt) (6.4)

where f is a non-linear function that combines the previous hidden state and the current

input.

In aGNN-basedmodel, the encoder applies graph-based layers (e.g., GraphConvolutional

Network (GCN)) to the input data, which are represented as a graph with nodes and edges.

Each node in the graph corresponds to a road segment, and each edge corresponds to the

connectivity or similarity between roads. The graph-based layer updates the hidden state hv

of each node v based on the hidden states of its neighbors and its own previous hidden state,

using the following equation:
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h(l)
v = σ

 ∑
u∈N(v)

1

cu,v
W (l)h(l−1)

u +W (l)h(l−1)
v

 (6.5)

whereN(v) denotes the set of neighboring nodes of v, cu,v is a normalization constant,W (l)

is a learnable weight matrix for the l-th layer, and σ is a non-linear activation function.

In a Transformer-based model, the encoder applies a series of self-attention layers to the

input data, allowing each element in the input sequence to attend to all other elements. The

hidden state ht of each element is updated based on a weighted sum of all elements in the

input sequence, using the following equation:

ht =
n∑

i=1

αt,i(W
(1)xi) (6.6)

where n is the length of the input timestamp, xi is the i-th timestamp in the input sequence

(the i-th row in XV
T ), W (1) is a learnable weight matrix, and αt,i is the attention weight of

the i-th element for the t-th element.

In general, the learned representations or hidden states generated by the different types

of encoding structures mentioned above are then used as inputs to the decoder part of the

model. The decoder part decodes these representations using regression heads, which are

commonly implemented by a series of fully-connected layers, activation functions, and nor-

malization layers, to project the high-dimensional representation to a low-dimensional result,

which is the final prediction. The generalized prediction result can be expressed as:

Ŷ = Decoder(h) (6.7)

whereh is the learned representation or hidden states from the various types of encoders, and
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Decoder(·) is the generalized decoder function with regression head. Finally, the predicted

result is compared to the ground truth data to evaluate the performance of how well the

encoder-decoder structure can learn the spatial-temporal traffic patterns. The prediction loss

(Lpred) is then minimized to improve the performance of the model.

6.2.5 Multi-contrastiveComponentandGeneralizedDefinitionforSpatial-

temporal Positive/Negative Pairs

In contrastive learning, positive pairs (P ) and negative pairs (N ) are utilized to calculate the

contrastive loss. For temporal-wise, spatial-wise, and batch-wise contrastive learning, P con-

sists of pairs of representations from the same region, neighborhood, or batch, respectively,

while N consists of pairs of representations from different regions, non-neighborhoods, or

batches, respectively. The generic contrastive loss can be calculated using the following equa-

tion:

contrastive_loss(P,N) = − 1

|P |
∑

(xi,xj)∈P

log
exp(sim(xi, xj))∑

(x′
i,x

′
j)∈N

exp(sim(x′
i, x

′
j))

(6.8)

where |P | is the number of positive pairs in the mini-batch, (xi, xj) is one of the positive

pairs, sim(xi, xj) is the similarity between xi and xj (the similarity function is a simple dot

product) and (x′
i, x

′
j) is one of the negative pairs. This loss function is minimized during

training to learn feature representations that can distinguish between positive and negative

examples.

Based on the basic contrastive loss function defined in Equation 6.8, our proposed multi-
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contrastive component represents an innovative extension that expands the scope of con-

trastive learning frommultiple angles. It incorporates three new perspectives: temporal-wise

contrastive learning, spatial-wise contrastive learning, and batch-wise contrastive learning.

By considering different perspectives and levels of granularity, the multi-contrastive com-

ponent is able to generate a more comprehensive representation that captures spatial and

temporal dependencies in the traffic data. Specifically, temporal-wise contrastive learning

encourages themodel to learn representations that capture the temporal dependencies in the

data, while spatial-wise contrastive learning emphasizes the importance of the spatial relation-

ships between different regions. Batch-wise contrastive learning, on the other hand, enables

the model to learn from multiple traffic sequences simultaneously. Together, these exten-

sions enable the model to learn a more robust and generalized representation of the traffic

data, leading to improved robustness and forecasting performance.

Temporal-wise Contrastive Learning

To design our temporal-wise contrastive loss, we adopt a hierarchical structure inspired from

Yue et al. 230 as shown in Figure 6.3. Let X ∈ RB×T×N×D denote the input data and X ′

denote its augmented version with the same size. We obtain representations H and H ′ by

passing X and X ′, respectively, through the spatial-temporal representation encoder com-

ponent. We consider pairs of representations (hi, h
′
i) for which the corresponding nodes i

have the same timestamp as positive pairs, and the remaining pairs as negative pairs. We then

apply amax-pooling operation to the resulting representationsH andH ′ along the temporal

dimension, reducing their sizes toRT/2×N×D.
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Algorithm 1:Temporal-wise Contrastive Learning
Input: RepresentationH andH ′ with dimension (B, T,N,D)
Output: Temporal-wise contrastive lossLtemp

Function TemporalContrastive(H):
Ltemp ← 0;
Tcur ← T ;
while Tcur > 1 do

P ← positive pairs in (H,H ′)with the same timestamp;
N ← negative pairs in (H,H ′)with different timestamp;
Lcurr ← contrastive_loss(P,N);
Ltemp ← Ltemp + Lcurr;
Tcur ← Tcur/2;
H ← max_pool(H, kernel_size = 2);
H ′ ← max_pool(H ′, kernel_size = 2);

end
Ltemp ← Ltemp/(log2 T );
returnLtemp;

Figure 6.3: Temporal‐wise Contrastive Learning
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We repeat thismax-pooling and contrastive loss calculation untilT/m = 2, accumulating

the temporal-wise contrastive loss at each iteration. Finally, we take themean of the accumu-

lated loss as the final temporal-wise contrastive loss. This hierarchical structure is summarized

in Algorithm 1.

Spatial-wise Contrastive Learning

In the spatial-wise contrastive calculation, we use a readout function, which is a commonly

used approach in graph to summarize an entire graph representation, to summarize the tem-

poral dimension of the representationsH andH ′, compressing the temporal dimension and

resulting in representationswith dimensionsRB×N×D. The outputs of the readout function

are denoted asHr andH ′
r.

To define the neighborhood and non-neighborhood regions of each node in the graph, we

use the adjacencymatrixA. In order to define the neighborhood zone, we consider the k-hop

neighborhood of a node as the region of interest, where k is a predefined value. For example,

a 2-hop neighborhood of a node includes all the nodes that can be reached from the node

within two hops in the graph, as shown in Figure 6.4.

The positive pairs in the augmented representationH ′
r for a specific nodeN are the nodes

within the neighborhood region, as defined by the adjacencymatrixA. The nodes outside of

the neighborhood region are considered as negative pairs for node N . This neighborhood-

based approach allows us to capture local contextual information around each node, which

is useful for learning representations that are sensitive to the graph structure. This approach

is implemented in Algorithm 2.
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Algorithm 2: Spatial-wise Contrastive Learning
Input: RepresentationsHr,H ′

r, and adjacency matrixA
Output: Spatial-wise contrastive lossLspat

Function SpatialContrastive(Hr, H
′
r, A):

Lspat ← 0;
forN ← 1 toN do

P ← positive pairs in (Hr, H
′
r)within neighborhood of nodeN defined by

A;
N ← negative pairs in (Hr, H

′
r) outside of neighborhood of nodeN defined

byA;
Lcurr ← contrastive_loss(P,N);
Lspat ← Lspat + Lcurr;

end
Lspat ← Lspat/N ;
returnLspat;

Figure 6.4: Spatial‐wise Contrastive Learning
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Batch-wise Contrastive Learning

In batch-wise contrastive learning (Figure 6.5), the Pearson Correlation Coefficient is cal-

culated within the batch dimension using representations H and H ′. The resulting repre-

sentations are then fed into the readout function to obtain Hr and H ′
r, which are used to

compute the batch-wise contrastive loss. Positive and negative pairs are determined based on

a threshold Tb using the calculated Pearson Correlation Coefficient, where representations

with similarity scores above the threshold are categorized as positive pairs and those below it

as negative pairs. The average of the batch-wise contrastive losses is then computed to obtain

the final batch-wise contrastive loss. Implementation details are presented in Algorithm 3.

Algorithm 3: Batch-wise Contrastive Learning
Input: RepresentationsHr,H ′r, batch-wise Pearson Correlation CoefficientC , and

threshold T
Output: Batch-wise contrastive lossL batch
Function BatchContrastive(Hr, H

′r, C, T b):
L batch← 0; for i← 1 toB do

P ← positive pairs in (Hr, H
′r)withCi, j ≥ Tb;N ← negative pairs in

(Hr, H
′r)withCi, j < Tb;L curr ← contrastiveloss(P,N);

L batch← L batch+ L curr;
end
L batch← L batch/B; returnLbatch;

Figure 6.5: Batch‐wise Contrastive Learning
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6.2.6 Aggregated LossMinimization

In order to enhance the performance and generalizability of the proposed framework, we

combinemultiple contrastive losses as auxiliary regularization terms. These contrastive losses,

including temporal-wise , spatial-wise , and batch-wise contrastive loss, are integrated with

the original prediction loss (Lpred) to form an aggregated loss. This approach helps to pre-

vent overfitting and improve the model’s ability to capture incomplete and complex spatial

and temporal dependencies in the traffic data.

