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Traffic forecasting is a critical component of modern intelligent transportation systems for 

urban traffic management and control. Learning and forecasting network-scale traffic states based 

on spatial-temporal traffic data is particularly challenging for classical statistical and machine 

learning models due to the time-varying traffic patterns and the complicated spatial dependencies 

on road networks. The existence of missing values in traffic data makes this task even harder. With 

the rise of deep learning, this work attempts to answer: how to design proper deep learning models 

to deal with complicated network-wide traffic data and extract comprehensive features to enhance 

prediction performance, and how to evaluate and apply existing deep learning-based traffic 

prediction models to further facilitate future research? 



 

To address those key challenges in short-term road traffic forecasting problems, this work 

develops deep learning models and applications to: 1) extract comprehensive features from 

complex spatial-temporal data to enhance prediction performance, 2) address the missing value 

issue in traffic forecasting tasks, and 3) deal with multi-source data, evaluate existing deep 

learning-based traffic forecasting models, share model results as benchmarks, and apply those 

models into practice.  

This work makes both original methodological and practical contributions to short-term 

network-wide traffic forecasting research. The traffic feature learning can categorized as learning 

traffic data as spatial-temporal matrices and learning the traffic network as a graph. Stacked 

bidirectional recurrent neural network is proposed to capture bidirectional temporal dependencies 

in traffic data.  To learn localized features from the topological structure of the road network,  two 

deep learning frameworks incorporating graph convolution and graph wavelet operations, 

respectively, are proposed to learn the interactions between roadway segments and predict their 

traffic states. To deal with missing values in traffic forecasting tasks, an imputation unit is 

incorporated into the recurrent neural network to increase prediction performance. Further, to fill 

in missing values in the graph-based traffic network, a graph Markov network is proposed, which 

can infer missing traffic states step by step along with the prediction process. In summary, the 

proposed graph-based models not only achieve superior forecasting performance but also increase 

the interpretability of the interaction between road segments during the forecasting process. From 

the practical perspective, to further facilitate future research, an open-source data and model 

sharing platform for evaluating existing traffic forecasting models as benchmarks is established. 

Additionally, a traffic performance measurement platform is presented which has the capability of 

taking the proposed network-wide traffic prediction models into practice.  
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1
I N T R O D U C T I O N

1.1 understanding modern urban traffic

The advancement of new smart traffic sensing and communication technologies has stimulated

significant growth in the volume and variety of transportation data. A huge volume of newly

generated data is playing an important role in modern urban transportation and smart city

research and applications, including autonomous driving, real-time traffic update and prediction,

network-level traffic control, connected vehicles, and smart infrastructure.

However, we are still facing challenges regarding how to fully and properly use these various

massive transportation data sets. In recent years, new transportation sensing technologies have

constantly emerged, which provide more options to transportation practitioners and researchers to

collect necessary transportation data. Due to the diversity and variety of transportation data, both

transportation practitioners and researchers are facing substantial opportunities and challenges.

Real transportation problems are normally intricate and related to many unexpected influential

factors. The complexity of learning information from transportation data depends on size of the

datasets and the scale of analyzed problem. The sizes of datasets used in many previous studies

are too small to reflect the real-world complexity of these problems. Methodologies built based on

complicated assumptions and small datasets are hard to be applied into the real transportation

problems. To deal with real complicated data and understand the core of transportation problems,

finding proper and practicable ways to process data and mining patterns from the datasets are

important.
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The spatial-temporal patterns are the fundamental properties of nearly all types of transportation

data. Mining spatial-temporal traffic pattern is critical for modern intelligent transportation

systems (ITS) and the planning for smart cities. For large-scale roadway networks in metropolitan

cities, traffic patterns are hard to measure as a result of the huge amount of roadway links and

the complex topological roadway structures. Since the traffic states vary along with the time, it is

even more complicated to model the evolution of urban traffic patterns. Thus, a comprehensive

recognition of urban traffic patterns is required for urban traffic analysis, such as identifying

bottlenecks of traffic networks and enhancing the forecasting of future traffic states.

As a component of ITS, accurate network-wide traffic prediction is the prerequisite for many

transportation research and applications, such as dynamic route planning and traffic assignment

optimization. The growing need for short-term prediction of traffic parameters embedded in ITS

has led to a great deal of research on traffic forecasting in the last three decades (Vlahogianni et al.,

2004). Much previous research focusing on traffic prediction only studied a roadway segment or

several consecutive segments on a corridor. It is proved that using the information of multiple

sensors/locations can help prediction models track short-term trends and enhance prediction

performance (Li et al., 2015). Thus, in order to enhance traffic prediction performance and bring

the power of artificial intelligence into real applications in the transportation field, it is inevitable

to take large-scale traffic networks as the study areas. Previous work (Park and Rilett, 1999;

Vlahogianni et al., 2014) on the traffic prediction models roughly categorizes existing models into

two categories: classical statistical methods and machine learning models. Most of the studies

focusing on traffic forecasting using statistical methods were developed when traffic systems were

less complex, and the sizes of traffic datasets were relatively small. However, statistical models’

capability of handling high dimensional time series data is quite limited. With the more recent

rapid development in computational power, as well as growth in traffic data volume, much of the

more recent work on this topic focuses on machine learning methods for traffic forecasting.

1.2 challenges in deep learning-based traffic forecasting

There are several obvious hurdles in the traffic modeling and forecasting process. The first question

is how to represent the complex structure of a roadway network accurately? Previous studies
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attempted to convert the traffic states of sensing locations in a roadway network into a 2D spatial-

temporal matrix (Ma et al., 2017) or convert the geometrical structure of urban roadway networks

as colored images (Yu et al., 2017a) for learning traffic states’ features. However, in these ways,

the topology of a roadway network cannot be adequately represented and the relationship of the

adjacent roadway segments can hardly be comprehensively learned. To address this issue, many

studies (Cui et al., 2019; Yu et al., 2018) have proposed a more elegant way to consider the traffic

network as a graph consisting of vertices and edges denoting roadway segments and intersections,

respectively.

The second hurdle is designing an effective feature extraction process from the historical traffic

time series data. Deep learning as a branch of machine learning has shown its superiority of

capturing complex non-linear relationships. Recurrent neural network (RNN) as a type of deep

learning models is suitable for dealing with time series data. RNN and its variants, including

long short-term memory (LSTM) (Hochreiter and Schmidhuber, 1997) and gated recurrent unit

(GRU) (Cho et al., 2014) networks, have also shown great potential for solving traffic forecasting

problems (Kong et al., 2019; Yu et al., 2017b). However, although RNN-based methods can learn

the spatial dependencies, they tend to be over-complex and inevitably capture a certain amount

of noise and spurious relationships which likely do not represent the true causal structure in

a physical traffic network. Besides, although transportation is a proper scientific domain for

applying novel deep learning models, most of the existing deep learning models are not originally

designed for transportation problems. Hence, how to incorporating appropriate spatial-temporal

dependencies in development of novel transportation problem oriented deep learning models is

another challenge for transportation researchers and practitioners.

The third problem in the traffic modeling and forecasting process is related to the fundamental

properties of deep learning based models. These models with powerful non-linear fitting capabili-

ties can provide great power for dealing with complicated transportation problems that cannot

be solved by classical methods. However, the deep learning-based models are normally highly

flexible, and thus, the designs of these models need to be customized depending on specific

problems and datasets. For a specific problem, the design of a model structure and the selection of

hyper-parameters will directly affect the model performance. Thus, how to standardize the model

design and selection process and how to effectively evaluate the performance of different traffic
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modeling and forecasting models are important for achieving superior modeling performance

and further facilitating related research.

This work is in part motivated by the needs to efficiently overcome these challenges and

bring the power of artificial intelligence into the transportation field that will be expected to

develop novel transportation problem oriented models to learn urban traffic patterns and compare

their performance by testing on existing standard datasets to stimulate the emergence of new

methodologies.

1.3 background

1.3.1 Network-wide Traffic Data

In recent years, with the developments in traffic sensing, data storage, and communication tech-

nologies, the availability and diversity of traffic data have increased substantially. Transportation

data is normally collected by traffic sensors, such as inductive loop detectors, monitoring cam-

eras, and Wi-Fi/Bluetooth sensors. By means of more novel intelligent systems, transportation

data can also be collected via personal mobile computing devices and probe vehicles. Moreover,

transportation related data should include weather data, traffic incident data, emission data, etc.

Therefore, transportation data are very beneficial to public agencies and researchers for managing

transportation systems and conducting comprehensive traffic analysis.

When the volume and variety of traffic data increase, fully making use of the existing multi-

source data to provide accurate network-wide traffic information is becoming a challenging task

(El Faouzi et al., 2011). Integrating and utilizing multi-source network-wide traffic data have

several hurdles.

Dealing with various spatiotemporal resolutions is one of the most challenging tasks for

integrating multi-source transportation data, due to datasets might be collected and formatted by

various transportation related practitioners for different purposes. The temporal resolution (the

minimum time interval units) of traffic monitoring data may range from seconds to hours. The

spatial granularity of traffic data also varies significantly. Some types of traffic data are collected to

monitor arterials and urban corridors in downtown areas, and some others may be only applicable
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for freeways. Moreover, some datasets may overlap in terms of their spatial coverage, and some

other datasets may have complementary monitoring areas.

The second challenge is that the geospatial representations of roadways in different datasets

usually differ from each other because there is no uniform geometric referencing layer for

those datasets. The OpenStreetMap (OSM) (Haklay and Weber, 2008) provides a comprehensive

worldwide map and the detailed information of roadway networks. Although OSM roadway layers

are editable and with adequate roadway metadata, OSM roadway layers are still different from the

roadway layers of the National Performance Management Research Data Set (NPMRDS) (Kaushik

et al., 2015), which is used for supporting national highway system performance measurement

and management activities. At the current stage, there is no standard geometric representation or

GIS map layer for universal transportation analysis. If multiple datasets with different geospatial

representations are used, a process of map conflation is normally needed to combine geographic

information from overlapping sources so as to retain accurate data, minimize redundancy, and

reconcile data conflicts (Longley et al., 2001).

Further, modern transportation analysis and management are in great need of flexible and

expandable transportation data integration frameworks. Data integration is the problem of com-

bining data residing at different sources, and providing a unified view of these data to the users

(Lenzerini, 2002). Designing data integration systems is an important procedure in a variety of

real-world applications, especially in Intelligent Transportation Systems (ITS). Other conventional

problems in transportation modeling are also concerned with multi-source processing, like plan-

ning problems, demand estimation, and traffic estimation (El Faouzi et al., 2011). Transportation

data integration frameworks and tools have been designed and implemented for multiple scenarios

in both research and practice.

1.3.2 Network-wide Traffic Learning and Forecasting

Classical traffic forecasting models can generally be classified into two categories, traditional sta-

tistical models and computational intelligence, i.e. machine learning-based, models. The statistical

methods are mostly parametric approaches, including variants of auto-regressive integrated mov-

ing average (ARIMA) models, parametric Kalman filtering models, and other types of time-series
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models, that are developed based on a predefined model structure with theoretical assumptions

and the parameters are calibrated using historical data. With the ability to accommodate the

stochastic and non-linear nature of traffic patterns, classical machine learning methods are widely

adopted for the traffic forecasting task, such as support vector regression, Bayesian network

approaches. In recent years, with the rise of AI, the performance of emerging deep learning-based

traffic forecasting methods outperform that of classical methods.

Due to traffic prediction is based on historical sequence data, most of the existing deep learning

models (Cui et al., 2017; Ma et al., 2015; Wang et al., 2019a) are built on RNN and its variants

like LSTM and GRU. Because of the spatiotemporal characteristics of traffic data, a large amount

of other types of deep learning models, including convolutional neural network (CNN) (Ma

et al., 2017), stacked autoencoder (Lv et al., 2015), generative adversarial network (GAN) (Liang

et al., 2018), and capsule network (Ma et al., 2020), and multiple combinations (Cui et al., 2019;

Ke et al., 2020; Liao et al., 2018; Lv et al., 2018; Wu et al., 2018) of these models were utilized

to capture spatial features and estimate traffic states. Since the traffic data contain both spatial

and temporal attributes, the deep learning-based methods can be grouped by the ways to deal

with spatial-temporal traffic data. One type of studies convert the spatial-temporal data into a

2-dimensional (2D) matrix and use neural networks to extract feature and forecast traffic states.

However, a traffic network’s spatial features cannot be completely represented by a 2D matrix.

Thus, another type of methods convert the physical roadway networks as images according to

roads’ geospatial properties. Although the traffic network images demonstrate the true traffic

network structure, those images contain too many noisy pixels and blank pixels without traffic

state information. To analyze the network-wide traffic states in an efficient way, studies consider

the traffic network as a graph and predict traffic state by incorporating the graph convolutional

network. The majority of the proposed deep learning-based traffic forecasting methods in this

dissertation fall into this type of work and learn the traffic network as a graph.

1.4 research objectives

This research is oriented towards addressing network-wide traffic modeling and forecasting

problem. Comparing to existing traffic forecasting methods, the developed models are expected to
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be novel, applicable, and reproducible, which can be considered as a fundamental contribution

for modeling network-wide traffic network using deep learning methods. To achieve this goal,

platforms for evaluating, sharing, and applying existing traffic prediction models will be developed

to facilitate further studies in this research area.

The research objectives of this dissertation can be described from three perspectives:

1. Design advanced deep learning algorithms to learn comprehensive features from network-

wide spatial-temporal traffic data to enhance short-term traffic prediction performance.

Specifically, the spatial-temporal traffic data can be learned as 2-dimensional matrices and

time-variant topological graphs.

2. Design customized neural network structures to deal with missing values in the traffic

forecasting problem.

3. Integrate multi-source data and develop platforms to evaluate, share, and apply existing

traffic forecasting models to facilitate future research.

1.5 dissertation organization

This dissertation introduces the deep learning frameworks for large-scale short traffic prediction.

We start with a review the historical and current status of spatial-temporal traffic data learning

and prediction. We mainly introduce the challenges and opportunities in the traffic learning and

prediction field. Aiming at facilitate future research, we also review the existing model sharing

applications and platforms. The primary contributions of this dissertation and the organization of

the remaining chapters are presented in Figure 1.1.

Part i: Prediction. The first part of the dissertation proposes three types of neural network

structures based on the network-wide traffic state datasets and their various characteristics to

achieve specific traffic prediction goals. Chapter 3 describes a stacked bidirectional recurrent

neural network to take the bidirectional dependencies in both time series and road segments

into consideration to achieve good prediction performance. To incorporate roadway physical

properties and extract localized features from the road network, We learn the traffic network

as graph. Chapter 4 presents the traffic graph convolutional recurrent neural network, which
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Figure 1.1: Dissertation organization and summary of contribution.

incorporates traffic speed and roadway length into the graph convolution operation. Chapter

5 moves one step further to apply graph wavelet operation into the recurrent neural network

structure to dynamically capture the localized features in traffic network.

Part ii: Prediction with Missing Values. The second part mainly explores the challenges of

missing values in traffic prediction tasks by designing neural network models. Chapter 6 adds an

imputation unit in the LSTM structure to infer the missing values during the prediction process.

Learning traffic network as graph, Chapter 7 presents a graph Markov process, which describes

the network-wide traffic state transition process. Based on the graph Markov process, a graph

Markov network is proposed with the capability of imputing missing values and predicting future

traffic states at the same time.

Part iii: Integration and Platforms. The third part of the dissertation mainly describes how

the proposed methods in the previous two parts can be shared and applied into practice to

benefit future research. Chapter 8 describes a multi-source traffic data integration framework

whose generated integrated data can be a source of traffic prediction tasks. Chapter 9 introduces

an open source platform, TraffiX.ai, which shares standardized traffic prediction datasets and

publishes the source code and evaluation results of existing deep learning traffic prediction

models as benchmarks. Chapter 10 demonstrates a network-wide traffic data based performance

measurement platform which analyzes traffic performance under special conditions and applies

the proposed the proposed traffic prediction methods into real applications.
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Part iv: Discussion and Concluding Remarks. This dissertation attempts to bridge the gap

between classical transportation data modeling and the developing trend in the traffic pattern

prediction and estimation field. We not only propose deep learning-based models to deal with

specific traffic prediction tasks, but also apply those models into practice by establishing data

sharing and model evaluation platforms. We therefore close with a summary of the research effort

and a discussion of the road ahead. We also discuss the remaining gaps in the traffic prediction

field and envision a broader spectrum of related research directions.
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2
L I T E R AT U R E R E V I E W

Artificial intelligence (AI) has the potential to solve problems that are hard for traditional methods

to address, and various AI methods have achieved state-of-the-art performances in speech recog-

nition, visual object recognition, object detection and many other domains (LeCun et al., 2015).

Some AI-based methods even surpass human-level performance on some specific problems (Mnih

et al., 2015). With increasing population, vehicles, and mobility demands, improving the safety,

efficiency, and sustainability of the transportation system remains a challenge, and traditional

methods may not be able to fully address it. To overcome these issues, an increasing amount of

studies have been conducted to apply AI-based methods, especially deep learning methods, to

solve complicated transportation problems including traffic signal control (Abdulhai et al., 2003;

Arel et al., 2010), traffic prediction (Li et al., 2018; Lv et al., 2015), and microscopic traffic modeling

(Wang et al., 2017; Zhou et al., 2017).

As a component of ITS, accurate network-wide traffic prediction is the prerequisite for dynamic

route planning and traffic assignment optimization. The growing need for short-term prediction

of traffic parameters embedded in ITS has led to a great deal of research on traffic forecasting

in the last three decades (Vlahogianni et al., 2004). Before the rise of artificial intelligence, traffic

forecasting methods have been gradually shifting from traditional statistical models to computa-

tional intelligence, or say machine learning methods . Previous work (Ma et al., 2017, 2015; Park

and Rilett, 1999) on this topic roughly categorizes existing models into two categories: classical

statistical methods and machine learning models. Most of the studies focusing on traffic forecast-

ing using statistical methods were developed when traffic systems were less complex, and the

sizes of traffic datasets were relatively small. However, statistical models’ capability of handling
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high dimensional time series data is quite limited. With the more recent rapid development in

computational power, as well as growth in traffic data volume, much of the more recent work on

this topic focuses on machine learning methods for traffic forecasting. In most recent years, deep

learning as a branch of machine learning was widely used in the traffic forecasting research area.

2.1 classical models based traffic prediction

Previous traffic prediction methods can be categorized into two main groups, i.e. parametric ap-

proaches and nonparametric approaches (Lv et al., 2015). Parametric traffic prediction approaches

are developed based on a predefined model structure with several certain theoretical assumptions,

and parameters are calibrated using historical data (Smith et al., 2002). A variety of parametric

traffic prediction approaches were proposed, including many variants of autoregressive integrated

moving average (ARIMA) models (Williams, 2001), parametric Kalman filtering models (Okutani

and Stephanedes, 1984), and other types of time-series models (Ghosh et al., 2009). In order to

accommodate the stochastic and nonlinear nature of traffic flow, nonparametric approaches were

also widely adopted for traffic prediction or traffic data imputation, including k-nearest neighbor

(k-NN) methods (Chang et al., 2012), support vector regression (SVR) (Wu et al., 2004), Bayesian

network approaches (Sun et al., 2006), and tensor decomposition approach (Chen et al., 2019b). In

spite of classical traffic prediction models are well studied and applied, it is pretty difficult for

these models to deal with huge amount of large-scale network-wide traffic data.

2.2 deep learning based traffic prediction

Deep learning models have shown their superior capabilities of capturing nonlinear spatiotemporal

effects for traffic forecasting (Polson and Sokolov, 2017). Ever since the precursory study (Lek

et al., 2000) using the feed-forward NN for vehicle travel time estimation was proposed, many

other NN-based models, including fuzzy NN (Yin et al., 2002), recurrent NN (Van Lint et al.,

2002), convolution NN (Ma et al., 2017; Yu et al., 2017a), deep belief networks (Huang et al., 2014;

Kong et al., 2019), auto-encoders (Liao et al., 2018; Lv et al., 2015), generative adversarial networks
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(Liang et al., 2018; Lin et al., 2019), and combinations of these models have been applied to forecast

traffic states. With the capability of capturing temporal dependencies, the recurrent NN or its

variants, like LSTM (Hochreiter and Schmidhuber, 1997) and GRU (Cho et al., 2014), was widely

adopted as a component of a traffic forecasting model to forecast traffic speed (Ma et al., 2015),

travel time (Duan et al., 2016b), and traffic flow (Zhao et al., 2017).

Further, in most recent years, various novel deep learning-based traffic forecasting models have

been proposed through adjusting classical neural network models, combining existing methods,

and incorporating auxiliary data. Multiple novel LSTM based models, such as bidirectional LSTM

(Cui et al., 2017), deep LSTM (Yu et al., 2017b), shared hidden LSTM (Song et al., 2016), and nested

LSTM (Ma et al., 2020), have been designed via reorganizing and combing single LSTM models

and applied to capture comprehensive temporal dependencies for traffic prediction. In addition,

sequence-to-sequence (seq2seq) architecture based models (Liao et al., 2018) have also been used

for traffic state sequence forecasting. To deal with different types of features, multi-stream deep

learning models (Ke et al., 2020; Wu et al., 2018; Yu et al., 2017b; Zhang and Kabuka, 2018)

have also been well studied and tested for traffic forecasting problems. To improve the prediction

performance, multiple deep learning based models also incorporate various traffic-related auxiliary

data, including roadway geographical attribute data (Liao et al., 2018), accident data (Yu et al.,

2017b), and weather data (Zhang and Kabuka, 2018).

To capture spatial relationships present in traffic networks, many forecasting models (Jin et al.,

2018; Ma et al., 2017) incorporating CNNs to extract spatial features from 2D spatial-temporal

traffic data. Due to the traffic structure is hard to be depicted by 2D spatial-temporal data, studies

(Yu et al., 2017b) tried to convert traffic network structures to images and use CNNs to learn spatial

features. However, these converted images have a certain amount of noise, inevitably resulting in

spurious spatial relationships captured by CNNs. Recent studies (Chen et al., 2018b; Guo et al.,

2019; Zhang and Patras, 2018) also attempted to convert traffic state data into three-dimensional

(3D) matrices and use the 3D convolutional network to extract more effective features. However,

conventional CNN based methods still cannot inherently deal with the topological structure and

the physical attributes of the traffic network. To solve this problem, studies (Li et al., 2018; Yu et al.,

2018) attempted to learn the traffic network as a graph and adopt the graph-based convolution

operator to extract features from the graph-structured traffic network.
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Traffic networks have already been analyzed as graphs for dynamic shortest path routing (Sun

et al., 2017), traffic congestion analysis (Sun et al., 2014), and dynamic traffic assignment (Kalafatas,

2007). In the last couple of years, many studies attempt to generalize neural networks to work on

arbitrarily structured graphs by designing graph convolutional networks. Generally, the graph

convolutional networks utilize the adjacency matrix or the Laplacian matrix to depict the structure

of a graph. The Laplacian matrix based graph convolution (Bruna et al., 2013), (Henaff et al.,

2015) are designed based on the spectral graph theory (Shuman et al., 2013). As an extension,

a localized spectral graph convolution (Defferrard et al., 2016) is also proposed to reduce the

learning complexity. The adjacency matrix based graph convolution neural networks (Kipf and

Welling, 2019; Zhou et al., 2017) incorporate the adjacency matrix and their network structures

are more flexible. The traffic network can be considered as a graph consisting of nodes and

edges, and thus, several graph convolution neural network based models, including the spectral

graph convolution (Yu et al., 2018) and the diffusion graph convolution (Atwood and Towsley,

2016), are proposed to fulfill network-wide traffic forecasting. Several studies (Geng et al., 2019;

Zhang et al., 2018) also incorporated multi-scale graph convolution operations into their proposed

models to learn traffic features. Although these existing methods can extract spatial features from

neighborhoods in the traffic network, the physical specialties of roadways, like length, speed

limits, and the number of lanes, are normally neglected. A recent work (Xu et al., 2019) proposed

the graph wavelet neural network to implement efficient convolution on graph data to solve

semi-supervised classification problems.

2.3 traffic forecasting with missing data

Traffic forecasting performance will be influenced by the missing values (Cui et al., 2017). A bunch

of data imputation methods has been developed to solve the missing values issues, including the

probabilistic principal component analysis (PCA) (Li et al., 2014), tensor decomposition-based

methods (Chen et al., 2019b; Ran et al., 2016; Tan et al., 2016), clustering approaches (Ku et al.,

2016; Tang et al., 2015). There are also some deep learning-based data imputation methods

proposed in the most recent years, such as denoising stacked auto-encoder (Duan et al., 2016a) and

generative adversarial imputation network (Yoon et al., 2018). However, the PCA-based and tensor
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decomposition-based models normally need hundreds or thousands of iterations to converge

and achieve their best data imputation performance. Further, the aforementioned deep learning

models for data imputation are not originally designed for solving the traffic forecasting with

missing values issue.

To combine the data imputation and traffic forecasting together, a few RNN-based approaches,

such as the LSTM-M (Tian et al., 2018), have been proposed based the GRU-D (Che et al., 2018) for

processing multivariate time series with missing values. Even though these RNN-based methods

can recurrently fill missing values in each time step and forecasting the future traffic state, they

cannot capture spatial interactions between road links in the traffic network. Further, although

recent research (Barredo-Arrieta et al., 2019; Du et al., 2019) is trying to interpret RNN-based

models, for the traffic forecasting problem, it is still hard for RNN-based models to interpret the

spatial relationship between neighboring links and the links’ temporal dependencies between

different time steps.

2.4 transportation artificial intelligence platform

Well-designed platforms or systems are capable of properly utilizing the existing immense

transportation data sets and AI methods. For traffic signal control the DeepDrive platform 1 is

developed to provide adaptive traffic signal control based on deep reinforcement learning. For

traffic congestion detection and traffic prediction, PTV Optima 2 can generate traffic prediction

information for up to 60 minutes in the future. Traffic congestion can be detected by the speed

and traffic flow detected in the field or calculated from roadway traffic states data (e.g., floating

car and license plate identification data). The Miovision TrafficLink platform 3 is developed to

assist traffic engineers to create more responsive and efficient traffic networks. TIMON (Osaba

et al., 2016) is a European research project, whose main objective is to provide real-time services

through a web-based platform and a mobile application for drivers. Microsoft research team also

pioneered the use of machine learning methods to build predictive models for traffic (Amershi

1 https://deepdrive.berkeley.edu/

2 https://www.ptvgroup.com/en-us/solutions/products/ptv-optima/

3 https://miovision.com/trafficlink/
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et al., 2019). The developed models can infer and predict traffic flow at different time periods in

the future based on the analysis of large amounts of data over months and years.
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Part I

P R E D I C T I O N



3
S TA C K E D D I R E C T I O N A L R E C U R R E N T N E U R A L N E T W O R K F O R T R A F F I C

P R E D I C T I O N

3.1 overview

The performances of intelligent transportation systems (ITS) applications largely rely on the quality

of traffic information. Recently, with the significant increases in both the total traffic volume and

the data they generate, opportunities and challenges exist in transportation management and

research in terms of how to efficiently and accurately understand and exploit the essential

information underneath these massive datasets. Short-term traffic forecasting based on data driven

models for ITS applications has been one of the biggest developing research areas in utilizing

massive traffic data, and has great influence on the overall performance of a variety of modern

transportation systems. In the last three decades, a large number of methods have been proposed

for traffic forecasting in terms of predicting speed, volume, density and travel time. Studies

in this area normally focus on the methodology components, aiming at developing different

models to improve prediction accuracy, efficiency, or robustness. Previous literature indicates that

the existing models can be roughly divided into two categories, i.e. classical statistical methods

and computational intelligence (CI) approaches (Ma et al., 2015). Most statistical methods for

traffic forecasting were proposed at an earlier stage when traffic condition were less complex and

transportation datasets were relatively small in size. Later on, with the rapid development in

traffic sensing technologies and computational power, as well as traffic data volume, the majority

of more recent work focuses on CI approaches for traffic forecasting.
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3.1.1 Background

With the ability to deal with high dimensional data and the capability of capturing non-linear

relationship, CI approaches tend to outperform the statistical methods, such as auto-regressive

integrated moving average (ARIMA) (Ye et al., 2012), with respect to handling complex traffic

forecasting problems (Karlaftis and Vlahogianni, 2011). However, the full potential of artificial

intelligence was not exploited until the rise of neural networks (NN) based methods. Ever since

the precursory study of utilizing NN into the traffic prediction problem was proposed (Hua and

Faghri, 1994), many NN-based methods, like feed forward NN (Park and Rilett, 1999), fuzzy

NN (Yin et al., 2002), recurrent NN (RNN) (Van Lint et al., 2002), and hybrid NN (Yu et al.,

2017b), are adopted for traffic forecasting problems. Recurrent Neural Networks (RNNs) model

sequence data by maintaining a chain-like structure and internal memory with loops (Jozefowicz

et al., 2015) and, due to the dynamic nature of transportation, are especially suitable to capture

the temporal evolution of traffic status. However, the chain-like structure and the depth of the

loops make RNNs difficult to train because of the vanishing or blowing up gradient problems

during the back-propagating process. There have been a number of attempts to overcome the

difficulty of training RNNs over the years. These difficulties were successfully addressed by the

Long Short-Term Memory networks (LSTMs) (Hochreiter and Schmidhuber, 1997), which is a

type of RNN with gated structure to learn long-term dependencies of sequence-based tasks.

As a representative deep learning method handling sequence-data, LSTMs have been proved

to be able to process sequence data (Jozefowicz et al., 2015) and applied in many real-world

problems, like speech recognition (Graves et al., 2013), image captioning (Vinyals et al., 2015),

music composition (Eck and Schmidhuber, 2002) and human trajectory prediction (Alahi et al.,

2016). In recent years, LSTMs have been gaining popularity in traffic forecasting due to their

ability to model long-term dependencies. Several studies (Chen et al., 2016; Ma et al., 2015; Song

et al., 2016; Wu and Tan, 2016; Yu et al., 2017b) have been done to examine the applicability of

LSTMs in traffic forecasting, and the results demonstrate the advantages of LSTMs. However,

the potential of LSTMs is far from being fully exploited in the domain of transportation. The

three primary limitations in previous work on LSTMs in traffic forecasting can be summarized as

follows: 1) traffic forecasting has generally focused on a small collection of network level. 2) Most
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of the structures of LSTM-based methods are shallow. 3) The long-term dependencies are normally

learned from chronologically arranged input data considering only forward dependencies, while

backward dependencies learned from reverse-chronological ordered data has never been explored.

From the perspective of the scale of prediction area, predicting large-scale transportation network

traffic has become an important and challenging topic. Most existing studies utilize traffic data at

a sensor location or along a corridor, and thus, network-wide prediction could not be achieved

unless N models were trained for a traffic network with N nodes (Duan et al., 2016b). While,

learning complex spatial-temporal features of a large-scale traffic network by only one model

should be explored.

Regarding depth of the structure of LSTM-based models, the structure should have the ability

to capture the dynamic nature of the traffic system. Most of the newly proposed LSTM-based

prediction models have relatively shallow structures with only one hidden layer to deal with

time series data (Duan et al., 2016b; Fu et al., 2016; Ma et al., 2015). Existing studies (Fu et al.,

2016; LeCun et al., 2015) have shown that deep LSTM architectures with several hidden layers can

build up progressively higher levels of representations of sequence data. Although some studies

(Chen et al., 2016; Wu and Tan, 2016; Yu et al., 2017b) utilized more than one hidden LSTM layer,

the influences of the number of LSTM layers in different LSTM-based models need to be further

compared and explained.