L = Lpred + α ·Ltemp + β ·Lspat + γ ·Lbatch (6.9)

The tunable coefficients α, β, and γ control the relative importance of each contrastive loss

term, allowing for fine-grained adjustment of their contribution to the overall loss function

in training process.

6.3 Experiments

In this section, several well-known RNN-based, GNN-based, and Transformer-based traffic

forecasting models are applied to our unified framework as the backbone encoder and de-

coder to investigate how the jointly multi-contrastive learning structure can improve traffic

forecasting accuracy.

6.3.1 Dataset

The Traffic Performance Score (TPS) Dataset41, hosted by STAR Lab at the University of

Washington, provides data including TPS, traffic speed, and traffic volume for four high-
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ways (I-5, I-90, I-405, and SR-520) in the greater Seattle region at 15-minute intervals from

March to June in 2020. The TPS is an evaluation index that considers each segment’s length,

volume, and speed, ranging between 0%(0) to 100%(1), where 0 represents the worst case

of traffic states (congestion), and 1 represents a segment with free-flow speed. It serves as a

target parameter for prediction in this study, as it is a more interpretable matrix for public

users. For training, the first three months of data were selected, with half a month each for

validation and testing. The dataset consists of 87 segments in the network, and three-hour

data are used as input to predict the traffic conditions for the next three hours.

6.3.2 Experimental BaseModels

Threebasemodels, includingRNN-based,GNN-based, andTransformer-basedmodels, known

for their ability to predict traffic conditions across the entire network, were selected to be

applied within our unified framework for joint training with traffic prediction and multi-

contrastive learning.

1. aLSTM-Sequence-to-Sequence (LSTM-Seq2Seq)model consists ofLSTM-based en-

coder and a decoder, which allow the model to capture long-term dependencies in

the input and output sequences, making it suitable for modeling time series data with

complex temporal patterns180. It is categorized as a RNN-based representative in this

study;

2. an Adaptive Graph Convolutional Recurrent Network (AGCRN), which combines

Node Adaptive Parameter Learning module and Data Adaptive Graph Generation

module with recurrent networks for the multi-step traffic prediction task11. It is cate-

gorized as a GNN-based representative in this study;
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3. aGraphmulti-attention network (GMAN) employs an encoder-decoder architecture,

in which both the encoder and the decoder are made up of numerous spatio-temporal

attention blocks, tomodel the traffic states246 . It is categorized as aTransformer-based

representative in this study.

The default settings of the above-mentioned baseline models were applied, as per their

original studies. Our investigation focused on exploring how the performance of these base

models can be enhanced by incorporating the proposed framework for improving spatial-

temporal traffic forecasting with contrastive learning.

6.3.3 Experiment Setting

In this study, we evaluated the accuracy of the models using Mean Absolute Error (MAE),

Mean Absolute Percentage Error (MAPE), and Root Mean Square Error (RMSE). MAE

and RMSE can be calculated using the following equations:

MAE =

∑n
i=1 |yi − ŷi|

n
(6.10)

RMSE =

√∑
i = 1n(yi − ŷi)2

n
(6.11)

where yi and ŷi represent the ground truth and predicted values, respectively. Additionally,

we also usedMAPE, which is a percentage-based metric, given by:

MAPE =
100

n

∑
i = 1n

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (6.12)

Some detailed experimental settings utilized in this study are presented as follows. The

133



Figure 6.6: Raw Traffic Data K‐hop Neighborhood Pearson Correlation

value of Tst was determined through spatial-temporal masking, while Ta was set based on

graph topological masking. To perform spatial-wise contrastive learning, a k-hop neighbor-

hood region was defined and a 2-hop neighborhood was selected based on the calculation of

k-hop neighborhood from raw traffic data using Pearson Correlation Coefficient (as illus-

trated in Figure 6.6). For batch-wise contrastive learning, a matrix C was utilized to record

the batch-wise Pearson Correlation Coefficient, and the threshold Tb was set to 0.80. More-

over, in the aggregated loss minimization part, α, β, and γ were set to 0.1 after the tuning

process. For optimization in all experiments, we selected the Adam optimization method to

minimize the aggregated loss. We also implemented an early stopping mechanism to prevent

over-fitting. If themodel improvement, whichwas evaluated by the decrease of the validation

loss, failed to exceed a threshold (0.00001 of MAE) for ten consecutive epochs, the training

process was terminated.
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6.3.4 Experiment Results Analysis and Comparison

Table 6.1 presents the overall performance comparison of the Unified Framework with three

basemodels. Compared to theoriginalLSTM-Seq2Seqmodel, theUnifiedFramework achieved

lower values forMAE (0.0133 vs 0.0141),MAPE (2.1730% vs 2.3184%), andRMSE (0.0444

vs 0.0465). Similar improvements inperformancewereobserved for theGMANandAGCRN

models when applied to the proposed unified framework for joint training of traffic predic-

tion and multi-contrastive learning. The findings from Table 6.1 emphasize the promising

potential of the Unified Framework in enhancing the performance of the different types

of base models, including RNN-based, GNN-based, and Transformer-based models, as ev-

idenced by the lower values of MAE, MAPE, and RMSE achieved with the Unified Frame-

work compared to the base models alone.

The experimental results presented inTable 6.2 provide further evidence that the proposed

Unified Framework outperforms the basemodels across all evaluationmetrics and time inter-

Table 6.1: Overall Performance Comparison Of The Unified Framework With Base Models

Model MAE MAPE RMSE

LSTM-Seq2Seq 0.0141 2.3184% 0.0465

w/ the Unified Framework 0.0133 2.1730% 0.0444

GMAN 0.0143 2.3882% 0.0491

w/ the Unified Framework 0.0135 2.3118% 0.0478

AGCRN 0.0136 2.2046% 0.0449

w/ the Unified Framework 0.0125 2.0082% 0.0425
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vals. These statistically significant improvements demonstrate the framework’s effectiveness

in enhancing traffic forecasting accuracy.

Specifically, the Unified Framework reduced the MAE, MAPE, and RMSE for LSTM-

Seq2Seq by 9.3% (from 0.0172 to 0.0156), 6.8% (from 2.6662 to 2.4859), and 5.3% (from

0.0532 to 0.0504), respectively, for the 180-minute prediction horizon. Similar improve-

ments were observed for the other two base models (GMAN and AGCRN). Notably, the

magnitude of improvements varied across different time intervals, with the largest improve-

ments in MAE, MAPE, and RMSE observed at the 120-minute interval in LSTM-Seq2Seq

with the Unified Framework. This finding is particularly significant as it is widely recog-

nized that the farthest time stamp is the most challenging to predict accurately. Overall, the

AGCRNmodel performed the best among the base models across the three evaluation met-

rics, and its performance was further improved after integrating it into the proposed unified

framework.

The visualization in Figure 6.7 compares the prediction results of the base Model and the

model with the Unified Framework, using the AGCRN as an example. A random segment

and time from the testing dataset were chosen for this illustration. Bothmodels exhibited sat-

isfactory performance during normal daytime conditions. However, the AGCRN with the

Unified Framework demonstrated its competitiveness during peak hours when substantial

traffic pattern changes occur. The TPS value experienced a significant drop at noon, and the

proposed Unified Framework accurately forecasts this situation. Conversely, the base model

detected the peak hour condition but did not provide a response of comparable quality. This

outcome indicates that the proposedUnified Framework is more capable of handling fluctu-

ating and noisy temporal-spatial traffic patterns than the base model.
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Table 6.2: Step‐wise Performance Comparison Of The Unified Framework With Base Models
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Figure 6.7: Comparative Visualization Of AGCRN Base Model And Unified Framework Predictions

6.3.5 Ablation Studies

Multi-contrastive Learning Sensitivity Analysis

This section analyzes the impact of removing spatial, temporal, and batch-wise contrastive

learning from the proposed unified framework. We investigated how the performancewould

be impacted for three basemodels thatwere applied to the proposed framework. As shown in

Table 6.3, the proposed unified framework consistently outperforms the base models across

all evaluation metrics. When removing individual contrastive learning component, the im-

pact on performance varies across different base models, indicating that the importance of

each technique depends on the architecture of the base model.

Although the impact of removing the batch-wise contrastive learning component is rel-
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Table 6.3: Ablation Results Of Removing Particular Contrastive Learning In The Unified Framework

Model MAE MAPE RMSE

Basic LSTM-Seq2Seq 0.0141 2.3184% 0.0465

Only Remove Spatial CL 0.0138 2.3049% 0.0463

Only Remove Temporal CL 0.0137 2.2817% 0.0463

Only Remove Batch CL 0.0136 2.1871% 0.0459

w/ the Unified Framework 0.0133 2.1730% 0.0444

Basic GMAN 0.0143 2.3882% 0.0491

Only Remove Spatial CL 0.0140 2.3808% 0.0490

Only Remove Temporal CL 0.0141 2.3430% 0.0480

Only Remove Batch CL 0.0138 2.3569% 0.0484

w/ the Unified Framework 0.0135 2.3118% 0.0478

Basic AGCRN 0.0136 2.2046% 0.0449

Only Remove Spatial CL 0.0131 2.0945% 0.0438

Only Remove Temporal CL 0.0129 2.0477% 0.0432

Only Remove Batch CL 0.0127 2.0810% 0.0438

w/ the Unified Framework 0.0125 2.0082% 0.0425

atively small compared to spatial and temporal contrastive learning components, it consis-

tently affects the performance of all base models. Based on this result, it can be inferred that

batch-wise information, such as accounting for correlations among sequences of traffic data

in a batch, can contribute to the accuracy of the traffic forecasting model. Furthermore, the

unified framework integrating all three contrastive learning methods outperforms all base
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models and models with individual contrastive learning components removed. This finding

suggests combining different contrastive learning methods can provide a more robust and

practical approach to traffic forecasting.

Unified Framework Robustness Analysis

In this experiment, we analyzed the robustness of our proposed unified framework with

multi-contrastive learning by introducing fluctuating/incomplete data. Specifically, we ran-

domly masked 5% of the input data to simulate incomplete or unreliable data. We compared

theMAE performance degradation of the base model and the model with the unified frame-

workwhen tested onmasked data relative to their performance on the original data, as shown

Figure 6.8: Model Robustness To Fluctuating Data
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in Figure 6.8.

The result indicated theproposedunified frameworkwithmulti-contrastive learningdemon-

strated significantly greater robustness to fluctuating data than the base model. Specifically,

the unified framework’s performance degradation was considerably smaller than the base

model compared to the original data. For the three groups (LSTM-Seq2Seq, GMAN, and

AGCRN), the performance drop for the unified framework was [0.0024, 0.0010, 0.0006]

(Purple Bars w/ cross texture), while the base model encountered a more significant degrada-

tion of [0.0087, 0.0033, 0.0040] (GreenBarsw/ slash texture). These findings provide strong

evidence for the effectiveness of the multi-contrastive learning component in the proposed

framework and its ability to handle incomplete data.

Additionally, this ablation study result has crucial implications for real-world applications

because data quality may be inconsistent or incomplete for various reasons, including tech-

nical communication challenges. By demonstrating that the proposed framework is more

robust to fluctuating data than relying solely on a base model, this robustness analysis high-

lights the potential of the proposed framework to provide reliable results even in challenging

environments.

6.4 Chapter Conclusion

In conclusion, our research presents a novel unified framework combining joint traffic repre-

sentation andmulti-contrastive learning to enhance spatial-temporal traffic forecasting. The

proposed framework considers multi-scale contextual information at different granularities

and is designed to handle noisy and incomplete data, adapt to non-stationary conditions, and

learn generalized representations. Our research has made the following contributions:
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• Developed aunified framework that combines traffic representation learning andmulti-

contrastive learning to enhance spatial-temporal traffic forecasting.

• Proposed a generalized definition for spatial-temporal positive/negative pairs to pro-

vide a consistent and effective way of selecting positive and negative samples in spatial,

temporal, and batch-wise contrastive learning

• Consideredmulti-scale contextual information at different granularities tohandlenoisy

and incomplete data, adapt to non-stationary conditions, and learn generalized repre-

sentations.

• Demonstrated the effectiveness of the proposed unified framework in enhancing traf-

fic forecasting accuracy compared to all basemodels and showed that the combination

of different contrastive learning methods could provide a more robust and effective

approach to traffic forecasting than individual methods alone.

• Conducted a robustness analysis to evaluate the proposed unified framework’s ability

tohandle incomplete orunreliable data and found that it outperformed thebasemodel

for performance degradation on masked data. These results show the potential of the

proposed framework to provide more reliable traffic forecasting in challenging real-

world environments where data quality may be inconsistent/incomplete.

Moving forward, there are several potential areas for future research that can make con-

tributions based on this study. One promising avenue is the exploration of more generic or

intelligent approaches to assigning threshold values in filtering positive/negative pairs. This

could potentially enhance the effectiveness of the proposed framework in handling noisy and
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incomplete data, adapting to non-stationary conditions, and learning generalized represen-

tations.

Another area is the potential of training the contrastive learning component separately to

learn the traffic network’s representation. By identifying common patterns or features in the

road network, such an approach could potentially be used as a warm start to improve the

generalizability of the model across different experimental regions or contexts.

Further research can also explore the extension of the proposed framework to incorporate

additional data sources, such as weather and social media data, to enhance its applicability in

real-world traffic forecasting scenarios.
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Part IV

Applications and Open-source Dataset
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7
Measure UrbanMobility and Online

Predict Near-term Traffic like Weather

Forecast

7.1 Overview

Measuring traffic performance is critical for public agencies managing traffic and individu-

als planning trips, especially when special events like the long-lasting COVID-19 pandemic
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happen. However, most existing traffic performancemetrics narrowly focused on one aspect

of the impacts but not comprehensive changes to the network. Further, urban traffic pat-

terns and traveler trip planning have been dramatically affected since the pandemic breakout.

Therefore, network-wide online traffic prediction becomes an urgent but more complicated

task. To overcome these challenges, this study proposes aTrafficPerformance Score (TPS) in-

corporatingmultiple parameters formeasuring both urban and freeway network-wide traffic

performance. The TPS is compared with other metrics to show its superiority. This study

alsopresents amulti-step Sequence-to-Sequence (Seq2Seq)-basedmodelwith anonline train-

ing and updating technique to predict network-wide traffic performance similar to a weather

forecast to handle the complex problem of network-wide traffic prediction. Experimental

results indicate that the proposed model with the online learning strategy outperforms ex-

isting methods regarding prediction accuracy and learning efficiency. In addition, the TPS

measurement and its related online prediction functions are implemented on a publicly ac-

cessible platform and applied in real practice, which is another contribution of this work.

7.1.1 Background

The measurement of traffic performance is highly valuable for both transportation agencies,

who utilize it to inform their operations and management strategies, and the general public,

as traffic patterns significantly impact daily life. Traditional traffic performancemetrics, such

as speed, volume, travel time, etc., provide insight into the traffic conditions of specific road-

ways or corridors. However, they are unable to provide a comprehensive understanding of

network-wide traffic performance, especially in large cities. The reason is that these metrics

often only measure one aspect of traffic and struggle to differentiate between complex traffic
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scenarios. Moreover, freeway andurban trafficpatterns are typicallymeasured using different

data sources, making it difficult to compare and understand traffic performance across both

types of networks. To address these limitations, this study aims to develop a more compre-

hensive metric for measuring network-wide traffic performance for both urban and freeway

traffic networks. The COVID-19 pandemic, as a long-lasting event, has drastically changed

traffic patterns and made understanding dynamic network-wide traffic and predicting per-

formance during the pandemic a more challenging task. To tackle this issue, this study also

seeks to develop novel and robust prediction methodologies to foresee network-wide traffic

performance, accounting for various influential factors such as incidents, weather, and spe-

cial events.

Trafficprediction, a subject of active research anddevelopment for over 40years, has gained

significant attention in recent years with the advancement of artificial intelligence (AI)101.

It is crucial for both transportation management and travel/trip planning. With the rise

in traffic data and computational power, traffic forecasting methods have moved from tra-

ditional statistical models to data-driven machine learning approaches201. In recent years,

deep learning research has spurred significant advances in traffic forecasting. Various deep

neural network models, such as Recurrent Neural Network (RNN), Convolutional Neural

Network (CNN), and Generative Adversarial Network (GAN), have been applied in traffic

forecasting studies and have achieved outstanding prediction results by exploiting the spatial-

temporal patterns in vast data resources.

Predicting network-wide traffic performance like weather forecasting can be very helpful

for the public. It can assist travelers in their trip planning by presenting the performance

prediction as a simple score or visualized map. Nevertheless, current deep learning-based
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traffic prediction models primarily focus on developing novel neural network structures or

combining existing neural network components to achieve modest accuracy improvements.

Very few studies have successfully implemented the proposed models for public use. This is

partly due to the challenges posed by online prediction tasks. An effective traffic prediction

model should take into account both short-term trafficfluctuations and tiny long-term traffic

changes, and be able to adapt and improve performance accordingly. Therefore, this study,

aimed at applying trafficperformance inpractice,will alsopropose effective learning strategies

to tackle the challenges of online traffic prediction.