In terms of the dependency in prediction problems, all of the information contained in time

series data should be fully utilized. Normally, the dataset fed to an LSTM model is chronologically

arranged, with the result that the information in the LSTMs is passed in a positive direction

from the time step t-1 to the time step t along the chain-like structure. Thus, the LSTM structure

only makes use of the forward dependencies (Lipton et al., 2016). But in this process, it is highly

possible that useful information is filtered out or not efficiently passed through the chain-like

gated structure. Therefore, it may be informative to consider backward dependencies, which pass

information in a negative direction, into consideration. Another reason for including backward

dependency into our study is the periodicity of traffic. Unlike wind speed forecasting (Wang et al.,

2012), traffic incident forecasting (Zheng and Liu, 2009), or many other time series forecasting

problems with strong randomness, traffic conditions have strong periodicity and regularity, and

even short-term periodicity can be observed (Jiang and Adeli, 2004). Analysing the periodicity
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of time series data, especially for recurring traffic patterns, from both forward and backward

temporal perspectives will enhance the predictive performance (Box et al., 2015). However, based

on our review of the literature, few studies on traffic analysis utilized the backward dependency.

To fill this gap, a bidirectional LSTM (BDLSTM) with the ability to deal with both forward and

backward dependencies is adopted as a component of the network structure in this study.

In addition, when predicting the network-wide traffic speed, rather than the speed at a single

location, the impact of upstream and downstream speeds on each location in the traffic network

should not be neglected. Previous studies (Chandra and Al-Deek, 2009; Kamarianakis et al., 2010)

which only making use of the forward dependencies of time series data have found that the past

speed values of upstream as well as downstream locations influence the future speed values of a

location along a corridor. However, for complicated traffic networks with intersections and loops,

upstream and downstream both refer to relative positions, and two arbitrary locations can be

upstream and downstream of each other. Upstream and downstream are defined with respect to

space, while forward and backward dependencies are defined with respect to time. With the help

of forward and backward dependencies of spatial-temporal data, the learned feature will be more

comprehensive.

3.1.2 Contribution and Organization of the Chapter

In this chapter, we propose a stacked bidirectional and unidirectional LSTM (SBU-LSTM) neural

network, combining LSTM and BDLSTM, for network-wide traffic speed prediction. The proposed

model is capable of handling input data with missing values and is tested on both large-scale

freeway and urban traffic networks in the Seattle area. Experimental results show that our model

achieves network-wide traffic speed prediction with a high prediction accuracy. The influence of

the number of layers, the number of time lags (the length of time series input), the dimension of

weight matrices in LSTM/BDLSTM layers, and the impact of additional volume and occupancy

data are further analysed. The model’s scalability and its potential applications are also discussed.

In summary, our contributions can be stated as follows:
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1. The traffic forecasting area is expanded from a specific location or several adjacent locations

along a corridor to large-scale traffic networks, varying from freeway traffic network to

complex urban traffic network;

2. A deep architecture considering backward dependencies by combining LSTM and BDLSTM

is proposed to enhance the feature learning from the large-scale spatial time series data;

3. we evaluate many of the model’s internal and external influential factors.

The rest of this chapter is organized as follows. In Section 3.2, we introduce preliminaries of

traffic prediction problems and several representative recurrent neural network-based methods.

In Section 3.3, we introduce the proposed architecture, which combines LSTM and BDLSTM. In

Section 3.4 and Section 3.5, experimental settings and results are presented, respectively. Finally,

Section 3.6 provides some concluding remarks.

3.2 preliminaries

3.2.1 Network-wide Traffic Speed Data

Traffic speed prediction at one location normally uses a sequence of speed values with n historical

time steps as the input data, which can be represented by a vector,

XT= [xT−n, xT−(n−1), . . . ,xT−2, xT−1] (3.1)

But the traffic speed at one location may be influenced by the speeds of nearby locations or

even locations faraway, especially when traffic jam propagates through the traffic network. To take

these network-wide influences into account, the proposed and compared models in this study

take the network-wide traffic speed data as the input. Suppose the traffic network consists of P
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Figure 3.1: Standard RNN architecture and an unfolded structure with T time steps

locations and we need to predict the traffic speeds at time T using n historical time frames (steps),

the input can be characterized as a speed data matrix,
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where each element xp
t represents the speed of the t-th time frame at the p-th location. To reflect the

temporal attributes of the speed data and simplify the expressions of the equations in the following

subsections, the speed matrix is represented by a vector, XP
T=
[

xT−n, xT−(n−1), . . . ,xT−2, xT−1

]
, in

which each element is a vector of the P locations’ speed values.

3.2.2 Recurrent Neural Network

RNN is a class of powerful deep neural network using its internal memory with loops to deal with

sequence data. The architecture of RNNs, which also is the basic structure of LSTMs, is illustrated

in Figure 3.1. For a hidden layer in RNN, it receives the input vector, XP
T, and generates the output

vector, YT. The unfolded structure of RNNs, shown in the right part of Figure 3.1, presents the

calculation process that, at each time iteration, t, the hidden layer maintains a hidden state, ht,
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and updates it based on the layer input, xt, and previous hidden state, ht−1, using the following

equation:

ht=σh(Wxhxt+Whhht−1+bh) (3.3)

where Wxh is the weight matrix from the input layer to the hidden layer, Whh is the weight matrix

between two consecutive hidden states (ht−1 and ht), bh is the bias vector of the hidden layer and

σh is the activation function to generate the hidden state. The network output can be characterized

as:

yt=σy(Whyht+by) (3.4)

where Why is the weight matrix from the hidden layer to the output layer, by is the bias vector of

the output layer and σy is the activation function of the output layer. By applying the Equation

3.1 and Equation 3.2, the parameters of the RNN is trained and updated iteratively via the

back-propagation (BP) method. In each time step t, the hidden layer will generate a value, yt, and

the last output, yT, is the desired predicted speed in the next time step, namely x̂T+1=yT.

Although RNNs exhibit the superior capability of modeling nonlinear time series problems (Ma

et al., 2015), regular RNNs suffering from the vanishing or blowing up gradient during the BP

process, and thus, being incapable of learning from long time lags (Gers et al., 1999), or saying

long-term dependencies (Bengio et al., 1994).

3.2.3 Long Short-Term Memory Network (LSTM)

To handle the aforementioned problems of RNNs, several sophisticated recurrent architectures,

like LSTM architecture (Hochreiter and Schmidhuber, 1997) and Gated Recurrent Unit (GRU)

architecture (Cho et al., 2014) are proposed. It has been showed that the LSTMs work well on

sequence-based tasks with long-term dependencies, but GRU, a simplified LSTM architecture,

is only recently introduced and used in the context of machine translation (Chung et al., 2014).

Although there are a variety of typical LSTM variants proposed in recent year, a large-scale

analysis of LSTM variant shows that none of the variants can improve upon the standard LSTM

architecture significantly (Greff et al., 2017). Thus, the standard LSTM architecture is adopted in

this study as a part of the proposed network structure and introduced in this section.
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Figure 3.2: LSTM architecture. The pink circles are arithmetic operators and the colored rectangles are the

gates in LSTM.

The only different component between standard LSTM architecture and RNN architecture is the

hidden layer (Gers et al., 1999). The hidden layer of LSTM is also named as LSTM cell, which is

shown in Figure 3.2. Like RNNs, at each time iteration, t, the LSTM cell has the layer input, xt, and

the layer output, ht. The complicated cell also takes the cell input state, C̃t, the cell output state, Ct,

and the previous cell output state, Ct−1, into account while training and updating parameters. Due

to the gated structure, LSTM can deal with long-term dependencies to allow useful information

pass along the LSTM network. There are three gates in a LSTM cell, including an input gate, a

forget gate, and an output gate. The gated structure, especially the forget gate, helps LSTM to be

an effective and scalable model for several learning problems related to sequential data (Greff

et al., 2017). At time t, the input gate, the forget gate, and the output gate, denoted as it, ft, and ot

respectively. The input gate, the forget gate, the output gate and the input cell state, which are

represented by colorful boxes in the LSTM cell in Figure 3.2, can be calculated using the following

equations:

ft=σg (Wfxt+Ufht−1+bf) (3.5)

it=σg (Wixt+Uiht−1+bi) (3.6)

ot=σg(Woxt+Uoht−1+bo) (3.7)
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C̃t= tanh(WCxt+UCht−1+bC) (3.8)

where W f , Wi, Wo, and WC are the weight matrices mapping the hidden layer input to the three

gates and the input cell state, while the U f , Ui, Uo, and UC are the weight matrices connecting the

previous cell output state to the three gates and the input cell state. The b f , bi, bo, and bC are four

bias vectors. The σg is the gate activation function, which normally is the Sigmoid function, and

the tanh is the hyperbolic tangent function. Based on the results of four above equations, at each

time iteration t, the cell output state, Ct, and the layer output, ht, can be calculated as follows:

Ct= ft∗Ct−1+it∗C̃t (3.9)

ht=ot∗tanh(Ct) (3.10)

The final output of a LSTM layer should be a vector of all the outputs, represented by

YT= [hT−n, . . . ,hT−1]. Here, when taking the speed prediction problem as an example, only the

last element of the output vector, hT−1, is what we want to predict. Thus, the predicted speed

value (x̂) for the next time iteration, T, is hT−1, namely x̂T=hT−1.

3.2.4 Bidirectional LSTM

The idea of BDLSTMs comes from bidirectional RNN (Schuster and Paliwal, 1997), which processes

sequence data in both forward and backward directions with two separate hidden layers. BDLSTMs

connect the two hidden layers to the same output layer. It has been proved that the bidirectional

networks are substantially better than unidirectional ones in many fields. But bidirectional LSTMs

have not been used in traffic prediction problem.

In this section, the structure of an unfolded BDLSTM layer, containing a forward LSTM layer

and a backward LSTM layer, is introduced and illustrated in Figure 3.3. The forward layer output

sequence,
−→
h , is iteratively calculated using inputs in a positive sequence from time T−n to time

T−1, while the backward layer output sequence,
←−
h , is calculated using the reversed inputs from
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Figure 3.3: Unfolded architecture of bidirectional LSTM with three consecutive steps

time T−n to T−1. Both the forward and backward layer outputs are calculated by using the

standard LSTM updating equations, Equations 3.3 - 3.8. The BDLSTM layer generates an output

vector, YT, in which each element is calculated by using the following equation:

yt=σ(
−→
h t,
←−
h t) (3.11)

where σ function is used to combine the two output sequences. It can be a concatenating function,

a summation function, an average function or a multiplication function. Similar to the LSTM

layer, the final output of a BDLSTM layer can be represented by a vector, YT= [yT−n, . . . ,yT−1], in

which the last element, yT−1, is the predicted speed for the next time iteration when taking speed

prediction as an example.

3.3 stacked bidirectional and unidirectional lstm

Existing studies (Graves et al., 2013; LeCun et al., 2015) have shown that deep LSTM architectures

with several hidden layers can build up progressively higher level of representations of sequence

data, and thus, work more effective. The deep LSTM architectures are networks with several

stacked LSTM hidden layers, in which the output of a LSTM hidden layer will be fed as the input

into the subsequent LSTM hidden layer. This stacked-layers mechanism, which can enhance the

power of neural networks, is adopted in this study. As mentioned in previous sections, BDLSTMs

can make use of both forward and backward dependencies. When feeding the spatial-temporal
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Figure 3.4: SBULSTM architecture necessarily consists of a BDLSTM layer and a LSTM layer. Intermediate

LSTM or BDLSTM layers as middle layers are optional.

information of the traffic network to the BDLSTMs, both the spatial correlation of the speeds in

different locations of the traffic network and the temporal dependencies of the speed values can

be captured during the feature learning process. In this regard, the BDLSTMs are very suitable

for being the first layer of a model to learn more useful information from spatial time series

data. When predicting future speed values, the top layer of the architecture only needs to utilize

learned features, namely the outputs from lower layers, to calculate iteratively along the forward

direction and generate the predicted values. Thus, an LSTM layer, which is fit for capturing

forward dependency, is a better choice to be the last (top) layer of the model.

In this study, we propose a novel deep architecture named stacked bidirectional and unidirec-

tional LSTM network (SBU-LSTM) to predict the network-wide traffic speed values. Figure 3.4

illustrates the graphical architecture of the proposed model. If the input contains missing values,

a masking layer should be adopted by the SBU-LSTM. Each SBU-LSTM contains a BDLSTM layer

as the first feature-learning layer and a LSTM layer as the last layer. For sake of making full
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Figure 3.5: Loop detector dataset covering the freeway network in Seattle area.

use of the input data and learning complex and comprehensive features, the SBU-LSTM can be

optionally filled with one or more LSTM/BDLSTM layers in the middle. Figure 3.4 shows that the

SBU-LSTM takes the spatial time series data as the input and predict future speed values for one

time-step. The SBU-LSTM is also capable of predicting values for multiple future time steps based

on historical data. But this property is not shown in Figure 3.4, since the target of this study is to

predict network-wide traffic speed for one future time step. The detailed spatial structure of input

data is described in the experiment section.

3.4 experimental setting

3.4.1 Dataset Description

In this study, a loop detector dataset (Wang et al., 2016), collected by inductive loop detectors

deployed on roadway surface, is utilized to carry out experiments to test the proposed model.

Multiple loop detectors are connected to a detector station deployed around every half a mile.

The collected data from each station are grouped and aggregated as station-based traffic state
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data according to directions. This aggregated and quality controlled dataset contains traffic

speed, volume, and occupancy information. In the experiments, the loop detector data cover four

connected freeways, which are I-5, I-405, I-90 and SR-520 in the Seattle area, and are extracted

from the Digital Roadway Interactive Visualization and Evaluation Network (DRIVE Net) system

(Cui et al., 2016; Ma et al., 2011). The traffic sensor stations are shown in Figure 3.5, which is

represented by small blue icons. This dataset contains traffic state data of 323 sensor stations in

2015 and the time step interval of this dataset is 5 minutes.

3.4.2 Experiment Result Analysis

In this sub-section, only the loop detector data, due to its high data quality (Wang et al., 2016),

are used to measure the performance of the proposed approach and compare with other models.

Hence, the network-wide traffic is characterized by the 323 station speed values and the spatial

dimension of the input data is set as, P= 323. Since, the unit of a time step in loop detector

data is 5 minutes, the dataset has 60(min)
5 ×24 (hour)×365 (year) = 105120 time steps in total.

Suppose the number of the time lags is set as n= 10, which means the model uses a set of

data with 10 consecutive time steps (covering 50 minutes) to predict the following 5-minute

speed value, the dataset is separated into samples with 10 time lags and the sample size is

N= 105110 (105120−−10).

Based on the descriptions of the model, each sample of the input data, XP
T, is a 2-D vector with

the dimension of [n, P] = [10, 323], and each sample of the output data is a 1-dimension vector

with 323 components. The input of the model is a 3-D vector, whose dimension is [N, n, P]. Before

fed into the model, all the samples are randomized and divided into training set, validation set,

and test set with the ratio 7:2:1.

In the training process, mini-batch gradient descent method is used when the model optimizes

the mean squared error (MSE) loss using RMSProp optimizer and early stopping mechanism

is used to avoid over-fitting. To measure the effectiveness of different traffic speed prediction
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algorithms, the Mean Absolute Errors (MAE) and Mean Absolute Percentage Errors (MAPE) are

computed using the following equations:

MAE =
1
n

n

∑
i=1
|xi − x̂i| (3.12)

MAPE =
100
n

n

∑
i=1
| xi − x̂i

xi
| (3.13)

where xi is the observed traffic speed, and x̂i is the predicted speed. All the compared models in

this section are trained and tested multiple times to eliminate outliers, and the results of them

presented are averaged to reduce random errors.

In this section, the results of the proposed SBU-LSTMs are analyzed and compared with classical

methods and other RNN-based models. Further analysis about the influence of the number of

time lags, the dimension of weight matrices, the number of layers, the impact of volume and

occupancy information, spatial feature learning, and model robustness are carried out to shed

more light on the characteristics of proposed model.

3.5 numerical results and analysis

3.5.1 Performance Comparison

3.5.1.1 Single Site Traffic Prediction

Several classical baseline models used in traffic forecasting problems, like ARIMA (Zhao et al.,

2017) Support Vector Regression (SVR) (Wu et al., 2004), Kalman filter (Guo et al., 2014). Based

on our literature review (Ma et al., 2015), the performances of ARIMA and Kalman filter method

are far behind the others, and thus, these two methods are not compared in this study. Most of

mentioned classical models are not suitable for predicting network-wide traffic speed via a single

model, since they normally cannot process 3-D spatial temporal vectors. To compare our proposed

model with these baseline models, experiments are carried out for single loop detector stations,

whose input data is a 2-D vector without spatial dimension. The results are averaged to measure

the overall performance of these models.
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Table 3.1: Performance comparison of the proposed model with other baseline models for single detector

stations speed prediction.

Models MAE (mph) MAPE (%)

SVM 9.23 20.39

Random Forest 2.64 6.3

Feed-forward NN (3-layers) 2.63 6.41

GRU NN 3.43 8.02

SBU-LSTMs 2.42 5.67

We compared the performance of the SBU-LSTMs with SVR, random forest, feed-forward NN,

GRU NN. In this comparison, the proposed model does not use the masking layer and optional

middle layers. Among these baseline models, the feed-forward NN model, also called Multi-layer

Perceptron (MLP), has superior performance for the traffic flow prediction (Lv et al., 2015), and

decision tree and SVR are very efficient models for prediction (Chen et al., 2016; Wu et al., 2004).

For the SVR method, the Radial Basis Function (RBF) kernel is utilized, and for the Random Forest

method, 10 trees are built, and no maximum depth of the trees is limited. In this experiment, the

feed-forward NN model consists of two hidden layers with 323 nodes in each layer.

Table 3.1 demonstrates the prediction performance of different algorithms for the single detector

stations. The number of input time lags in this experiment is set as 10. Among the non-neural

network algorithms, random forest performs much better, with the MAE of 2.64, than the SVM

method, which makes sense due to the majority votes mechanism of random forest. The feed-

forward NN whose MAE is 2.63 performs very close to the random forest method. Although GRU

NN is a kind of recurrent NN, its performance obviously cannot outperform those of feed-forward

NN and random forest. The single layer structure and the simplified gates in GRU NN may be the

reasons. To sum up, the proposed SBU-LSTM model is clearly superior to the other four methods

in this single detector station based experiment.
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Table 3.2: Performance comparison of the proposed model with other LSTM-based models for network-wide

traffic speed prediction

Model

Number of LSTM / BDLSTM layers

N=0 N=1 N=2 N=3 N=4

MAE MAPE MAE MAPE MAE MAPE MAE MAPE MAE MAPE

N-layers LSTM N/A N/A 2.886 6.585 2.502 5.929 2.483 5.95 2.529 6.114

N-layers LSTM + 1-layer DNN N/A N/A 2.652 6.489 2.581 6.332 2.63 6.438 2.646 6.586

N-layers LSTM + 1-layer DNN N/A N/A 2.668 6.506 2.557 6.274 2.595 6.447 2.647 6.602

N-layers BDLSTM N/A N/A 3.021 6.758 2.472 5.819 2.476 5.846 2.526 5.988

SBU-LSTMs: 1-layer BDLSTM

+ N middle BDLSTM layers

+ 1-layer LSTM

2.426 5.674 2.465 5.787 2.502 5.95 2.549 6.191 2.576 6.227

3.5.1.2 Network-wide Traffic Prediction

The SBU-LSTMs is proposed aiming at predicting the network-wide traffic speed, and thus, other

methods with the ability of predicting multi-dimensional time series data are compared in this

section. Since the proposed model combines BDLSTMs and LSTMs, the pure deep (N-layers)

BDLSTMs and LSTMs are compared. A deep LSTM NN adding a fully connected deep neural

network (DNN) layer, which is proven to be able to boost the LSTM NN (Sainath et al., 2015),

is also compared. To measure the influence of temporal information to the network-wide traffic

speed, a multi-layer LSTM model combining day of week and hour of day is also tested in this

experiment.

Meanwhile, the influence of depth of the neural networks, namely the number of layers of the

models, is tested in this section. All the experiments undertook in this section used the dataset

covering the whole traffic network with 10-time lags. The number of time lags, 10, is set within a

reasonable range for traffic forecasting based on existing literature (Lv et al., 2015; Yu et al., 2017b)

and our experiments. The spatial dimension of weight matrices in each LSTM or BDLSTM layer in

this experiment is set as the number of loop detector stations, 323, to ensure the spatial feature

can be fully captured. The comparison results are averaged from multiple tests to remove random

errors.
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Table 3.2 shows the comparison results, where the headers on horizontal axis show the amount

of the LSTM or BDLSTM layers owned by the models. In terms of the influence of depth of the

neural network, all the compared models achieve their best performance when they have two

layers and their performances have the same trends that the values of MAE and MAPE increase

as the number of layers increases from two to four. Table 3.2 contains a special “(N=0)” column,

denoting no middle layer, to represent the basic structure of the SBU-LSTM. The performance of

SBU-LSTM is in conformity with the trends of the compared models that the MAE and MAPE

increase as the number of layers rises from zero to four.

The proposed SBU-LSTM outperforms the others for all the layer numbers. When the SBU-LSTM

has no middle layer, it achieves the best MAE, 2.426 mph, and MAPE, 5.674%. The test errors of

multi-layer LSTM NN and BDLSTM NN turn out to be larger than that of the proposed model.

They achieve their best MAEs of 2.502 and 2.472, respectively, when they both have two layers. It

should be noted that, for the one-layer case, the BDLSTM NN model gets the worst performance in

our experiments shown in the Table 3.2. It indicates that one-layer BDLSTM may be good enough

for capturing features, but it is not satisfactory to predict the results. Except for the one-layer case,

the model combining deep LSTM and DNN are not comparable with others. This test results

show that adding DNN layers to deep LSTM cannot make improvements for the network-wide

traffic prediction problem is consistent with the finding in a previous study (Sainath et al., 2015).

The performance of the temporal information added multi-layer LSTM is very close to that of the

LSTM combined with DNN. Thus, incorporating the day of week and time of day features cannot

improve the performance for this study. This is in accordance with the results of previous works

(Chen et al., 2016; Wu and Tan, 2016).

3.5.2 Spatial-temporal Influential Factor Analysis

3.5.2.1 Impact of the Number of Time Lags

The number of time lags, n, is the temporal dimension of the input data, which may influence the

performance of the proposed model. Figure 3.6 shows the boxplot of the MAE versus the number

of time lags, in which the spatial dimensions of all weight matrices are all set as P = 323. When
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Figure 3.6: Boxplot of MAE versus number of time lags in SBU-LSTMs. (unit of time lag is 5 minutes)

the number of time lags equals 8, 10, and 12, the MAEs are very close, around 2.4. The deviations

of these MAEs are relatively small. When the number of time lags is set as 6, the MAE is much

higher, and the deviation is much larger than other cases. That means, given the 5-minute time

step interval and the studied traffic network, input data with 6 time steps are not enough for the

model to accurately predict network-wide traffic speed. To sum up, the number of time lags tends

to influence the predictive performance, especially when the number is relatively small.

3.5.2.2 Impact of the Dimension of Weight Matrices

In the experiment, the dimension of each data sample is [n, P], where P is the spatial dimension

representing the number of loop detector stations. According to the matrix multiplication rule, the

spatial dimension of the weight matrices in the first layer of the SBU-LSTM must be accordance

with the value of P. But the spatial dimension of weight matrices in other layers can be customized.

In this section, we measure the influence of the dimension of weight matrices in the basic

SBU-LSTM.

When the model’s last LSTM layer has different spatial dimensions, including
⌈ 1

4 P
⌉
,
⌈ 1

2 P
⌉
, P,

2P and 4P, very close prediction results are observed. Here, P equals 323 and d·e is the ceiling

function. Table 3.3 shows the comparison results. The MAE, MAPE, and standard deviations are

nearly the same. Hence, the variation of the dimension of the weight matrices in the LSTM layer
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Table 3.3: Performances comparison of SBU-LSTMs with different spatial dimensions of weight matrices.

Spatial dimension MAE MAPE STD

1/4P 2.486 5.903 0.675

1/2P 2.425 5.68 0.643

P (=323) 2.426 5.674 0.63

2P 2.431 5.736 0.636

4P 2.411 5.696 0.636

almost has no influence on the predictive performance, if the dimension is set as a reasonable

value close to the number of sensor locations.

3.5.2.3 Spatial Features Learning

Spatial features of a traffic network are critical for predicting network-wide traffic states. By

carefully studying the LSTM methodology, we can find that the spatial features can be inherently

learned by the weights in LSTM or BDLSTM layers at the training process. No matter what the

network’s spatial structure is, and no matter what the spatial order of the input data is, the traffic

speed relationship between each pair of two locations in the traffic network can be captured by

the LSTM weight matrices.

In this section, we measure the influence of spatial order of the input data on the spatial feature

learning. Firstly, we order the spatial dimension of input data based on the milepost and direction

of freeways. Figure 3.7 displays the heatmap of true speed and predicted speed for the freeway

network on a randomly selected day, taking 09/01/2015, a Friday, for an example. The extremely

similarity between the shapes in the two heatmaps shows that the proposed model is capable

of learning spatial features. Then, we randomly rearrange the spatial dimension of input data.

By training and testing the model for multiple times, we find that the predictive performance

nearly does not change, and the MAEs are all around 2.42 mph. To the best of our knowledge,

at least two aspects of reasons lead the good performance. One is that the BDLSTM, measuring

both forward and backward dependencies, helps learn better features. The other one is that the
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Figure 3.7: Heatmaps of ground truth and predicted speed values for the freeway traffic network on

01/09/2015. The two plots share the same meanings of the two axes, where the two horizontal

axes represent the index and the arrangement order of sensor stations based on the mileposts

and directions of the four freeways, respectively.

inherent spatial correlation between locations is learned and stored in the weight matrices during

the training process. Hence, the order of spatial dimension of input data basically does not affect

the model performance.

3.5.2.4 Influence of volume and occupancy

Speed, volume (flow), and occupancy are the three fundamental factors to analyze traffic flow.

Considering the loop detector data contains speed, volume, and occupancy information, it is

informative to investigate the influence of these factors on the proposed model’s predictive

performance. In previous experiments, each element of the model input, xp
t , is the speed (s) at a

specific location, p, at time t, where xp
t = sp

t . While, in this experiment, an element of the model

input combine speed (s) with volume (v) and occupancy (o), where xp
t can be (s, o)p

t , (s, v)p
t , or

(s, v, o)p
t .

Before investigating the influence of volume and occupancy, the relationship between these

factors are directly evaluated by three scatter diagrams, plotted based on the loop detector dataset

and shown in Figure 3.8. Although obvious noise points can be seen from Figure 3.8 (b) and (c),

the main distributions in the three diagrams follows the traffic flow theory [47]. Our experiments
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Figure 3.8: Fundamental scatter diagrams of traffic flow: (a) speed-volume diagram, (b) speed-occupancy

diagram, and (c) volume-occupancy diagram.

Figure 3.9: Visualization of ground truth (left) and predicted (right) traffic speed on the Seattle freeway

network.

show that when solely combining volume data, there is nearly no improvement over the prediction

accuracy shown in the Section 2). But when inputting speed and occupancy, or all the three factors,

the model performs slightly better, which has less than 5% increase in the prediction accuracy.

Therefore, the volume and occupancy has slightly influence on the traffic speed prediction based

on our experiment results.

3.5.3 Visualization and Potential Applications

Besides theoretical contribution, the proposed model has potential impact on the traffic speed

prediction related applications. Figure 3.9 presents the ground truth and predicted network-wide

traffic speed at a specific time point. By investigating the predicted traffic speed for single locations,
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Figure 3.10: Comparison between ground truth and predictions of four different locations on 09/10/2015.

we find that the prediction performance is also very good and the trends of predicted and true

values are pretty similar. Figure 3.10 shows three plots of comparison ground truth and predictions

of four different locations on 09/01/2015. The three subplots in Figure 3.10 presenting totally

different traffic patterns show that the prediction values are pretty accurate, which proves that

SBU-LSTM has the ability to predict different patterns over the traffic network at the same time.

3.6 chapter summary

A deep stacked bidirectional and unidirectional LSTM neural network is proposed in this chapter

for network-wide traffic speed prediction. The improvements and contributions in this study

mainly focus on four aspects: 1) we expand the traffic forecasting area to the whole traffic

38



network, including freeway and urban traffic networks; 2) we propose a deep architecture stacked

architecture considering both forward and backward dependencies of network-wide traffic data;

3) multiple influential factors for the proposed model are analysed in detail; and 4) a masking

mechanism is adopted to handle missing values.

Experiment results indicate that the two-layers SBU-LSTM without middle layers is the best

structure for network-wide traffic speed prediction. Comparing to LSTM, BDLSTM and other

LSTM-based methods, the structure of stacking BDLSTM and LSTM layers turns out to be more

efficient to learn spatial-temporal features from the dataset. If the number of time lags of historical

data is not large enough, prediction performance may decrease. The spatial order of input data

and the spatial dimension of weight matrices in the last layer of the model almost has no influence

on the prediction results. Additional information, like volume and occupancy, cannot significantly

improve the predictive performance. Further, it is proved that the proposed model is suitable for

predicting traffic speed on different types of traffic network.

Further improvements and extensions can be made based on this study. The model will be

improved towards graph-based structure to learn and interpret spatial features. The model will

be implemented on an artificial intelligence based transportation analytical platform. Potential

applications, like non-recurring congestion detection, will be explored by combining other datasets.

1

1 This chapter is a slightly modified version of "Deep bidirectional and unidirectional LSTM recurrent neural network

for network-wide traffic speed prediction" presented in 6th International Workshop on Urban Computing (UrbComp 2017).
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4
T R A F F I C G R A P H C O N V O L U T I O N A L R E C U R R E N T N E U R A L N E T W O R K :

I N C O R P O R AT I N G R O A D WAY P H Y S I C A L P R O P E RT I E S I N T O

N E T W O R K - S C A L E T R A F F I C P R E D I C T I O N

4.1 overview

Traffic forecasting is one of the most challenging components of Intelligent Transportation Systems

(ITS). The goal of traffic forecasting is to predict future traffic states in the traffic network given

a sequence of historical traffic states and the physical roadway network. Since the volume and

variety of traffic data has been increasing in recent years, data-driven traffic forecasting methods

have shown considerable promise in their ability to outperform conventional and simulation-based

methods (Yu et al., 2017a).

Previous work (Ma et al., 2015; Park and Rilett, 1999; Vlahogianni et al., 2014) on this topic

roughly categorizes existing models into two categories: classical statistical methods and machine

learning models. Most of the studies focusing on traffic forecasting using statistical methods were

developed when traffic systems were less complex, and the sizes of traffic datasets were relatively

small. However, statistical models’ capability of handling high dimensional time series data is

quite limited. With the more recent rapid development in computational power, as well as growth

in traffic data volume, much of the more recent work on this topic focuses on machine learning

methods for traffic forecasting.

Machine learning methods with the capability of capturing complex non-linear relationships,

like support vector regression (SVR) (Smola and Schölkopf, 2004), tend to outperform the statistical

methods, such as autoregressive integrated moving average (ARIMA) (Hamed et al., 1995) and its
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variants, with respect to handling complex traffic forecasting problems (Ma et al., 2015). However,

the full potential of artificial intelligence approaches to traffic forecasting was not exploited until

the rise of deep neural network (NN) models (also referred to as deep learning models). Following

early works (Park and Rilett, 1999; Van Lint et al., 2002) applying NNs to the traffic prediction

problem, many NN-based methods have been adopted for traffic forecasting.

4.1.1 Background of Deep Learning-based Traffic Forecasting

Deep learning models for traffic forecasting, such as deep belief networks (DBN) (Huang et

al., 2014) and stacked auto-encoders (Lv et al., 2015), can effectively learn high dimensional

features and achieve good forecasting performance. Recurrent neural network (RNN) and its

variants, including long short-term memory (LSTM) (Hochreiter and Schmidhuber, 1997) and

gated recurrent unit (GRU) (Cho et al., 2014) networks, have also shown great potential for solving

traffic forecasting problems (Cui et al., 2017; Kong et al., 2019; Ma et al., 2015; Yu et al., 2017b).