7.1.2 Contributions andOrganization

To solve all the aforementioned challenges, this study proposes a traffic performance mea-

surementmetric suitable for both urban and freeway traffic networks. To apply the proposed

metric to real applications and benefit public users, traffic prediction models for online pre-

diction tasks will be devised and integrated with the performance metric applications. To

sum up, the contribution of this study can be summarized as follows:

1. A traffic performance score for measuring network-wide traffic is proposed. The mo-

bility performance is measured by both freeway TPS and urban traffic TPS. The TPS

is also implemented on a publicly accessible traffic performance measurement plat-

form.

2. This studyproposes amulti-step sequence-to-sequence-basedmodel topredict network-

wide traffic performance. To accommodate the online prediction task, this study also

offers an online learning strategywith the periodicalmodel training and updating pro-

cess.
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3. The proposed model with the online learning strategy outperforms existing methods

in terms of prediction accuracy and learning efficiency. The TPS online prediction

model is also taken into practice by implementing it on the traffic performance mea-

surement platform. To the best of our knowledge, this study is the first proposed on-

line traffic prediction model with real applications.

In the following sections, this research introduces the proposedTPS anddescribes how the

freeway and urban TPS can be adopted to measure urbanmobility in Section 7.2. Then, the

Seq2Seq-based traffic prediction model and its online learning strategy are presented in Sec-

tion 7.3. The numerical studies are exhibited in Section 7.4. Finally, Section 7.5 summarized

this work and shed light on the future research directions.

7.2 Traffic Performance Score For UrbanMobilityMeasurement

Performance monitoring is critical for roadway operations, including real-time applications,

operational planning, and transportationplanning. According to a report fromFederalHigh-

wayAdministration190, travel time is the basis for definingmobility-based performancemea-

sures. To that end, many performance measures have been designed, such as average travel

speed, travel time, travel rate index, and delay per Vehicle Miles Traveled (VMT). However,

most existing performance measures are road-segment or trip-based. These existing metrics

cannotmeasure performance over a complicated road network. This section outlines a traffic

performance score to measure traffic performance from the road network perspective.
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7.2.1 Preliminaries

Traffic performance can be estimated from various data sources. Since, in real cases, only a

portion of vehicles’ trajectories can be collected, fixed-location-based sensors deployed in the

whole traffic network are more robust to collecting traffic data to capture accurate network-

wide traffic performance. Thus, this study chooses the freeway traffic data collected by loop

inductive detector sensors deployed on freeways and urban traffic data collected bymagnetic

sensorsmined at urban road intersections tomeasure the overall trafficnetwork performance.

The freeway traffic data i is collected from roughly 8000 inductive loop detectors deployed

on the freeway network in the northwest region of Washington State, including major free-

ways I-5, I-90, I-405, SR-520, etc. Representative detectors are shown by blue dots in the

right map in Figure 7.1. The raw data contains lane-wise speed, volume, and occupancy

(density) information collected by each loop detector. Based on the consecutive detectors’

location information, freeways can be separated into tiny road segments, each containing

one loop detector per lane. A road segment’s length is then considered as the corresponding

detector’s covered length.

The Sensys ii magnetic sensors collect the urban traffic data mined at 45 key intersections

in the SeattleDowntown area, consisting of volume and occupancy information of each lane.

The intersections are illustrated by the green drops in the left map in Figure 7.1. The urban

and freeway data contain different spatial and temporal resolutions; thus, their performance

metrics are defined separately.
iWashington State Department of Transportation Traffic Data: http://data.wsdot.wa.gov/traffic/
iiSensys Data: https://www.sensysnetworks.com/
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Figure 7.1: The Geospatial Locations Of The Sensors In The Urban Traffic Network (Green Drops On
The Left) And The Freeway Network (Blue Dots On The Right) In The Greater Seattle Area

7.2.2 Freeway Traffic Performance Score

The physical qualities of road segments are normally constant, but the traffic parameters

on each segment, such as lane-level volume (Q), speed (V ), and density (K), are constantly

changing. These traffic parameters for each road segment should be considered when mea-

suring the traffic performance of the traffic network. Since these three characteristics are

related to each other, one can be inferred from the other two. As a result, it is sufficient to

incorporate two of them to design the traffic metric. In this study, volume and speed, which

are more general and intuitive parameters, are adopted in the design of TPS. The length (L)

of the road segment is also taken into consideration by multiplying L with the volume Q,
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which (Q · L) basically represents the VMT of the road segment. Then, the TPS is defined

as:

TPSF
t =

∑n
i=1 V

i
t ·Qi

t · Li∑n
i=1 Vf ·Qi

t · Li
× 100% (7.1)

whereV i
t andQi

t represent the speed and volume of each road lane i at time t. Li is the length

of i-th detector’s covered road segment. Vf is the default free-flow speed. In this way, theTPS

is a value ranging from 0% to 100%. Overall network-wide traffic condition is best when the

TPS is 100% and worst when TPS is 0%.

7.2.3 Urban Traffic Performance Score

Comparing to freeway traffic networks, the urban traffic network ismore complicatedwhose

traffic data is more difficult to be collected. The unobservable parameters, such as the speed,

willmake theTPS equation defined in Equation 7.3 incomplete. To overcome this challenge,

the urban TPS inherits the freeway TPS definition and attempts to infer the unobserved pa-

rameters to complete. In our urban traffic setting, the observable parameters include volume

and occupancy. The average speed is µ̄ inferred based on traffic stream characteristics66:

µ̄ =
Q · ck

Occupancy
(7.2)

where ck is the constant of proportionality between occupancy and density under certain

simplifying assumptions. In addition, since urban traffic data is collected by single-location

sensors, the length of the road segment no longer affects the measurement of road segment

traffic performance. Therefore, the lengths of urban road segments are assumed the same. In

152



this way, the urban TPS is defined as:

TPSU
t =

∑n
i=1 µ̄

i
t ·Qi

t ·��Li∑n
i=1 Vf ·Qi

t ·��Li
× 100% =

∑n
i=1 µ̄

i
t ·Qi

t∑n
i=1 Vf ·Qi

t

× 100% (7.3)

Hence, compared to freeway TPS, urbanTPS is simplified by getting rid ofL and requires

more calculation of average speed.

7.2.4 PerformanceMetric Comparison

This section compares theTPSwith existing traffic performancemetrics to show its superior-

ity. One of the widely used performance metrics is the Travel Time Index (TTI). Taking the

freeway TPS as an example, the difference between TPS and TTI is analyzed in this section.

Definition of Travel Time Index

The TTI is defined in various formats by the Urban Mobility Report iii, SHRP2 Project

L03131, and the Urban Congestion Report iv. Based on the Urban Congestion Report, the

TTI is the ratio of the peak-period travel time to the free-flow travel time calculated during

the AM peak period (6 am to 9 am) and PM peak period (4 pm to 7 pm) on weekdays. It is

averaged across urban areas, road sections, and time periods are weighted by VMT using vol-

ume. Thus, theVMTweighted averaged travel time canbe represented by
∑n

i=1(Li/Vi)·(Qi·Li)∑n
i=1 Qi·Li

.

Then, divided by the free-flow travel time, the TTI can be calculated as:

TTI =

∑n
i=1(Li/Vi) · (Qi · Li)∑n

i=1(Li/Vf ) · (
∑n

i=1 Qi · Li)
(7.4)

iiiUrbanMobility Report: https://mobility.tamu.edu/umr/report/
ivUrban Congestion Report: https://ops.fhwa.dot.gov/perf_measurement/ucr/
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where the parameters are the same as those of TPS defined in Equation 7.3. In this way, TTI

is a value with the range [1.0,∞). If TTI and TPS are calculated based on the data of only

one road segment, i.e n = 1, the product of TPS and TTI should equal to one. If the road

network is considered, i.e. n > 1, the product is assumed to be close to one. Another TTI

definition that was not weighted by VMT can be represented as:

TTINoW =
Vf∑n

i=1 Vi/n
(7.5)

The product of TPS and non-weighted TTI, TTINoW , is represented by:

TPS × TTINoW =
n
∑n

i=1 Vi ·Qi · Li∑n
i=1 Vi ·

∑n
i=1 Qi · Li

(7.6)

Measuring whether the product is close to one helps to validate the influence of the weight,

e.g. VMTi = Qi · Li, in the definition of TPS.