Although RNN-based methods can learn the spatial dependencies, they tend to be over-complex

and inevitably capture a certain amount of noise and spurious relationships which likely do

not represent the true causal structure in a physical traffic network. Moreover, interpreting the

network parameters in terms of real-world spatial dependencies is most often impossible. To

address this, other works (Ma et al., 2017; Yu et al., 2017a; Zhang et al., 2017) attempt to model

spatial dependencies with convolutional neural network (CNN). However, conventional CNNs

are most appropriate for spatial relationships in the Euclidean space as represented by two-

dimensional (2D) matrices or images. Thus, spatial features learned in CNN are not optimal for

representing the traffic network structure (Li et al., 2018; Yu et al., 2019).

Recently, substantial research has focused on extending the convolution operator to more

general, graph-structured data, which can be applied to capture the spatial relationships present

in a traffic network. There are two primary ways to conduct graph convolution. The first class of

methods (Atwood and Towsley, 2016; Defferrard et al., 2016; Estrach et al., 2014; Kipf and Welling,

2019) makes use of spectral graph theory, by designing spectral filter/convolutions based on the

graph Laplacian matrix. Spectral-based graph convolution has been adopted and combined with

RNN (Li et al., 2018) and CNN (Yu et al., 2017a) to forecast traffic states. These models successfully
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apply convolution to graph-structured data, but they do not fully capture the unique properties

of graphs (Zhou and Li, 2017), like traffic networks. These models (Defferrard et al., 2016; Henaff

et al., 2015), usually adopt multiple graph convolution layers, and thus, their learned spatial

dependencies are hard to interpret. The other form of graph convolution proposed in several

newly-published studies is conducted on graph data dynamically, for example, the dynamic

edge-conditioned filters in graph convolution (Simonovsky and Komodakis, 2017), the high-order

adaptive graph convolutional network (Abu-El-Haija et al., 2019; Zhou and Li, 2017). Still, these

methods are not capable of fully accommodating the physical specialties of traffic networks.

One of the deficiencies of the previous graph convolution-based models is that the receptive

field of the convolution operators is not confined in the graph according to the real structure

of the traffic network. The traffic states of two locations far apart from each other in the traffic

network should not be influenced by each other in a short time period. Though the spectral

graph convolution models (Defferrard et al., 2016; Li et al., 2018)can capture features from K-

localized neighbors of a vertex in the graph, how to choose the value of K and whether the

localized neighbors truly affect the vertex are still questions to be answered. Thus, we propose

a free-flow reachable matrix based on the free-flow speed of the real traffic and apply it on the

graph convolution operator to learn features from the truly influential neighborhood in the traffic

network.

4.1.2 Contribution and Organization of the Chapter

In this chapter, we learn the traffic network as a graph and conduct convolution on the traffic

network-based graph. To learn localized features and incorporate roadway physical characteristics,

we proposed a traffic graph convolution operator. Base on this operator, we propose a traffic

graph convolutional LSTM (TGC-LSTM) to model the dynamics of the traffic flow and capture

the spatial dependencies. Evaluation results show that the proposed TGC-LSTM outperforms

multiple state-of-the-art traffic forecasting baselines. More importantly, the proposed model turns

out to be capable of identifying the most influential roadway segments in the real-world traffic

networks. The main contributions of our work include:
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1. A traffic graph convolution operator is proposed to accommodate physical specialties of

traffic networks and extract comprehensive features.

2. A traffic graph convolutional LSTM neural network is proposed to learn the complex spatial

and dynamic temporal dependencies presented in traffic data.

3. To make learned localized graph convolution features more consistent and interpretable, we

proposed two regularization terms, including an L1-norm on traffic the graph convolution

weights and an L2-norm on the traffic graph convolution features, that can be optionally

added to the model’s loss function.

4. The real-world traffic speed data, including the graph structure of the traffic network, used

in this chapter is published via a publicly available website1 to facilitate further research on

this problem.

The remainder of the chapter is organized as follows: In Section 4.2 presents existing and

representative related work. We introduce several notions that will be used for building the traffic

graph convolution module in Section 4.3. Then, we introduce the traffic graph convolution module

and compare it with other related graph convolution modules in Section 4.4. Further in Section

4.5, we introduce the proposed TGC-LSTM neural network, as well as two regularization terms.

Section 4.6 shows the experimental settings. Section 4.7 presents the experimental results and

related analysis. Section 4.8 concludes the chapter by showing the contribution of the proposed

model and identifying future directions.

4.2 related work

Deep learning models have shown their superior capabilities of capturing nonlinear spatiotemporal

effects for traffic forecasting (Polson and Sokolov, 2017). Ever since the precursory study (Hua

and Faghri, 1994) using the feed-forward NN for vehicle travel time estimation was proposed,

many other NN-based models, including fuzzy NN (Yin et al., 2002), recurrent NN (Van Lint

et al., 2002), convolution NN (Ma et al., 2017; Yu et al., 2017a), deep belief networks (Huang et al.,

1 https://github.com/zhiyongc/Seattle-Loop-Data
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2014; Kong et al., 2019), auto-encoders (Liao et al., 2018; Lv et al., 2015), generative adversarial

networks (Liang et al., 2018; Lin et al., 2019), and combinations of these models have been applied

to forecast traffic states. With the capability of capturing temporal dependencies, the recurrent

NN or its variants, like LSTM (Hochreiter and Schmidhuber, 1997) and GRU (Cho et al., 2014),

was widely adopted as a component of a traffic forecasting model to forecast traffic speed (Ma

et al., 2015), travel time (Duan et al., 2016a), and traffic flow (Zhao et al., 2017).

Further, in most recent years, various novel deep learning-based traffic forecasting models have

been proposed through adjusting classical neural network model, combining existing methods,

and incorporating auxiliary data. Multiple novel LSTM based models, such as bidirectional

LSTM (Cui et al., 2017), deep LSTM (Yu et al., 2017b), and nested LSTM (Ma et al., 2020),

have been designed via reorganizing and combing single LSTM models and applied to capture

comprehensive temporal dependencies for traffic prediction. In addition, sequence-to-sequence

(seq2seq) architecture based models (Li et al., 2018; Liao et al., 2018) have also been used for traffic

state sequence forecasting. To deal with different types of features, multi-stream deep learning

models (Ke et al., 2020; Wu et al., 2018; Yu et al., 2017b; Zhang and Patras, 2018) have also been

well studied and tested for traffic forecasting problems. To improve the prediction performance,

multiple deep learning based models also incorporate various traffic-related auxiliary data,

including roadway geographical attribute data (Liao et al., 2018), accident data (Yu et al., 2017a),

and weather data (Zhang and Kabuka, 2018).

To capture spatial relationships present in traffic networks, many forecasting models (Jin et al.,

2018; Ma et al., 2017) incorporating CNNs to extract spatial features from 2D spatial-temporal

traffic data. Due to the traffic structure is hard to be depicted by 2D spatial-temporal data, studies

(Yu et al., 2017a) tried to convert traffic network structures to images and use CNNs to learn spatial

features. However, these converted images have a certain amount of noise, inevitably resulting in

spurious spatial relationships captured by CNNs. Recent studies (Chen et al., 2018a; Guo et al.,

2019; Zhang and Kabuka, 2018) also attempted to convert traffic state data into three-dimensional

(3D) matrices and use the 3D convolutional network to extract more effective features. However,

conventional CNN based methods still cannot inherently deal with the topological structure and

the physical attributes of the traffic network. To solve this problem, studies (Li et al., 2018; Yu et al.,
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2018) attempted to learn the traffic network as a graph and adopt the graph-based convolution

operator to extract features from the graph-structured traffic network.

Traffic networks have already been analyzed as graphs for dynamic shortest path routing (Sun

et al., 2017), traffic congestion analysis (Sun et al., 2014), and dynamic traffic assignment (Kalafatas,

2007). In the last couple of years, many studies attempt to generalize neural networks to work on

arbitrarily structured graphs by designing graph convolutional networks. Generally, the graph

convolutional networks utilize the adjacency matrix or the Laplacian matrix to depict the structure

of a graph. The Laplacian matrix based graph convolution (Estrach et al., 2014; Henaff et al.,

2015) are designed based on the spectral graph theory (Shuman et al., 2013). As an extension,

a localized spectral graph convolution (Defferrard et al., 2016) is also proposed to reduce the

learning complexity. The adjacency matrix based graph convolution neural networks (Kipf and

Welling, 2019; Zhou and Li, 2017) incorporate the adjacency matrix and their network structures

are more flexible. The traffic network can be considered as a graph consisting of nodes and edges,

and thus, several graph convolution neural network based models, including the spectral graph

convolution (Yu et al., 2018) and the diffusion graph convolution (Atwood and Towsley, 2016), are

proposed to fulfill network-wide traffic forecasting. Several studies (Geng et al., 2019; Zhang and

Kabuka, 2018) also incorporated multi-scale graph convolution operations into their proposed

models to learn traffic features. Although these existing methods can extract spatial features from

neighborhoods in the traffic network, the physical specialties of roadways, like length, speed

limits, and the number of lanes, are normally neglected.

4.3 preliminaries and notions

4.3.1 Traffic Network based Graph

Normally, a graph consists of nodes (vertices) and edges. The graph representing a traffic network

is distinct from social network graphs, document citation graphs, or molecule graphs, in several

respects: 1) there are no isolated nodes/edges in traffic network based graphs and the traffic

network structure seldom changes; 2) the traffic status of each road in a traffic network varies

over time; and 3) the roads in a traffic network have meaningful physical characteristics, such as
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the length, type, speed limit, and lane numbers of a road. Further, traffic state data is collected

by different types of sensors such that some types of data detect location-based traffic states,

but others may measure road segment based averaged traffic states. Due to traffic states vary

over time, it is better to let the graph nodes possess the varying traffic states and keep the graph

structure fixed. Thus, to ensure the consistency of the definition in a graph, we use nodes to

represent the traffic sensing locations, which can be sensor stations or road segments. Then, the

edges in a graph represent the intersections or road segments connecting those traffic sensing

locations.

The traffic network and the relationship between traffic locations can be represented by an

undirected graph G where G= (V , E) with N nodes vi∈ V and edges
(
vi, vj

)
∈E . Even though

some roads are directed in the reality, due to the impact of traffic congestions occurring on these

roads will be bi-directionally propagated to upstream and downstream roads (Cui et al., 2017), we

take the bidirectional impact into account and thus let G be an undirected graph.

4.3.2 Adjacency Matrix and Neighborhood Matrix

The connectedness of nodes in G is represented by an adjacency matrix A∈RN×N , in which each

element Ai,j= 1 if there is an edge connecting node i and node j and Ai,j= 0 otherwise (Ai,i = 0).

Based on the adjacency matrix, the degree matrix of G, which measures the number of edges

attached to each vertex, can be defined as D∈RN×N in which Dii=∑j Aij. D is a diagonal matrix

and all non-diagonal elements are zeros.

Based on the adjacency matrix, an edge counting function d
(
vi, vj

)
can be defined as counting

the minimum number of edges traversed from node i to node j. Then, the set of k-hop (k-th order)

neighborhood of each node i, including node i itself, can be defined as
{

vj∈ V
∣∣ d
(
vi, vj

)
≤k
}

.

However, since the traffic states are time series data and the current traffic state on a road will

definitely influence the future state, we consider the all roads are self-influenced. Thus, we consider

the neighborhood of a node contains the node itself and a neighborhood matrix to characterize

the one-hop neighborhood relationship of the whole graph, denoted as

Ã = A + I (4.1)
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where I is the identity matrix. Then, the k-hop neighborhood relationship of the graph nodes

can be characterized by (A + I)k. However, some elements in (A + I)k will inevitably exceed one.

Owing to the k-hop neighborhood of a node is only used for describing the existence of all the

k-hop neighbors, it is not necessary to make a node’s k-hop neighbors weighted by the number of

hops. Thus, we clip the values of all elements in (A + I)k to be in {0,1} and define a new k-hop

neighborhood matrix Ãk, in which each element Ãk
i,j satisfies

Ãk
i,j = min

(
(A + I)k

i,j, 1
)

(4.2)

where min refers to minimum. In this case, Ã1 = A1 = A. An intuitive example of k-hop

neighborhood with respect to a node (a red star) is illustrated by blue points on the left side of

Figure 4.1.

4.3.3 Free-Flow Reachable Matrix

Based on the length of each road in the traffic network, we define a distance matrix Dist∈RN×N ,

where each element Disti,j represents the real roadway distance from node i to j (Disti,i= 0). When

taking the underlying physics of vehicle traffic on a road network into consideration, we need

to understand that the impact of a roadway segment on adjacent segments is transmitted in two

primary ways: 1) slowdowns and/or blockages propagating upstream; and 2) driver behavior

and vehicle characteristics associated with a particular group of vehicles traveling downstream.

Thus, for a traffic network-based graph or other similar graphs, the traffic impact transmission

between non-adjacent nodes cannot bypass the intermediate node/nodes, and thus, we need to

consider the reachability of the impact between adjacent and nearby node pairs. To ensure the

traffic impact transmission between k-hop adjacent nodes follow the established traffic flow theory

(Daganzo, 1994), we define a free-flow reachable matrix, FFR∈RN×N , that

FFRi,j =

 1, SFF
i,j m∆t− Disti,j ≥ 0

0, otherwise
, ∀vi, vj ∈ V (4.3)

where SFF
i,j is the free-flow speed between node i and j, and free-flow speed (Hunter-Zaworski

et al., 2003) refers to the average speed that a motorist would travel if there were no congestion or
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other adverse conditions (such as severe weather). ∆t is the duration of time quantum and m is

a number counting how many time intervals are considered to calculate the distance travelled

under free-flow speed. Thus, m determines the temporal influence of formulating the FFR. Each

element FFRi,j equals one if vehicles can traverse from node i to j in m time-step, m·∆t, with

free-flow speed, and FFRi,j= 0 otherwise. Intuitively, the FFRi,j measures whether a vehicle can

travel from node i to node j with the free-flow speed under a specific time interval. We consider

each road is self-reachable, and thus, all diagonal values of FFR are set as one. An example FFR

with respect to a node (a red star) is shown by green lines on the left side of Figure 4.1.

4.3.4 Traffic Forecasting formulation

Traffic forecasting refers to predicting future traffic states, such as traffic speed, travel time, or

volume, given previously observed traffic states from a road network. In this chapter, the traffic

network is converted into a graph consisting of all N nodes, representing N traffic sensing

locations, and a set of edges. During a period of time t, the signals of these nodes representing the

collected traffic states, can be denoted as xt∈RN .

To formulate the traffic forecasting problem, the main aforementioned notations are summarized

in the following list:

• G: Traffic network-based graph G= (V , E)

• V : Set of vertices in G with the size of |V |=N

• E : Set of edges in G with the size of |E |

• A∈RN×N : Adjacency matrix of G

• D∈RN×N : Degree matrix of G

• Ã∈RN×N : Neighborhood matrix defined by Equation 4.1

• Ãk∈RN×N : k-hop neighborhood matrix defined by Equation 4.2

• Dist∈RN×N : Distance matrix
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• FFR∈RN×N : Free-flow reachable matrix by Equation 4.4

• xt∈RN : Vector of speed of all graph nodes at time t

The short-term traffic forecasting problem aims to learn a function F(·) to map T time steps of

historical graph signals, i.e. XT = [x1, . . . , xt, . . . , xT], to the graph signals in the subsequent one

or multiple time steps. In this chapter, the function attempts to forecast the graph signals in the

subsequent one step, i.e. xT+1, and the formulation of F(·) is defined as

F
(
[x1, . . . , xt, . . . , xT] ; G

(
V , E , Ãk,FFR

))
= xT+1 (4.4)

Further, another goal of this study is to learn the traffic impact transmission between adjacent

and neighboring nodes in a traffic network-based graph by learning the weight parameters in the

function F(·).

4.4 traffic graph convolution

Previous work (Abu-El-Haija et al., 2019; Kipf and Welling, 2019; Zhou and Li, 2017) has defined

the graph convolution based the adjacency matrix. The core idea of a convolution layer in a

neural network is to extract localized features from input data in a 2D or 3D matrices structure.

The localized region of the input space which affects the convolution operation results is called

receptive field. Analogously, the core idea of a graph convolution layer is to extract localized

features from input data in a graph structure. Thus, the product of the neighborhood matrix

Ã, the input data xt, and a trainable weight matrix W, i.e. ÃxtW, can be considered as a graph

convolution operation to extract features from one-hop neighborhood (Kipf and Welling, 2019;

Zhou and Li, 2017). Then, the receptive field of the graph convolution operation on a node is the

one-hop neighborhood.

However, in this way, the receptive field is confined, and it only concentrates on one-hop

neighboring nodes. To overcome this shortcoming, we extend the receptive field of graph con-

volution by replacing the one-hop neighborhood matrix Ã with the k-hop neighborhood matrix

Ãk. Meanwhile, existing studies either neglect the properties of the edges in a graph, such as the

distances between different sensing locations (the lengths of the graph edges) and the free-flow
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reachability defined in Equation 4.3, or fail to consider high-order neighborhood of nodes in the

graph. Hence, to comprehensively solve the network-wide forecasting problem, we consider both

graph edge properties and high-order neighborhood in the traffic network-based graph. Hence,

we define the k-order (k-hop) Traffic Graph Convolution (TGC) operation as

GCk
t=(Wgck

⊙
Ãk
⊙
FFR)xt (4.5)

where
⊙

is the Hadamard product operator, i.e. the element-wise matrix multiplication operator,

and xt∈RN is the vector of traffic states (speed) of all nodes at time t. The Wgc_k ∈ RN×N is

a trainable weight matrix for the k-order traffic graph convolution and the GCk ∈ RN is the

extracted k-order traffic graph convolution feature. Due to Ãk and FFR are both sparse matrices

only containing 0 and 1 elements, the result of Wgck

⊙
Ãk⊙FFR is also sparse. Further, the trained

weight Wgc_k has the potential to measure the interactive influence between graph nodes, and

thus, enhance the interpretability of the model.

In Equation 4.5, k should be a positive integer. The larger the order k is, the larger the size of

the receptive field of the TGC is, and then the more neighborhood-based features can be extracted

from the graph. However, k is not infinite, and it can be easily proved that, for a specific graph,

when increasing the value of k, Ãk⊙FFR will eventually converge to FFR such that k=Kmax

and ÃKmax
⊙
FFR = FFR. It should be noted that, while extracting traffic graph convolution

features to solve real traffic prediction problems, it is not necessary to set k as the max value Kmax.

The trade-off between the prediction accuracy and the feature richness, which is directly related

to the computational cost, should be considered and balanced.

Let K ≤ Kmax denote the largest hop for traffic graph convolution in this chapter, and the

corresponding traffic graph convolution feature is GCK
t with respect to input data xt. Different

hops of neighborhood in TGC will result in different extracted features. To enrich the feature

space, the features extracted from different orders (from 1 to K) of traffic graph convolution with

respect to Xt are concatenated together as a vector defined as follows

GCK
t = [GC1

t , GC2
t , . . . , GCK

t ] (4.6)

The GC{K}t ∈RN×K contains all the K orders of traffic graph convolutional features, as intuitively

shown in the left part of Figure 4.1. In this chapter, after operating the TGC on input data xt, the
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generated GC{K}t will be fed into the following layer in the proposed neural network structure

described in the following section.

Comparing TGC with Spectral Graph Convolution: The proposed traffic graph convolution

is based on adjacency matrix A, but the spectral graph convolution (SGC) is defined in the Fourier

domain (Shuman et al., 2013) based on the Laplacian matrix L, which equals

L=D−A (4.7)

where D is the degree matrix. The Laplacian matrix L is symmetric positive semi-definite such

that it can be diagonalized via eigen-decomposition as

L=UΛUT (4.8)

where Λ is a diagonal matrix containing the eigenvalues, U consists of the eigenvectors, and UT is

the transpose of U.

The spectral convolution on graph is defined as the multiplication of a signal xt∈RN with a filter

hθ = diag (θ) parameterized by θ∈RN (Kipf and Welling, 2019). The diag (θ) is the diagonalized

matrix given θ. The spectral graph convolution operation can be described as

hθ∗Gxt=UhθUTxt = Udiag (θ)UTxt (4.9)

where ∗G is the spectral graph convolution operator. The filter hθ that can be considered as a

learnable convolutional kernel weight.

Further, for saving computational cost, the localized spectral graph convolution (LSGC) is

proposed by employing a polynomial filter hθ′ = ∑k−1
j=0 θ′jΛ

j (Defferrard et al., 2016) and the

learnable parameter θ′ ∈ RK. Then K-hop localized spectral graph convolution can be formulated

as:

hθ′∗Gxt=U
K−1

∑
j=0

θ′jΛ
jUTxt=

K−1

∑
j=0

θ′j L
jxt (4.10)

The advantages of the LSGC is that it only has K parameters and does not need eigen-

decomposition. It is well spatial localized and each convolution operation on a centered vertex

extracts the summed weighted feature of the vertex’s K-hop neighbors. The details of SGC and

LSGC can be found in the literature (Defferrard et al., 2016; Estrach et al., 2014; Kipf and Welling,

2019).
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Table 4.1: Comparison between TGC, SGC, and LSGC

Graph convolution definition K-hop TGC SGC K-hop LSGC

Graph convolution on signal xt (Wgck

⊙
Ãk ⊙ FFR) Udiag(θ)UT ∑K−1

j=1 θ′j L
j

Weight parameters Wgck ∈ RN×N θ ∈ RN θ′ ∈ RK

Computational time complexity O(N2) O(N2) O(K|ε|)

Extract Localized features

Yes. k-localized

incorporating roadway

physical properties

No
Yes. It is

exactly k-localized.

The comparison between TGC, SGC, and LSGC in terms of the number of parameters, computa-

tional time, and localized feature extraction, is shown in Table 4.1. Comparing to SGC and LSGC,

the TGC is better in terms of spatial localization because it can extract local features based on

physical properties of roadways by incorporating the FFR. TGC with more parameters has better

capabilities of representing the relationships between connected nodes in the graph. Further, SGC

and LSGC normally need multiple convolutional layers, which leads the SGC and LSGC to lose

their interpretability. However, TGC only needs one convolution layer and its parameters can be

better interpreted.

4.5 traffic graph convolutional lstm

We propose a Traffic Graph Convolutional LSTM (TGC-LSTM) recurrent neural network, as shown

on the right side of the Figure 4.1, which learns both the complex spatial dependencies and the

dynamic temporal dependencies presented in traffic data. In this model, the gates structure in the

vanilla LSTM (Hochreiter and Schmidhuber, 1997) and the hidden state are unchanged, but the

input is replaced by the graph convolution features, which are reshaped into a vector GC{K}∈RKN .

The forget gate ft, the input gate it, the output gate ot, and the input cell state C̃t in terms of time

step t are defined as follows

ft=σg

(
W f ·GC{K}t +U f · ht−1+b f

)
(4.11)

52



Figure 4.1: The architecture of the proposed Traffic Graph Convolution LSTM is shown on the right side.

The traffic graph convolution (TGC) as a component of the proposed model is shown on the

left side in detail by unfolding the traffic graph convolution at time t, in which Ãks and FFR

respect to a red star node are demonstrated.

it=σg

(
Wi ·GC{K}t +Ui · ht−1+bi

)
(4.12)

ot=σg

(
Wo·GC{K}t +Uo · ht−1+bo

)
(4.13)

C̃t=tanh
(

WC·GC{K}t +UC · ht−1+bC

)
(4.14)

where · is the matrix multiplication operator. W f , Wi, Wo, and WC∈RN×KN are the weight matrices,

mapping the input to the three gates and the input cell state, while U f , Ui, Uo, and UC∈RN×N

are the weight matrices for the preceding hidden state. b f , bi, bo, and bC∈RN are four bias vectors.

The σg is the gate activation function, which typically is the sigmoid function, and tanh is the

hyperbolic tangent function.

Due to each node in a traffic network graph is influenced by the preceding states of itself and

its neighboring nodes, the LSTM cell state of each node in the graph should also be affected by

neighboring cell states. Thus, a cell state gate is designed and added in the LSTM cell. The cell

state gate, as shown in Figure 4.1, is defined as follows

C∗t−1 = WN
⊙

(Ã
K⊙
FFR) · Ct−1 (4.15)
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where WN is a weight matrix to measure the contributions of neighboring cell states. To correctly

reflect the traffic network structure, the WN is constrained by multiplying a FFR based K-hop

adjacency matrix, ÃK⊙FFR. With this gate, the influence of neighboring cell states will be

considered when the cell state is recurrently input to the subsequent time step. Then, the final cell

state and the hidden state are calculated as follows

Ct=ft
⊙

C∗t−1+it
⊙

C̃t (4.16)

ht=ot
⊙

tanh (Ct) (4.17)

At the final time step T, the hidden state hT is the output of TGC-LSTM, namely the predicted

value ŷT=hT. Let yT∈RN denote the label of the input data XT∈RN×N . For the sequence prediction

problem in this chapter, the label of time step T is the input of the next time step (T + 1) such that

yT=xT+1. Then the loss during the training process is defined as

Loss = L (yT, ŷT) = L (xT+1, hT) (4.18)

where L (·) is a function to calculate the residual between the predicted value ŷT and the true

value yT. Normally, the L (·) function is a Mean Squared Error (MSE) function for predicting

continuous values.
Algorithm 4.1: Calculation the output of the TGC-LSTM layer

Input: XT = [x1, ..., xT], {Ã1, ..., ÃK},FFR

Parameter : {Wgc1 , ..., WgcK}, W, U, and b in Eq. (4.11-4.14)

Result: the prediction result hT

1 Initialize: h0 = 0 ∈ RN , C0 =∈ RN ;

2 for t = 1 to T do

3 for k = 1 to K do

4 GCk
t ← (Wgck

⊙
Ãk ⊙FFR)xt

5 end

6 GCK
t ← [GC1

t , GC12t, ..., GCK
t ];

7 ht, Ct = TCG-LSTM(x− t, GCk
t , ht−1, Ct−1)

8 end

54



To explain the proposed method in a clearer way, a pseudo-code of the TGC-LSTM algorithm

is presented in Algorithm 4.1. Given the traffic state data XT and the graph related matrices as

input, the pseudo-code mainly describes the process of generating the final output hT after T steps

of iteration. For simplicity, the pseudo-code does not include the mini-batch gradient descent

process and the backpropagation-based parameter updating process. In Algorithm 4.1, Eq. is short

for Equation and the function TGC-LSTM(·) refers to the whole calculation process described in

Equations 4.11-4.17 in this section.

4.5.1 Traffic Graph Convolution Regularization

Since the proposed model contains a traffic graph convolution operation, the generated set of

TGC features GC{K}t and the learned TGC weights
{

Wgc1 , . . . , WgcK

}
provide an opportunity to

make the proposed model interpretable via analyzing the learned TGC weights. To confine the

graph convolution features within a reasonable scale and make the learned weights more stable

and interpretable, we propose two optional regularization terms that can be added to the loss

function described in Equation 4.18.

4.5.1.1 Regularization on Graph Convolution weights

Because the graph convolution weights are not confined to be positive and each node’s extracted

features are influenced by multiple neighboring nodes, the graph convolution weights can vary

a lot while training. Ideally, the convolution weights would be themselves informative, so that

the relationships between different nodes in the network could be interpreted and visualized by

plotting the convolution weights. This is not likely to be possible without regularization, because

very high or low weights tend to appear somewhat randomly, with the result that high/low

weights tend to cancel each other out. In combination, such weights can still represent informative

features for the network, but they cannot reflect the true relationship between nodes in the

graph. Thus, we add L1-norm of the graph convolution weight matrices to the loss function as a
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regularization term to make these weight matrices as sparse as possible. The L1 regularization

term is defined as follows

R{1}=
∥∥W gc

∥∥
1=

K

∑
i=1

∣∣Wgci

∣∣ (4.19)

In this way, the trained graph convolution weight can be sparse and stable, and thus, it will be

more intuitive to distinguish which neighboring node or group of nodes contribute most.

4.5.1.2 Regularization on Graph Convolution features

Considering that the impact of neighboring nodes with respect to a specific node must be

transmitted through all nodes between the node of interest and the influencing node, features

extracted from different hops in the graph convolution should not vary dramatically. Thus, to

restrict the difference between features extracted from adjacent hops of graph convolution, an

L2-norm based TGC feature regularization term is added on the loss function at each time step.

The regularization term is defined as follows

R{2}=
∥∥∥GC{K}T

∥∥∥
2
=

√√√√K−1

∑
i=1

(
GCi

T−GCi+1
T

)2
(4.20)

In this way, the features extracted from adjacent hops of graph convolution should not differ

dramatically, and thus, the graph convolution operator should be more in keeping with the

physical realities of the relationships present in a traffic network.

Then, the total loss function at time t can be defined as follows

Loss=L (hT−xT+1) + λ1R{1}+λ2R{2} (4.21)

where λ1 and λ2 are penalty terms to control the weight magnitude of the regularization terms on

graph convolution weights and features.

4.6 experimental settings

4.6.1 Dataset Description

In this chapter, two real-world network-scale traffic speed datasets are utilized. The first contains

data collected from inductive loop detectors deployed on four connected freeways (I-5, I-405, I-90,
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Figure 4.2: (a) LOOP dataset covering the freeway network in Seattle area; (b) INRIX dataset covering the

downtown Seattle area, where traffic segments are plotted with colors.

and SR-520) in the Greater Seattle Area, shown in Figure 4.2 (a). This dataset, which is publicly

accessible2, contains traffic state data from 323 sensor stations over the entirety of 2015 at 5-minute

intervals. The second contains road link-level traffic speeds aggregated from GPS probe data

collected by commercial vehicle fleets and mobile apps provided by the company INRIX. The

INRIX traffic network covers the Seattle downtown area, shown in Figure 4.2 (b). This dataset

describes the traffic state at 5-minute intervals for 1014 road segments and covers the entire year

of 2012. We use LOOP data and INRIX data to denote these two datasets, respectively, in this

study.

We adopt the speed limit as the free-flow speed, which for the segments in the LOOP traffic

network is 60mph in all cases. The INRIX traffic network contains freeways, ramps, arterials, and

urban corridors, and so the free-flow speeds of INRIX traffic network range from 20mph to 60mph.

The distance adjacency matrices Dist and free-flow reachable matrices FFR for both datasets are

calculated based on the roadway characteristics and topology.

2 https://github.com/zhiyongc/Seattle-Loop-Data
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4.6.1.1 Baselines

We compare TGC-LSTM with the following baseline models:

1. ARIMA: Auto-Regressive Integrated Moving Average model (Hamed et al., 1995)

2. SVR: Support Vector Regression (Smola and Schölkopf, 2004)

3. FNN: Feed forward neural network with two hidden layers, i.e. the multilayer perceptron,

whose hidden layer size is N;

4. LSTM: Long Short-Term Memory recurrent neural network (Hochreiter and Schmidhuber,

1997)

5. DiffGRU (Li et al., 2018): an adjusted version of diffusion convolutional gated recurrent

network whose gate units are defined based on diffusion convolution. Since the graph is

undirected in this study, we replace the diffusion convolution with spectral graph convolution

in DiffGRU;

6. LSGC+LSTM: stacking a one-layer localized spectral graph convolution layer (Defferrard

et al., 2016) whose K=3 and an LSTM layer.

All the LSTM/GRU layers have the same weight dimensions. The baseline models do not

include auto-encoder based models and pure CNN based models, due to the core ideas of these

methodologies are totally different from the tested baseline models which are mostly single RNN

layer-based models. All the neural networks are implemented based on PyTorch 1.0.1 and they

are trained and evaluated on a single NVIDIA GeForce GTX 1080 Ti with 11GB memory.