Weighting Impact on TPS

The distribution of TPS×TTI of all segments over onemonth from 2020-01-21 to 2020-

02-28 before COVID-19 is shown in Figure 7.2. It is obvious most of the products locate

around 1.0. Then, the minor cases whose products are less than 0.9 or larger than 1.1 are

analyzed. The data samples with a product less than 0.9 are shown in Figure 7.3. The three

subplots with different patterns display the volume-speed pairs collected from three specific

road segments located on I-5GP lanes in the Seattle area. Although the three distributions are

different fromeachother, it is found that the three road segments are all located at intersecting

areas on the freeway system, implying the traffic patterns at these segments vary dramatically.
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Since the freeway-TPS is somehow equivalent to lane-level VMT-weighted normalized aver-

aged network speed, the different lane patterns at one site contribute to the TPS × TTI

deviating from one. Thus, the difference between TPS and TTI can be analogous to the

difference between average speed and weighted average speed. Thus, TPS is superior to aver-

age speed and other simple metrics because it considers the VMT (volume and road segment

length). The definition of TPS is similar to TTI to some extent if TTI is weighted by volume

and other factors.

7.2.5 UrbanMobilityMeasurementwith Freeway and Urban TPS

Given the two versions ofTPS defined, the urban and freeway trafficmobility patterns can be

measured respectively. Figure 7.4 shows the freeway andurbanTPS analysis results generated

by theTPSplatform,where Figure 7.4a-7.4c show the freewayTPS analysis and Figures 7.4d-

7.4f display theurbanTPS analysis results, respectively. As shown inFigure 7.4a and7.4d, the

freewayTPS is illustrated on a 2D coloredmap, where theUrbanTPS is demonstrated by 3D

Figure 7.2: Distribution Of The Products Of TPS And TTI Over One Month In The Seattle Area
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Figure 7.3: Visualization Of The Spatial Distribution Of Sample Data When TPS × TTI < 0.9

histograms on the map. The Freeway TPS can distinguish the TPS of general-purpose (GP)

lanes and HOV lanes as shown in Figure 7.4b. Figure 7.4c also indicates the freeway VMT

variation over the past two years where an apparent valley on the VMT curve can be observed

indicating the impact of COVID-19 on traffic. Figures 7.4e and 7.4f display the daily volume

and occupancy variations at urban intersections that provides us intuitive awareness of the

urban traffic operations.

7.3 Traffic Performance Score Prediction LikeWeather Forecast

TPS can measure traffic performance for both the traffic network and road segments, and

thus, it has the great potential to assist public users in planning their travel activities. To
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(a) Freeway TPS Map (b) Freeway TPS Of GP And HOV Lanes (c) Freeway VMT Over Years

(d) Urban TPS 3D Map (e) Daily Lane‐level Volume Of An Intersection (f) Lane‐level Volume And Occupancy

Figure 7.4: Freeway And Urban TPS Analysis Results Provided By The TPS Platform

provide informative future traffic status, this study also proposes a real-time TPS prediction

model and implements it on the TPS platform like the weather forecast. Since the freeway

TPS data forms a well-structured network-level spatial-temporal traffic data, the TPS pre-

diction module is mainly designed for the freeway TPS. To fulfill this weather forecasting-

like task, we propose a Seq2Seq-based TPS prediction model. We further propose an online

learning TPS prediction strategy to enhance the model’s robustness to deal with the varying

network-wide traffic patterns, especially during special events like the pandemic.

7.3.1 Preliminaries

A trafficnetwork normally consists ofmultiple roadway links. The traffic forecasting task tar-

gets to predict future traffic states of all (road) links or sensor stations in the traffic network
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based on historical traffic state data. The collected spatial-temporal traffic state data of a traf-

fic network with S segments can be characterized as a T -step sequence [x1, x2, · · · , xT ] ∈

RT×S , in which xt ∈ RS demonstrates the traffic states, i.e. TPS in this study, of all S links

at the t-th step. The traffic state of the s-th link at time t is represented by xs
t . In this study,

the superscript of a traffic state represents the spatial dimension and the subscript denotes

the temporal dimension. The short-term traffic forecasting problem can be formulated as,

based on T -step historical traffic state data, learning a function F (·) to generate the traffic

states at future time steps as follows:

F ([x1, x2, · · · , xT ]) = [xT+1, xT+2, · · · , xT+N ] (7.7)

7.3.2 Seq2Seq-based PredictionModel

It has been shown that Long Short-term Memory (LSTM) models work well on sequence-

based tasks with long-term dependencies. Therefore, the LSTM is adopted as the basic struc-

ture of the Seq2Seq based prediction. Different from LSTM, this Seq2Seq structure has an

encoder receiving the input [x1, x2, · · · , xT ] and generating an encoded vector c and a de-

coder accepting c as input and generate the output [xT+1, xT+2, · · · , xT+N ]. The Seq2Seq

structure is depicted in Figure 7.5. The encoder and decoder are both LSTM networks. In

the decoder, the output of the current step will be taken as the input of the next step to gen-

erate the whole output sequence. Note that the first step of the decoder may not have input,

and the encoder output c is taken as the decoder’s first input in this study.
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Figure 7.5: Seq2Seq Structure With The Encoder And Decoder For TPS Prediction. Encoder And
Decoder Both Take LSTM As The Backbone.

7.3.3 Online Learning Strategy for TPS Prediction

The application scenarios are significant differences between the proposed TPS online learn-

ing model and other existing traffic prediction models. Existing traffic prediction studies

mainly focus on designing complicated neural network structures to improve prediction ac-

curacy, though the improvement is very limited in most cases. However, in real-world cases,

the traffic pattern may change dramatically over time and a static model may not be able to

deal with all traffic patterns. Especially during the COVID-19 pandemic, the traffic pattern

may change every month or even every week. In this study, we target to design a novel on-

line learning strategy to periodically update the prediction model to adapt to drastic traffic

pattern changes and achieve even better prediction results.

Traditional model training and testing strategy can be described as a tandem structure as

shown inFigure 7.6a that the dataset is inputted to themodel for training and thewell-trained

model will be used to complete the prediction or classification task. However, it does not

fit for on-line tasks, especially when time goes by the new data samples have different pat-

terns/distributions.

To deal with this challenge, we propose an online training and model update strategy,
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(a) Normal Model
Training Prediction (b)Online Training And Model Update Strategy

Figure 7.6: Proposed Online Learning Strategy For The Training And Updating Of The TPS Prediction
Model

shown in Figure 7.6b. We consider the model to be running in a system, and the system con-

tinuously receives spatial-temporal data from outside sources. In the beginning, when the

time steps of the dataset are long enoughwith the length ofL, the dataset will be taken to the

initializedmodel to conduct the first training. Then, after∆l time steps, the training dataset

will be updated by keeping the most recent L steps of data. The early collected data will be

freed and no longer be used. In this way, the training set keeps replacing a portion of the set.

Once the new training set is generated, themodel trained by the last dataset will be re-trained

again without parameter initialization. Thus, during each ∆l time step, a new model will

be trained online based on previously accumulated datasets and trained parameters and be

utilized for the prediction task. In this way, the newly trained model can learn the traffic pat-

tern from the most recently collected data to enhance the prediction accuracy of the coming

future time steps.
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7.4 Experiments

This section compares the proposed approach with existing traffic forecasting models. The

freeway TPS data is employed to test themodels. Hyper-parameters, software, and hardware

used in the experiments are also introduced.

7.4.1 Experiment Setting

Datasets:

In this study, we conducted experiments on freeway segment-based TPS datasets for a period

of one year from 2020-07-01 to 2021-06-30. Four freeways, including I-5, I-90, I-405, and

SR-520, were selected, comprising a total of 91 road segments. Each segment at a specific

time has a TPS value ranging from 0 to 100%. The raw data for the freeways has a temporal

resolutionofoneminute. Inorder to fulfill theonlinedailyTPSprediction task, the temporal

resolution of the TPS data was aggregated to one hour.

Hardware:

In this study, the experiments were conducted on a computer with an Intel i7-7700 CPU@

4.2GHz processor and 32GB of memory. All the neural network-based models were trained

and evaluated on a single NVIDIA GeForece GTX 1080 Ti with 11GBmemory.

Baseline Models:

This study compare two widely used models:
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• GRU34: Gated Recurrent Units (GRU) referring to gated recurrent units is a type of

RNN. GRU can be considered as a simplified LSTM.

• LSTM76: LSTM is a powerful variant of RNN, which can overcome the gradients

exploding or vanishing problem. It is suitable for being a model’s basic structure for

traffic forecasting.

• Seq2Seq: the proposed method without online training strategies.

Parameters:

The neural network models are implemented by PyTorch 1.4.0. In the training process, we

use themini-batch training strategy. The parameters of the dataset, the proposedmodel, and

the proposed online training and learning strategy are listed as follows:

• Dataset parameters: The dataset contains one-year hourly TPS data with 8000 data

samples. The input of the forecastingmodels is a 3-D vectorX ∈ Rb×T×S . The batch

size b is set as 32 andS = 91 is the number of segments in the freewayTPS dataset. The

length of the input sequence is set as 36 covering one and a half days, and the output

sequence is set as 12 covering a half day. The samples are randomized and divided into

the training, validation, and test set with the ratio 7:2:1.