4.6.1.2 TGC-LSTM Model

For both datasets, the dimensions of the hidden states of the TGC-LSTM are set as the amount of

the nodes in the traffic network graphs. The size of hops in the graph convolution can vary, but

we set it as 3, K = 3, for the model evaluation and comparison in this experiment. In this case,

the FFR is calculated based on three time steps. The two regularization terms (R{1} and R{2})

can not only confine the learnt graph convolution weights, they also can avoid overfitting causing

the decrease of the prediction accuracy. Thus, there is a trade-off between the prediction accuracy
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and the scale of the penalty terms (λ1 and λ2). Based on empirically adjusting the regularization

rates, the values of the λ1 and λ2 are both set as 0.01. We train our model by minimizing the mean

square error with the batch size of 10 and the initial learning rate of 10−5. Since the RMSProp

(Tieleman and Hinton, 2012) can solve the gradient exploding and vanishing problems, it is used

as the gradient descent optimizer whose alpha (smoothing constant) is set as 0.99 and epsilon (the

term added to the denominator to improve numerical stability) is set as 10−8.

4.6.1.3 Evaluation

In this study, the samples of the input are traffic time series data with 10 time steps. The

output/label is the next subsequent data of the input sequence. The performance of the proposed

and the compared models are evaluated by three commonly used metrics in traffic forecasting,

including 1) Mean Absolute Error (MAE), 2) Mean Absolute Percentage Error (MAPE), and 3)

Root Mean Squared Error (RMSE).

4.7 experimental results

Table 4.2 demonstrates the results of the TGC-LSTM and other baseline models on the two

datasets. The proposed method outperforms other models with all the three metrics on the

two datasets. The ARIMA and SVR cannot compete with other methods, which suggest that

non-neural-network approaches are less appropriate for this network-wide prediction task, due

to the complex spatiotemporal dependencies and the high dimension features in the datasets.

The basic FNN does not perform well on predicting spatial-temporal sequence. The DiffGRU

performs nearly the same as the FNN. The reason might be that GRU has the no cell state to

store historical information in its gate units comparing to LSTM. This can reduce the prediction

capability of DiffGRU. Both LSTM and Conv+LSTM work well and they have similar performance.

The SGC+LSTM performs better than vanilla LSTM, which demonstrates the feature extraction by

using spectral graph convolution is beneficial for traffic forecasting. However, the LSGC+LSTM

does not outperform LSTM resulting from utilizing one-layer LSGC, whose parameters is not

enough for representing the network features. The proposed TGC-LSTM, which capture graph-

based features while accommodating the physical specialties of traffic networks, performs better
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Model
LOOP IRNIX

MAE (mph) ± STD MAPE RMSE MAE (mph) ± STD MAPE RMSE

ARIMA 6.10 ± 1.09 13.85% 10.65 4.80 ± 0.32 13.51% 10.85

SVR 6.85 ± 1.17 14.39% 11.12 4.78 ± 0.37 13.37% 10.44

FNN 4.45 ± 0.81 10.19% 7.83 2.31 ± 0.17 8.35% 5.92

LSTM 2.70 ± 0.18 6.83% 4.97 1.14 ± 0.09 3.88% 2.43

DiffGRU 4.64 ± 0.32 11.18% 8.22 2.44 ± 0.09 8.91% 6.34

Conv+LSTM 2.71 ± 0.12 6.79% 5.02 1.13 ± 0.08 3.80% 2.37

LSGC+LSTM 3.16 ± 0.23 7.51% 6.18 1.38 ± 0.12 4.54% 2.82

SGC+LSTM 2.64 ± 0.12 6.52% 4.8 1.07 ± 0.08 3.74% 2.28

TGC-LSTM 2.57 ± 0.10 6.01% 4.63 1.02 ± 0.07 3.28% 2.18

Table 4.2: Performance comparison of different approaches. (The number of hops k is set as 3 in the graph

convolution related model)
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Figure 4.3: Histogram of performance comparison for the influence of orders (hops) of graph convolution

in the TGC LSTM on INRIX and LOOP datasets.

than all other approaches. It should be noted that, for the INRIX data, during the nighttime or

off-peak hours when there are no observed speed values on specific roads, the missing speed

values are comprehensively imputed by the data provider. Thus, there are few variations at the

non-peak hours in the INRIX data. Further, the speed values in the INRIX data are all integers.

Therefore, the calculated errors of the INRIX data is less than that of the LOOP data and the

evaluated performance on INRIX data is inflated somewhat.

Figure 4.3 shows a histogram of performance comparison on the effects of orders (hops) of the

graph convolution in the TGC-LSTM. The model performance is improved when the value of K

increases. For the LOOP data, the performance improves slightly when K is gradually increased.

But for the INRIX data, there is a big improvement in when K increases to two from one. The

complex structure and the various road types in the INRIX traffic network could be the main

reason for this performing difference. Further, when K is larger than two, the improvement of the

prediction is quite limited. This is also the reason why we choose K=3 in the model comparison

part, as shown in TABLE 4.2.
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4.7.1 Training Efficiency

In this subsection, we compare the training efficiency of the proposed model and other LSTM-

based models. Figure 4.4a shows the validation loss curves versus the training epoch. Due to the

early stopping mechanism is used in the training process, the numbers of training epochs are

different. The TGC-LSTM needs less epochs to converge than the SGC+LSTM and the LSGC+LSTM.

In addition, the loss of the TGC-LSTM decreases fastest among the compared models. Figure 4.4b

shows the comparison of the training time per epoch of different models. The training cost of

Conv+LSTM is between that of LSTM and SGC+LSTM. TGC-LSTM costs twice as much as LSTM

does. The time required for SGC+LSTM is less than that for TGC-LSTM, while LSGC+LSTM costs

slightly more than TGC-LSTM. Figure 4.4c shows the training losses of TGC-LSTM with different

hops of graph convolution components. The rate of convergence increases when increasing the

number of hops, k. In our experiments, when k is larger than 3, the training and validation results

improve only marginally for both INRIX and LOOP datasets.

The model’s loss function can add regularization terms to avoid overfitting. The proposed

L1-norm on the graph convolution weights and L2-norm on the graph convolutional features can

further help the model to confine the learned weights and features. However, there is a trade-off

between the prediction accuracy and the scale of the penalty terms (λ1 and λ2). As tested, by

adding the regularization terms to the loss function with the penalty rates setting as 0.01, the

MAEs of the proposed model tested on the two datasets increase around 0.02, which are still

superior to baseline models. Meanwhile, the TGC weight sparsity is increased and the value of

the feature regularization R{2} is lower than that of the proposed model without regularization

terms in the loss function, which means the TGC features’ consistency is enhanced. Thus, it is

worth adding these regularization terms to the loss function to help the trained model to be

more interpretable. Figure 4.5 5 (a) and (b) show portions of the averaged graph convolution

weight matrices for the INRIX data and the LOOP data, respectively, where K = 3 and the average

weight is calculated by 1
K ∑K

i=1 Wi
⊙

Ãi⊙FFR. The road segment names, which are not displayed,

are aligned on the vertical and horizontal axes with the same order in each figure. The colored

dots in the matrices in Figure 4.5 (a) illustrate the weight of the contribution of a single node

to its neighboring nodes. Since we align the traffic states of roadway segments based on their
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(a) (b)

(c)

Figure 4.4: Validation loss versus training epoch (batch size = 40 and early stopping patience = 10 epochs).

(b) Histogram of model’s training time per epochs. (c) Compare training efficiency with different

K hops of TGC, i.e. training loss versus training iteration when batch size = 40. (The figures are

generated based on the LOOP data)

interconnectedness in the training data, most of the weights are distributed around the diagonal

line of the weight matrix. The INRIX network is more complex and the average degree of nodes in

the INRIX graph is higher than that in the LOOP graph. Hence, the dots in the average weight

matrix of the INRIX graph convolution are more scattered. But these dots still form multiple

clusters demonstrating the weights of several nearby or connected road segments. Considering

roadway segments are influenced by their neighboring or nearby connected segments, the nodes

with the large absolute weight in a cluster are very likely to be key road segments in the local

traffic network. In this way, we can infer the bottlenecks of the traffic network from the traffic

graph convolution weight matrices.
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4.7.2 Model Interpretation and Visualization

(a)

(b)

Figure 4.5: (a) Visualization of a proportion of the INRIX GC weight matrix, in which three representative

weight areas are tagged. ( Visualization of a proportion of the LOOP GC weight matrix, in which

four representative weight areas are tagged. (c) Visualization of the INRIX graph convolution

weight on the real traffic network using colored lines. (d) Visualization of the four tagged weight

areas in the LOOP graph convolution weight on the Seattle freeway network using colorful

circles.

To better understand the contribution of the graph convolution weight, we mark seven groups

of representative weights in Figure 4.5 (a) and (b) and visualize their physical locations on the real
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map in 4.5 (c) and (d), by highlighting them with Roman numerals and red boxes. The influence

of these marked weights on neighboring nodes in the INRIX and LOOP data are visualized by

lines and circles, respectively, considering the INRIX traffic network is too dense to use circles.

The darkness of the green and pink colors and the sizes of the circles represent the magnitude of

influence. It should be noted that the darkness of colors on lines on the INRIX map and the size

of the circles on the LOOP map will change when the model is trained with different scales of

regularization terms (λ1 and λ2).

From 4.5 (c), we can find the marked areas with dark colors in the INRIX GC weight matrix,

(I), (II), and (III), are all located at very busy and congested freeway entrance and exit ramps in

Seattle downtown area. In 4.5 (d), the area tagged with (IV) is quite representative because the

two groups of circles are located at the intersections between freeways and two main corridors

that represent the entrances to an island (Mercer Island). Areas (V) and (VI) are the intersections

between I-90 and I-405 and between I-5 and SR-520, respectively. The VII area located on SR-520

contains a frequent-congested ramp connecting to the city of Bellevue, the location of which is

highlighted by the biggest green circle. Additionally, there are many other representative areas

in the graph convolution weight matrix, but we cannot show all of them due to space limits. By

comparing the weight matrix with the physical realities of the traffic network, it can be shown

that the proposed method effectively captures spatial dependencies and helps to identify the most

influential points/segments in the traffic network.

Figure 4.6 visualizes the predicted traffic speed sequences and the ground truth of two locations

selected from the LOOP and INRIX dataset. Though the traffic networks of the two datasets are

very different, the curves demonstrate that the trends of the traffic speed are predicted well at

both peak traffic and off-peak hours.

4.8 chapter summary

In this chapter, we learn the traffic network as a graph and define a traffic graph convolution

operation to capture spatial features from the traffic network. The traffic graph convolution

incorporates the adjacency matrix and the proposed free-flow reachable matrix to extract localized

features from the graph. We propose a traffic graph convolutional LSTM neural network to forecast
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(a) Sensor ID: d005es16756 in LOOP dataset on 2015-01-04

(b) Sensor ID: 114P13774 in INRIX dataset on 2012-01-03.

Figure 4.6: Traffic time series forecasting visualization for LOOP and INRIX datasets on two randomly

selected days.

network-wide traffic states. We also design two regularization terms on the TGC weights and

TGC features, respectively, that can be added to the model’s loss function to help the learned TGC

weight to be more stable and interpretable. By evaluating on two real-world traffic datasets, our

approach is proved to be superior to the compared baseline models. In addition, the learned TGC

weight can help to identify the most influential roadways, and thus, enhance the interpretability

of the proposed model.

For future work, we will move forward to improve the model’s prediction performance in

terms of accuracy and robustness, and further investigate how to conduct the convolution on both

spatial and temporal dimensions to make the neural network more interpretable. 3

3 This chapter is a slightly modified version of "Traffic Graph Convolutional Recurrent Neural Network: A Deep

Learning Framework for Network-Scale Traffic Learning and Forecasting" published in IEEE Transactions on Intelligent

Transportation Systems and has been reproduced here with permission from IEEE. (doi: https://doi.org/10.1109/TITS.

2019.2950416)

66

https://doi.org/10.1109/TITS.2019.2950416
https://doi.org/10.1109/TITS.2019.2950416


5
L E A R N I N G T R A F F I C A S A G R A P H : A G AT E D G R A P H WAV E L E T

R E C U R R E N T N E U R A L N E T W O R K F O R N E T W O R K - S C A L E T R A F F I C

P R E D I C T I O N

5.1 overview

Traffic pattern recognition is critical for modern intelligent transportation systems (ITS) and the

planning for smart cities. A comprehensive recognition of historical urban traffic patterns is not

only capable of identifying the recurrent congestions and bottlenecks of urban traffic networks,

but also able to largely enhance the forecasting of future traffic states. As a component of ITS,

accurate network-wide traffic prediction is the prerequisite for dynamic route planning and

traffic assignment optimization. The growing need for short-term prediction of traffic parameters

embedded in ITS has led to a great deal of research on traffic forecasting in the last three decades

(Vlahogianni et al., 2004). Before the rise of artificial intelligence, traffic forecasting methods

have been gradually shifting from traditional statistical models to computational intelligence, or

say machine learning methods (Vlahogianni et al., 2014). With the exponentially increase in the

volume of traffic data and the computational capability, a large amount of deep learning models,

including recurrent neural network (RNN) (Ma et al., 2015), convolutional neural network (CNN)

(Ma et al., 2017), stacked autoencoder (Lv et al., 2015), and their combinations were adopted for

short-term traffic forecasting in recent years.
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5.1.1 Challenges in Network-wide Traffic Forecasting

Much previous research focusing on traffic prediction only studied a roadway segment or several

consecutive segments on a corridor. It is proved that using the information of multiple sensors/lo-

cations can help prediction models track short-term trends and enhance prediction performance

(Li et al., 2015). Thus, in order to enhance traffic prediction performance and bring the power

of artificial intelligence into real applications in the transportation field, it is inevitable to take

large-scale traffic networks as the study areas. Due to the complex structure of traffic networks,

there are several obvious hurdles in the traffic forecasting process.

The first question is how to represent the complex structure of a roadway network accurately?

An example of a complex traffic network is shown in Figure 5.1 (a). Previous studies attempted

to convert the traffic states of sensing locations in a roadway network into a 2D spatial-temporal

matrix (Ma et al., 2017) or convert the geometrical structure of urban roadway networks as

colored images (Yu et al., 2017a) for learning traffic states’ features, where an example is shown in

Figure 5.1 (b). However, in these ways, the topology of a roadway network cannot be adequately

represented and the relationship of the adjacent roadway segments can hardly be comprehensively

learned. To address this issue, many studies (Cui et al., 2019; Li et al., 2018; Yu et al., 2018; Zhang

et al., 2018) have proposed a more elegant way to consider the traffic network as a graph consisting

of vertices and edges denoting roadway segments and intersections, respectively, as shown in

Figure 5.1 (c). In this way, the topology of a traffic network can be comprehensively represented

by a graph.

Second, given considering the traffic network as a graph, designing an effective feature extraction

process for the non-linear structured data is also challenging. Some powerful mathematical tools,

such as graph convolution operator (Estrach et al., 2014; Henaff et al., 2015), have been adopted

to integrate graph features into the traffic forecasting problems (Cui et al., 2019; Li et al., 2018).

However, the original form of graph convolution is not well-localized, which means that, with

respect to a centered node, the graph convolution cannot learn features exclusively from its

neighboring nodes within a specific scale. Although Defferrard et al. (2016) proposed a fast

localized spectral filter to enable the localization of the graph convolution, the receptive field
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is still not flexible. The neighboring field of a centered node is strictly confined by a ball of a

designated radius covering a corresponding amount of hops of neighboring nodes.

Thus, the third issue is the lack of methods to enable the flexible local feature extraction process

in a traffic prediction model. As shown in (Li et al., 2015), traffic time series have long-term

and short-term trends. Generally, the traffic state of a road is mainly affected by its neighboring

roads. However, some key roadway segments, such as traffic bottlenecks or the ones with critical

incidents, can highly affect the operational performance of the entire traffic network. Thus, much

attention should be discriminatively paid to these segments in the feature extraction process.