• Model parameters: All the RNN-based models are trained by minimizing the Mean

Squared Error (MSE) using the Adam optimization method92. The early stopping

mechanism is used to avoid over-fitting. If themodel improvement, i.e. the decrease of

the validation loss, cannot exceed a threshold, set as 0.00001 (MSE), in 10 consecutive

epochs, the training process will be terminated. We also design a learning rate decay
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mechanism for the trainingprocess to speedup themodels’ convergence. Learning rate

decay mechanism is a technique used in training modern neural networks that starts

with a large learning rate and gradually reduces it until a local minimum is achieved to

ensure optimal convergence and performance. It is empirically observed to help both

optimization and generalization. The initial learning rate of all models is set as 10−4.

• Online training parameters: For the sake of simplicity in this numerical test, the

dataset size L for the online training strategy is set as 6000, and the updating interval

∆l is set as 1000.

EvaluationMetrics

Tomeasure the effectiveness of different traffic state prediction algorithms, widely used traffic

prediction metrics109, including Mean Absolute Error (MAE), Mean Absolute Percentage

Error (MAPE), and Root Mean Square Error (RMSE), are computed using the following

equations:

MAE =
1

n

n∑
i=1

|yi − ŷi| (7.8)

MAPE =
100

n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (7.9)

RMSE =

√∑n
i=1 |yi − ŷi|2

n
(7.10)

where yi is the TPS label data, and ŷi is the predicted TPS.
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7.4.2 Performance Comparison

The results of the prediction tests on the TPS dataset are presented in Table 7.1. It is evident

that both GRU and LSTM, which are derived from vanilla recurrent neural networks, face

challenges in effectively encoding sequences and generating multi-step values. On the other

hand, the Seq2Seq-based model, comprising encoder and decoder modules in the form of

RNNs, exhibits superior performance inmulti-step traffic state prediction. This is likely due

to the model’s ability to dynamically adjust its weights through online learning, as demon-

strated by the Seq2Seq-Onlinemodel, whichwas trained three times. In conclusion, the pro-

posed Seq2Seq model with an online training strategy demonstrates a clear advantage in all

three metrics.

Table 7.1: Experimental Results Of The Proposed And Baseline Models

Model MAE MAPE RMSE

GRU 0.057 0.126 10.865%

LSTM 0.052 0.103 9.874%

Seq2Seq 0.04 0.094 7.172%

Seq2Seq-Online 0.034 0.083 5.720%

The effectiveness of the online training and learning strategy was also evaluated by com-

paring the validation losses of Seq2Seqmodels with andwithout this strategy. As depicted in

Figure 7.7, the Seq2Seq model without online learning (Seq2Seq-Normal) exhibits a higher

validation loss. It is notable that the first round of training for the Seq2Seq-Online model

resulted in a lower validation loss, leading to improved prediction performance. This may
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be attributed to the smaller dataset size used for each training of the Seq2Seq-Online model

in comparison to the Seq2Seq-Normal model. Furthermore, all three training processes for

the Seq2Seq-Online model resulted in lower losses than the Seq2Seq-Normal model, sug-

gesting that the online learning strategy allows for dynamic adjustment of the model to fit

future changes and enhance prediction performance. It is also worth mentioning that the

total number of epochs for the second and third training was significantly lower than that

of the first training. This suggests that the iterative training strategy can effectively train the

model based on existing training results and minimize computation in future steps.

7.4.3 TPS PredictionModel Deployment

To put the traffic prediction model into practice, we have implemented an online freeway

TPS predictionmodel on a publicly accessible web-based traffic performance score platform.

To the best of our knowledge, this is the first instance of a proposed traffic prediction model

Figure 7.7: Validation Loss Of The Proposed Seq2Seq Prediction Models With The Normal Training
Strategy And The Online Training‐learning Strategy (The Loss Of The First Three Online Training Are

Displayed)
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being implemented into a real traffic data platform for actual usage. The architecture of the

TPS platform, comprising three layers that integrate real-time data streaming, data source

pre-processing, data storage, data analysis, data prediction, and data visualization. For more

information about the TPS online prediction functions, please refer to the platform v.

7.5 Chapter Conclusion

In this study, we propose the use of traffic performance scores as a metric for evaluating

network-wide traffic performance. Using real-time loop detector data and other sources,

we have developed a traffic performance score platform that displays both network-level and

segment-level freeway traffic performance in the Greater Seattle area. By comparing the TPS

with TTI, we demonstrate the superiority of the TPS in capturing dynamic patterns of road

segments, taking into account the VMT. As traffic patterns can vary significantly over time,

particularly during prolonged periods such as the ongoing pandemic, the ability to fore-

cast traffic like weather forecasts is beneficial for public use in trip planning and other pur-

poses. To address this challenging task of network-wide online traffic prediction, we propose

a Seq2Seq-based online learning method. Our experimental results show that this method

outperforms existing methods regarding prediction accuracy and learning efficiency. In ad-

dition, we have implemented the TPS measurement and its related online prediction func-

tions on a publicly accessible platform, representing a significant contribution to our work.

Network-wide traffic performance can now be predicted in a manner analogous to weather

forecasts.

In the future, we plan to further investigate the advantages of the TPS as compared to
vTPS Platform: http://tps.uwstarlab.org/
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othermetrics in terms of representing traffic status during the ongoing pandemic period. We

will also work to improve the proposed Seq2Seq prediction model and the online learning

strategy in order to enhance the online prediction accuracy on the TPS platform.
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8
Release Non-stationary Traffic Dataset and

Benchmark Platform

8.1 Overview

The increasing volume and diversity of transportation data collected by modern traffic sens-

ing andArtificial Intelligence (AI) technologies have opened up new opportunities for trans-

portation agencies and researchers to address complicated transportationproblems. In recent

years, Deep Learning (DL)-based models have shown advantages in providing robust solu-

168



tions to complex transportation problems that classic statistical methods cannot easily solve.

However, the design of thesemodels needs to be customized depending on specific issues and

datasets. Most of the existing DL-based models are not designed initially for transportation

problems.

To address the aforementioned issues, a new platform i has been introduced that collab-

orates with the Transportation Research Board (TRB) Artificial Intelligence and Advanced

Computing Committee to present a series of challenges to generate AI-driven solutions for

transportation problems. The platform provides benchmarked datasets andmodels to guide

participants in data cleaning, processing, and modeling, along with an online evaluation sys-

tem that ranks the modeling results. Two datasets for traffic flow prediction and pavement

distress detection have been provided, respectively. Tutorials for each challenge enable trans-

portation data scientists and engineers to evaluate state-of-the-art AImodels. Researchers are

encouraged to developmultiple customizedmodels and compare their performance on these

datasets. Following this standard procedure will facilitate an easy comparison of results, aid-

ing in selecting the most effective models for further study or implementation. Additionally,

the platform will save researchers valuable time by eliminating the need for reimplementing

existing ideas. Instead, they could focus on different advancements based on state-of-the-art

algorithms.

Overall, this platform represents a significant contribution to Intelligent Transportation

Systems (ITS) and can potentially drive substantial advancements in transportation research

and practice.
iTRBAI Open Data Challenge Platform: https://trbaiac.web.app/
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8.1.1 Background

In recent years, traffic congestion has become a considerable challenge in urban environ-

ments. For example, drivers in New York City lost 117 hours on average in congestion in

202285. Such delays impact individual drivers, national/local authorities, and logistics com-

panies113,166. Therefore, there is a growing need for accurate traffic prediction to enable bet-

ter planning and management of transportation systems.

Numerous cities have adopted ITS over the last two decades to improve urban transporta-

tion network planning and traffic management83. These systems utilize current and histor-

ical traffic data to enhance transport efficiency and safety by informing users of road con-

ditions and adjusting infrastructure, such as street lights. In addition, the logistics industry

relies on accurate traffic conditions to optimize scheduling, route planning, and overall per-

formance.

Various Machine Learning (ML) and DL techniques have been employed to achieve ac-

curate traffic predictions, capable of processing vast quantities of historical and real-time

data102,37. DLmethods, in particular, have demonstrated superior effectiveness in predicting

road traffic. Despite these advancements, the designof theseDL-basedmodels remains a chal-

lenge due to the need for customization depending on specific issues and datasets. Most ex-

isting traffic datasets involve relatively stable conditions without accounting for unexpected

real-world events that may significantly impact the statistical distribution of experimental

data, such as COVID-19. To our best knowledge, there is a notable absence of datasets that

consider non-stationary circumstances, which is a hurdle in developing robust traffic fore-

casting models to accommodate fluctuated conditions.
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8.1.2 Contributions andOrganization

To solve the aforementioned challenge, a newplatformwith opendata challenges has been es-

tablished, encouraging transportation researchers to join and solve the non-stationary issue

in traffic prediction. A non-stationary Traffic Performance Score (TPS) dataset is also re-

leased192, covering six-month data from January to June 2020, which is the initial outbreak

of COVID-19. In summary, the contributions of this study can be articulated as follows:

1. Introducing a novel platformwith evaluation systems to assess AI-driven solutions for

addressing open transportation challenges, including non-stationary traffic forecast-

ing and pavement distress detection.

2. Releasing a non-stationary TPS dataset to encourage researchers to address this com-

plex issue in traffic prediction.

3. Providing several benchmark models as fundamental algorithms to allow participants

more focus on advancing generalizable and robust algorithms.

4. Offering comprehensive tutorials that encompass data preprocessing, model develop-

ment, andmodel training to guide participants through a standardized procedure, en-

abling seamless participation in this research/application field.

5. Ensuring all submitted models are open-source, enabling free access with proper cita-

tions for individuals to utilize in their applications.
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8.2 Transportation Open Data Challenge Platform

The TRBAI Open Data Challenge Platform is a platform aimed at promoting innovation

and collaboration among transportation researchers to solve open and complex questions.

The platform features two data challenges - the Traffic Forecasting Challenge (Figure 8.1)

and the Pavement Evaluation Challenge (Figure 8.2).

TheTrafficForecastingChallenge requires participants todevelopmodels topredict network-

wide traffic patterns accurately given non-stationary historical traffic data. The Pavement

Evaluation Challenge, on the other hand, requires participants to detect and classify differ-

ent types of pavement distress present in images captured from multiple sources and under

different conditions.

The frontend interface of the TRBAI Open Data Challenge Platform is developed using

React.js ii, providing a user-friendly and interactive experience for participants. Account au-

thentication is powered by Google Firebase iii, ensuring secure access to the platform.

In order to participate in the data challenges, participants are required to sign up for an

account. Upon submission of their results, the backend server, developed using Python iv,

will evaluate the results based on several evaluationmetrics. It is also required for participants

to provide a link to their developed model (GitHub repository v or a Colab link vi), with

public access so that others may access and re-implement the models.
iiReact.js: https://react.dev/
iiiGoogle Firebase: https://firebase.google.com/
ivPython: https://www.python.org/
vGithub: https://github.com/
viColab: https://colab.research.google.com/
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Figure 8.1: Traffic Forecasting Challenge Overview

Figure 8.2: Pavement Evaluation Challenge Overview
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8.3 Open-source TPS Dataset

The TRBAI Open Data Challenge Platform is a collaborative effort between our organi-

zation and an assistant professor, Yaw Adu-Gyamfi vii, at the University of Missouri. Our

organization is responsible for the Traffic Forecasting Challenge, while the professor and

their team at the University of Missouri are responsible for the Pavement Evaluation Chal-

lenge. Therefore, this section will focus on introducing the non-stationary TPS dataset,

which serves as the foundation for the Traffic Forecasting Challenge.

The non-stationary TPS dataset utilized in this platform was collected through the use of

inductive loop detectors deployed on freeways in the Seattlemetropolitan area. The freeways

included in the dataset are I-5, I-405, I-90, and SR-520, as illustrated in the accompanying

Figure 8.3.

This dataset represents a comprehensive collection of traffic performance data, providing

information on spatiotemporal speed and volume patterns in the freeway system. The data

is recorded in 15-minute increments, offering a highly granular representation of traffic pat-

terns over time. Specifically, participants in the challenge can access a comprehensive training

dataset covering the period from January toMay of 2020, with fluctuating traffic patterns as

shown in Figure 8.4. Additionally, the testing dataset consisting of 15 distinct time slots is

provided as shown in Table 8.1. This testing dataset includes both weekdays and weekends,

as well as morning and afternoon peak hours, providing a comprehensive evaluation of the

models’ performance under different traffic conditions.

In addition to the non-stationary TPS dataset, a well-organized adjacency matrix is also

provided as shown in Figure 8.5. This matrix represents the relationships between differ-
viiFaculty Profile: https://engineering.missouri.edu/faculty/yaw-adu-gyamfi/
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Figure 8.3: The Freeways Included In The Non‐stationary TPS Dataset41

Figure 8.4: Network‐wide Non‐stationary Traffic Pattern In Training Dataset
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Table 8.1: Testing Dataset Properties

Index
Testing Data Forecasting Horizon

From To From To

1 2020-06-01 21:15 2020-06-02 06:00 2020-06-02 06:15 2020-06-02 09:00

2 2020-06-02 22:15 2020-06-03 07:00 2020-06-03 07:15 2020-06-03 10:00

3 2020-06-03 23:15 2020-06-04 08:00 2020-06-04 08:15 2020-06-04 11:00

4 2020-06-05 00:15 2020-06-05 09:00 2020-06-05 09:15 2020-06-05 12:00

5 2020-06-06 01:15 2020-06-06 10:00 2020-06-06 10:15 2020-06-06 13:00

6 2020-06-07 02:15 2020-06-07 11:00 2020-06-07 11:15 2020-06-07 14:00

7 2020-06-08 03:15 2020-06-08 12:00 2020-06-08 12:15 2020-06-08 15:00

8 2020-06-09 04:15 2020-06-09 13:00 2020-06-09 13:15 2020-06-09 16:00

9 2020-06-10 05:15 2020-06-10 14:00 2020-06-10 14:15 2020-06-10 17:00

10 2020-06-11 06:15 2020-06-11 15:00 2020-06-11 15:15 2020-06-11 18:00

11 2020-06-12 07:15 2020-06-12 16:00 2020-06-12 16:15 2020-06-12 19:00

12 2020-06-13 08:15 2020-06-13 17:00 2020-06-13 17:15 2020-06-13 20:00

13 2020-06-14 09:15 2020-06-14 18:00 2020-06-14 18:15 2020-06-14 21:00

14 2020-06-15 10:15 2020-06-15 19:00 2020-06-15 19:15 2020-06-15 22:00

15 2020-06-16 11:15 2020-06-16 20:00 2020-06-16 20:15 2020-06-16 23:00

Figure 8.5: Adjacency Matrix Visualization
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ent segments in the traffic network, allowing participants to treat the network as a graph if

desired.

8.4 Tutorial & Benchmark

This platform provides a comprehensive tutorial (Figure 8.6) for participants in the Traffic

Forecasting Challenge. This tutorial covers various topics, including data introduction, data

preprocessing, accessing and reading the dataset, model implementation, andmodel training

and validation (Figure 8.7). The tutorial is written in PyTorch style, providing participants

with a clear and intuitive framework for developing their models.

In addition to the tutorial, the platform also provides a robust benchmark system for eval-

uating the performance of participantmodels. Upon submission of their results, the backend

server will evaluate the models using a set of established evaluation metrics. The results will

be ranked on a leaderboard as shown in Figure 8.8, giving participants a clear understanding

of their model’s performance and allowing them to compare their results with others.

8.5 Chapter Conclusion

The TRBAI Open Data Challenge Platform, a new platform introduced in collaboration

with the Transportation Research Board’s Artificial Intelligence and Advanced Computing

Committee, offers a valuable resource for transportation agencies and researchers looking

to tackle complex transportation problems. The platform presents challenges to generating

AI-driven solutions, provides benchmarkeddatasets andmodels, and offers online evaluation

systems to rank the results. The platform encourages the development of customizedmodels,

enables easy comparisons of results, and saves valuable time for researchers.
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Figure 8.6: Tutorials For Traffic Forecasting Challenge

Figure 8.7: Benchmark Model Implementation Github Link
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Figure 8.8: Traffic Forecasting Challenge Leaderboard

In conclusion, this platform represents a significant contribution to the field of ITS and

has the potential to drive substantial advancements in transportation research and practice.

By offering benchmarked datasets, models, and tutorials, the platform provides a valuable

resource for transportationdata scientists and engineers to evaluate state-of-the-artAImodels

and develop innovative solutions to real-world transportation problems.
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Final Remarks
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9
Final Remarks

9.1 Summary and Contributions

Around 55 percent of the global population resides in urban areas nowadays, and theUnited

Nations predicts that this figure will rise to 68 percent by 2050144. As the population grows

in metro regions, urbanmobility challenges such as traffic congestion and increased demand

for public transportation significantly impact traditional urban mobility. There has been
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an increasing focus on strengthening transportation infrastructure to address these complex

challenges, with Intelligent Transportation Systems (ITS) emerging as a solution to improve

urban transit operations from an information standpoint. The rapid advancement of traffic

sensing and communication technologies has significantly increased the volume and diver-

sity of transportation data available through ITS. This data proliferation has the potential

to advance research and applications related to urban transportation and smart cities, such as

traffic control, autonomous driving, and smart city infrastructure. Nonetheless, several ob-

stacles exist in understanding non-stationary traffic data and applying relevant solutions to

real-world situations. As a result, this dissertation comprehensively examines these challenges

through three primary perspectives: (1) data, (2) model, and (3) application. The impact of

unanticipated events like theCOVID-19 pandemic on traffic patterns, the hurdles of existing

traffic forecasting approaches, and the limitations of practical online prediction workflows

are discussed.

The research objectives of this dissertation concentrate on understanding traffic patterns

under interventions, devising robust prediction frameworks, and establishing representation

learningmethodologies. Additionally, the study seeks to create online learning strategies that

can efficiently manage fluctuating traffic conditions. By achieving these goals, this disserta-

tion has the potential to not only inspire the development of resilient algorithms that can

adapt effectively to ever-changing traffic conditions but also to contribute valuable datasets

and interactive platforms for future investigations.

In Chapter 3, the study introduces a cutting-edge multivariate LSTM-based network to

forecast traffic parameters under external interference happened, such as those experienced

during the COVID-19 pandemic. The proposed MDLSTM model integrates spatial and
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temporal features to boost its robustness and adapt to overcome changing traffic conditions.

The MDLSTMmodel presents an innovative dual LSTM structure that accommodates ex-

ternal interventions, seamlessly fusing spatial and temporal features as input. Furthermore,

an attention-based learning component is developed to balance the contributions of short-

and long-term learned representations. Experiments on real-world datasets spanning the

COVID-19 outbreak demonstrate the effectiveness of theMDLSTMmodel. Alongside im-

proved forecasting accuracy, theMDLSTMmodel also exhibits enhanced computational ef-

ficiency, allowing for faster retraining and precise reflection of current traffic situations dur-

ing unexpected occurrences. This unique advantage positions the MDLSTM model as an

ideal solution for handling randomevents and adapting to fluctuating traffic conditions. The

study contributes significantly to traffic forecasting by proposing an integrated dual LSTM-

based model capable of accommodating interference. Future research could investigate ex-

tending the prediction horizon and enhancing the model’s capabilities, which serves as the

inspiration forChapter 4.

Building on the success of the MDLSTM model in Chapter 3 and expanding the pre-

diction horizon from short-term forecasting to a more extended version, we proposed the

Traffic-Twitter Transformer in Chapter Chapter 4. This innovative model integrates social

media features to provide a flexible and comprehensive framework for predicting physical-

aware, long-term traffic conditions, which is crucial for better management of future road-

way capacity and accommodation of social and human impacts.

The Traffic-Twitter Transformer leverages a novel Natural Language Processing (NLP)-

joined social-aware structure, incorporating both traffic and Twitter data intensity. A com-

prehensive correlation study was employed to evaluate the significance of the correlation be-
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tween traffic and Twitter datasets. The Traffic-Twitter Transformer integrates natural lan-

guage representations into traffic data for enhanced long-term traffic prediction. Experimen-

tal results demonstrated that the proposed model outperformed baseline models across all

evaluation metrics. The Traffic-Twitter Transformer effectively fuses both spatial and tem-

poral features in an end-to-end architecture, improving model robustness. It also employs a

time encoder to replace the positional encoder, retaining the time dependency of data with

solid temporal characteristics. Overall, the Traffic-Twitter Transformer is a valuable design

for network-wide trafficprediction andmanagement, with promising potential for future ad-

vancements in traffic forecasting. Future research directions include diving deeper into rep-

resentation learning techniques, including incremental learning and self-supervised learning,

to extract more meaningful and generalizable insights from network-wide traffic datasets.

In Chapters 5 and Chapter 6, we explore the potential of incorporating representation

learning techniques into traffic forecasting tasks, aiming to extractmoremeaningful and gen-

eralizable insights from network-wide traffic datasets. Chapters 5 specifically addresses the

challenges posed by learning representative traffic patterns given the constantly evolving cir-

cumstances brought on by the COVID-19 pandemic. To tackle these challenges, we pro-

pose an incremental learning-based framework for non-stationary data clustering and fore-

casting within transportation scenarios. This dual-module architecture consists of a Tempo-

ral Neighborhood Clustering module and an Incremental Learning module. The Tempo-

ral Neighborhood Clustering module dynamically identifies the optimal boundary for clus-

tering statistically similar neighbors, while the Incremental Learning module employs the

online-EWC approach to learn new tasks and prevent catastrophic forgetting. Experiment

results indicate the framework’s reliable predictionperformance regarding robustness and ac-
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curacy. The key contributions of this research include introducing an incremental learning-

based model for regression tasks, developing a dynamic splitting-point detector, compar-

ing the proposed framework with well-known strategies, and utilizing a real-world shifting

dataset for evaluation.

Compared toChapters 5,Chapter 6 focusesmore onproposing a unified framework that

integrates contrastive learning, an area of representation learning, to deal with incomplete

and complex traffic data and improve robustness. The novel unified framework introduced

in this chapter combines traffic representation learning andmulti-contrastive learning to ad-

dress these challenges. The framework indicates improved performance in spatial-temporal

traffic forecasting by consideringmulti-scale contextual information, designingmultiple per-

spectives of contrastive learning, and introducing generalized definitions for spatial-temporal

positive/negative pairs. Experimental results reveal that the unified framework enhances the

accuracy of various basemodels across all evaluationmetrics. Key contributions of this study

include the development of the framework that considers multi-scale contextual informa-

tion, the design of multiple perspectives of contrastive learning, and the proposal of a gener-

alized definition for spatial-temporal positive/negative pairs.

The summaries presented earlier provide a comprehensive understanding of the research

contributions from Chapter 3 to Chapter 6. In contrast, Chapter 7 and Chapter 8 em-

phasize practical contributions that aim to bridge the gap between academic research and

real-world applications.

Chapter 7 presents urban and freeway Traffic Performance Score (TPS) that measures

network-wide traffic performance, incorporating multiple parameters for both types of traf-

fic networks. Furthermore, a Seq2Seq-based model with an online learning strategy is in-
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troduced for network-wide traffic prediction, outperforming existing methods. This work

also presents the implementation of the TPS measurement and its related online prediction

functions on a publicly accessible platform, demonstrating its practical application for trans-

portation management.

Chapter 8 introduces a pioneering platform for open data challenges, collaborating with

the Transportation Research Board Artificial Intelligence and Advanced Computing Com-

mittee. The platform offers benchmarked datasets, models, and comprehensive tutorials,

facilitating the development of innovative solutions for complex transportation problems,

such as non-stationary traffic forecasting and pavement distress detection. The online evalu-

ation systems rank the modeling results, enabling researchers to compare and select the most

effective models for further study or implementation. Overall, Chapter 7 and Chapter 8

offer practical solutions that improve transportation management, representing significant

contributions with potential benefits for agencies, researchers, and practitioners.

In summary, this dissertation on network-wide traffic feature learning and forecasting un-

der non-stationary circumstances highlights advanced deep-learning models’ crucial role in

improving traffic forecasting’s accuracy and adaptability under fluctuating conditions. The

proposed techniques show encouraging solutions for overcoming traditional modeling chal-

lenges and have practical applications in real-time traffic scenarios. Our findings emphasize

the importance of considering multi-scale contextual information and representation learn-

ing techniques for effective traffic forecasting. Further investigation into advanced Deep

Neural Network (DNN) models raises the potential for developing more intelligent and

robust urban transportation systems capable of effectively managing non-stationary traffic

conditions. Our works contribute to leveraging the power of deep learning to address the
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complex challenges facing transportation management in today’s rapidly evolving urban en-

vironments.

9.2 FutureWork

Several novel pipelines and algorithms have been presented in this dissertation with promis-

ing results in addressing non-stationary conditions in traffic forecasting. Therefore, they pro-

vide a solid foundation for future work. To further extend this dissertation, a number of

areas can be pursued. Firstly, given the rapid evolution of NLP techniques and their applica-

tions (such asChatGPT i), it ismore likely to extractmeaningful semantics from socialmedia

datasets. These datasetsmay contain information that can potentially impact or reflect traffic

conditions, thus serving as auxiliary features that can enhance the accuracy of traffic forecast-

ing. Secondly, an alternative approach to address non-stationary circumstances could be to

classify current mobility patterns and assign an appropriate forecasting model that can ef-

fectively deal with the existing conditions. Such an approach may enhance the framework’s

adaptability in real-world scenarios, particularly when dealing with fluctuating traffic pat-

terns.

Thirdly, exploring the potential of training the contrastive learning component separately

from the forecasting branch to learn the traffic network’s representation may enhance the

model’s generalizability by identifying common patterns in the road network. Lastly, it is

worth exploring the integration of Generative Artificial Intelligence (AI)59 into the trans-

portation field, which can create new content or data based on existing patterns and trends.

This category can generate more informative and complex representations for traffic net-
iOpenAI ChatGPT: http://chat.openai.com/
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works and potentially enhance themodel’s robustness and generalizability to overcome non-

stationary traffic conditions. As our current work focuses on Predictive AI181, investigating

the potential of Generative AI can open new avenues for developing more intelligent trans-

portation systems capable of handling the challenges posed by non-stationary traffic scenar-

ios. Future research in the abovementioned areas can significantly benefit both transporta-

tion management and urban mobility.
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