The classical wavelet transform inherently with the localization property can capture the sudden

changes and detect peaks in a signal. Considering the spectral graph convolution is defined based

on Fourier transform (Shuman et al., 2013), analogously, wavelet transform can be extended to

the spectral domain as the graph wavelet (Hammond et al., 2011) to overcome the localization

problem in the graph convolution. Graph wavelets are localized in the vertex domain, reflecting

the information diffusion centered at each node. Based on the graph wavelet theory (Hammond

et al., 2011), Xu et al. first proposed the graph wavelet neural network to solve semi-supervised

classification problems. In the traffic modeling process, the graph wavelet can also be used to

flexibly extract comprehensive features and automatically concentrate more on critical segments

in the traffic network. Thus, we adopt the graph wavelet as a component of the proposed neural

network in this study.

In addition, a traffic network related dataset not only contains geospatial information but

also forms as temporal sequences. RNN and its variants, like long short-term memory (LSTM)

(Hochreiter and Schmidhuber, 1997) and gated recurrent unit (GRU) (Cho et al., 2014) neural

networks, have been proved to be the superior methods to deal with sequence data in multiple

fields. Since the traffic prediction is based on a long stream of historical data, the vanishing

gradient problem often occurs in the vanilla RNN. To overcome this problem, a gated structure

should be adopted in the prediction model.
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5.1.2 Contribution and Organization of the Chapter

To address these issues, we propose a new model for network-scale traffic learning and prediction.

In this study, we learn the traffic network as a graph. To overcome the localization problem in

graph convolution and make the receptive field more flexible, we adopt the graph wavelet as a key

component of the proposed neural network. The graph wavelet is localized in the vertex domain.

The graph wavelet operation considers both the traffic states of a road network and the underlying

topology structure of the network. In order to learn the spatial-temporal features from the traffic

network and fulfill traffic forecasting, we propose a graph wavelet gated recurrent neural network

(GWGR). As tested on two real-world traffic datasets, the proposed GWGR model achieves better

forecasting accuracy with fewer weight parameters comparing to existing benchmark models. The

contributions of this study are summarized as follows:

1. We learn the traffic network as a graph and incorporate the graph wavelet as a key component

to extract well-localized features from the traffic network based graph. Comparing to graph

convolution, graph wavelet is pretty flexible with no need to specify the neighboring area in

the topological graph structure for feature extraction. To the best of our knowledge, this is

the first time that a graph wavelet based neural network is utilized for traffic forecasting.

2. We propose a graph wavelet gated recurrent neural network to learn from the spatial-

temporal traffic network data, in which the graph wavelet operators act as filters in the gates

of the recurrent neural network.

3. The proposed graph wavelet gated recurrent neural network can achieve superior prediction

performance with fewer weight parameters and higher training efficiency, comparing to

many existing models.

4. The quantifiable learned weights of the graph wavelets turn out to be sparse. This sparse

property of learned weights can largely enhance the interpretability of the model and help

to identify the key roadway links in the traffic network.

The rest of this chapter is organized as follows. Section 5.2 discusses the related work. Section

5.3 introduces the wavelet transform and graph wavelet transform as the building block of the
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proposed method. Section 5.4 proposes the graph wavelet gate recurrent neural network in detail.

Section 5.5 presents the experimental settings. Section 5.6 shows the performance and the analysis

of several properties of the proposed model. In Section 5.7, we conclude this chapter and describe

the future directions of learning comprehensive features for traffic prediction.

5.2 related work

Previous traffic prediction methods can be categorized into two main groups, i.e. parametric ap-

proaches and nonparametric approaches (Lv et al., 2015). Parametric traffic prediction approaches

are developed based on a predefined model structure with several certain theoretical assumptions,

and parameters are calibrated using historical data (Smith et al., 2002). A variety of parametric

traffic prediction approaches were proposed, including many variants of autoregressive integrated

moving average (ARIMA) models (Williams, 2001), parametric Kalman filtering models (Okutani

and Stephanedes, 1984), and other types of time-series models (Ghosh et al., 2009). In order to

accommodate the stochastic and nonlinear nature of traffic flow, nonparametric approaches were

also widely adopted for traffic prediction or traffic data imputation, including k-nearest neighbor

(k-NN) methods (Chang et al., 2012), support vector regression (SVR) (Wu et al., 2004), Bayesian

network approaches (Sun et al., 2006), and tensor decomposition approach (Chen et al., 2019b). In

spite of classical traffic prediction models are well studied and applied, it is pretty difficult for

these models to deal with huge amount of large-scale network-wide traffic data.

Traffic prediction is widely studied in recent years with the rise of artificial intelligence. Existing

literature shows that deep neural network models achieve superior prediction performance

comparing to classical traffic prediction models. Due to traffic prediction is based on historical

sequence data, most of the existing deep learning models (Cui et al., 2017; Ma et al., 2015; Pu

et al., 2019; Wang et al., 2019a) are built on RNN and its variants like LSTM and GRU. Because of

the spatiotemporal characteristics of traffic data, a large amount of other types of deep learning

models, including convolutional neural network (CNN) (Ma et al., 2017), stacked autoencoder (Lv

et al., 2015)), generative adversarial network (GAN) (Liang et al., 2018), and capsule network (Ma

et al., 2020), and multiple combinations (Cui et al., 2017; Ke et al., 2020; Liao et al., 2018; Lv et al.,

2018; Wu et al., 2018) of these models were utilized to capture spatial features and estimate traffic

71



states. However, there is still much room for the aforementioned models to improve their feature

extraction when taking the complicated nature of the traffic network structure into consideration.

Due to many real-world data are non-linear structured data, graph based deep learning models

attracted much attention in recent years (Zhou and Li, 2017). Roadway network based traffic data

as a representative graph structured data can be effectively analyzed by taking many advantages

of graph based models. Graph embedding methods (Yao et al., 2018) and graph attention networks

(Zhang et al., 2018) have been adopted as components of neural network structures to deal with

spatiotemporal traffic prediction problems. Based on the spectral graph theory (Shuman et al.,

2013), spatiotemporal graph convolution neural network (Yu et al., 2018), diffusion convolutional

recurrent neural network (Li et al., 2018), graph convolutional neural network with data-driven

graph filter (Lin et al., 2018), etc. are proposed for traffic forecasting. A traffic graph convolutional

recurrent neural network (Cui et al., 2019) incorporating the physical properties of roadways is

also proposed for improving forecasting accuracy and enhancing the interpretability of the model.

However, the interpretation and flexible localization of the feature extraction process in these

graph convolution based models are not well addressed and discussed. A recent work (Xu et al.,

2019) proposed the graph wavelet neural network to implement efficient convolution on graph

data to solve semi-supervised classification problems. In this study, inspired by the graph wavelet

neural network, we attempt to address those issues by adopting the graph wavelet as a component

of the proposed gated recurrent model.

5.3 preliminaries and notions

The spatial-temporal traffic data collected by sensors are normally denoted as X = [x0, x1, . . . , xt, . . . , xT−1] ∈

RT×N , in which T is the length of time steps and N is the number of traffic sensing locations.

Each element xn
t in X denotes the traffic status at t-th observation on the n-th location. Due to

most of traffic sensing locations are connected by bidirectional roadways, the traffic network

can be considered as an undirected graph consisting of vertices and edges representing sensing

locations and connecting links, respectively. The graph is denoted as G = (V , E , A) consisting

of N vertices or nodes vj ∈ V and their linking edges (vi, vj) ∈ E . For clearance, graph nodes

refer to vertices and they might be used interchangeably in this chapter. The adjacency matrix
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A ∈ RN×N is used to describe the connectedness of vertices, in which element Ai,j = Aj,i = 1

if vertices i and j are connected, otherwise Ai,j = 0 (Ai,i = 0). Then a diagonal graph degree

matrix D ∈ RN×N describing how many edges are attached to each vertex can be obtained by

Di,i = ∑N
j=1 Ai,j. The connectivity of the graph vertices can also be encoded in the graph Laplacian

matrix L, which is essential for spectral graph analysis. The combinatorial definition is L = D− A

and the normalized Laplacian matrix is defined as L = IN − D−1/2AD−1/2, where IN∈RN×N is

the identity matrix. Due to L is a symmetric positive semidefinite matrix, it can be diagonlaized as

L = UΛUTby eigenvector matrix U = [u0, u1, . . . , uN−1]∈RN×N and its corresponding diagonal

eigenvalue matrix Λ = diag(λ0, λ1, . . . , λN−1)∈RN×N satisfying Lui = λiui.

5.3.1 Graph Fourier Transform and Graph Convolution

The Fourier transform of a signal in the temporal domain can be regarded as the linear combination

over a set of Fourier basis with different frequencies in the frequency domain. The larger the

weight of a Fourier basis is, the more contribution the specific basis makes. Similarly, a graph

signal in the vertex domain can also be transformed into a combination of a set of base in the

frequency/spectral domain. The spectrum of graph Laplacian L carries a notion of frequency

represented by the eigenvectors that the eigenvectors associated with higher eigenvalues generally

have more zero crossings (Shuman et al., 2013). Taking the eigenvectors in U as the Fourier basis,

the graph Fourier transform on graph signal vector x ∈ RN can be defined as x̂ = UTx and

its inverse as x = Ux̂, where x̂ is the graph signal in the frequency domain. According to the

convolution theorem (Bracewell and Bracewell, 1986), the Fourier transform of a convolution is

the element-wise product of Fourier transform, and thus, the convolution operator ⊗G on graph G

can be generalized as:

f⊗Gx = U
(

f̂
⊙

x̂
)
= U

((
UT f

)⊙ (
UTx

))
(5.1)

where f is a filter function that can be considered as the convolutional kernel and
⊙

is the

element-wise multiplication operator. According to matrix multiplication rule, the UT f can be

replaced by a diagonal matrix f̂ (Λθ) and Equation 5.1 can be represented by

f⊗Gx = U f̂ (Λθ)UTx (5.2)
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where f̂ is the filter function in the frequency domain and Λθ is a diagonal parameter matrix.

When applying to deep learning models, the graph convolution of x is normally defined as

UΛθUTx, and here, Λθ is the diagonal weight matrix that should be learnt during the training

process.

The spectral graph convolution operator has been adopted in many neural network structures

(Estrach et al., 2014; Henaff et al., 2015). In those graph convolution layers, the diagonal matrix Λθ

acts as a learnable filter function and its diagonal elements are all learnable weight parameters.

However, due to the graph convolution operation is defined based on Fourier basis U, the

convolution result on one vertex of a graph signal comes from all vertices, i.e. the receptive field

of the graph convolution operator covers the whole graph structure. Thus, the graph convolution

is not well-localized in the vertex domain. To overcome this limitation, a polynomial filter is

proposed (Defferrard et al., 2016) to conduct graph convolution on one vertex from the signals of

its exactly k hops of neighboring vertices, functioning as a localized receptive field in conventional

CNNs. The filter is defined as

gθ =
K−1

∑
k=0

θkΛk (5.3)

where θ ∈ RK is the learnable polynomial coefficients and Λk is the k-order Laplacian diagonal

eigenvalue matrix. In this case, the graph convolution on the Laplacian is K-localized. To apply

the graph convolution in the transportation network learning and take the roadway physical

properties into consideration, a free flow reachability matrix is incorporated in the traffic graph

convolution (Cui et al., 2019).

However, in those existing methods, the hyperparameter K is still required to be specified to

decide the size of graph convolution receptive field, i.e. the hops of neighborhood nodes that

influence a centering node. Further, the receptive field confined by K is not flexible enough

considering that key vertices in a graph are normally not evenly distributed.

5.3.2 Wavelet Transform

Fourier transform can decompose a signal in the temporal domain into a combination of frequen-

cies, while wavelet transform can indicate when and where the frequencies contribute more, if a
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signal varies with time. The wavelet transform adopts a wavelet prototype function, i.e. mother

wavelet, to cut up signal data into different frequency components and studies each component

with a resolution matched to its scale (Bruna et al., 2013). A classical wavelet ψs,a of a function at

scale s and location a is constructed from the translated and scaled mother wavelet ψ:

ψs,a (x) =
1
s

ψ

(
x− a

s

)
(5.4)

And the wavelet coefficients W f (s, a) is acquired by convolving the input f (x) with wavelet:

W f (s, a) =
∫ ∞

−∞

1
s

ψ∗
(

x− a
s

)
f (x) dx (5.5)

in which (·)∗ denotes complex conjugate and ψ∗ equals to ψ for real-valued and even the mother

wavelet. Then the classical wavelet transform operator Ts for a scale s at location a can be denoted

by Ts f (a) = W f (s, a). Letting ψs (x) = 1
s ψ∗

(−x
s

)
, the operator Ts can be written as:

Ts f (a) =
∫ ∞

−∞

1
s

ψ∗
(

x− a
s

)
f (x) dx =

∫ ∞

−∞

1
s

ψs (a− x) f (x) dx =
(
ψs ⊗ f

)
(a) (5.6)

where ⊗ is the convolution theorem. Taking the Fourier transform and applying the convolution

theorem, we can get:

T̂s f (ω) = ψ̂s (ω) f̂ (ω) (5.7)

where ω is a frequency component after the Fourier transform. Based on the scaling properties

of the Fourier transform, ψ̂s (ω) = ψ̂∗ (sω). Then by inverting the Fourier transform we can the

classical wavelet transform as:

(Ts f ) (x) =
1

2π

∫ ∞

−∞
eiωxψ̂∗ (sω) f̂ (ω) dω (5.8)

By applying an impulse function, δa (x) = δ (x− a), on the wavelet operator, we can localize the

real-valued wavelet as

(Tsδa) (x) =
1
s

ψ∗
(

a− x
s

)
= ψs,a (x) (5.9)

The fundamental idea of wavelet transform is to analyze the data/signal according to a scale s at

whatever location a. A vivid interpretation of wavelet analysis can be described as following: the

mother wavelet acts as a window. If we look at a signal with a large “window”, we would notice

the gross feature, while if we take a small “window”, we would notice small features. The wavelet

transform can help to see both the forest (gross features) and the trees (small features) (Bruna

et al., 2013).
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5.3.3 Graph Wavelet Transform

Similar to graph convolution transform, graph wavelet transform also converts graph signal from

vertex domain to spectral domain. The graph wavelet transform conducted on the graph Laplacian

matrix is represented by a wavelet operator defined as Ts
g = g(sL) with a kernel g at scale s, where

the kernel g acts the mother wavelet in classical wavelet transform. Although the vertex domain

of the graph is discrete, this kernel g is defined in the continuous domain, and thus, the scaling

parameter s can be assigned as any positive real value.

The wavelet operator acts on a given function f in the spectral domain is fulfilled by modulating

each Fourier mode of f as

T̂s
g f (i) = g (sλi) f̂ (i) (5.10)

where λi is the i-th eigenvalue of L. Applying inverse Fourier transform, the wavelet operator acts

on f in the vertex domain can be defined as(
Ts

g f
)
(m) =

N−1

∑
i=0

g (sλi) f̂ (i) ui (5.11)

where m ∈ {0, . . . , N − 1} is an index of the m-th element/vertex in the graph. Equally, the

spectral graph wavelet transform on a single vertex n can be calculated by applying the wavelet

operator to a delta impulse function δn as

ψs,n = Ts
gδn (5.12)

where ψs,n ∈ RN . Similar to the graph wavelet transform performed on vertex n from any vertex

m is obtained as:

ψs,n (m) =
N−1

∑
i=0

g (sλi)u∗i (n) ui (m) (5.13)

where u∗i should be the conjugate eigenvector. Mathematically, based on Equation 5.13, the

graph wavelet coefficients of all the vertices can be written as

Ψs = UGsUT (5.14)

where U is the matrix formed by Laplacian eigenvectors and Gs = diag (g (sλ0) , . . . , g (sλN−1)) is

a diagonal kernel matrix. The graph wavelet set Ψs = (ψs,0, . . . , ψs,N−1) ∈ RN×N can be considered
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as the graph wavelet basis. Hence, according to (Xu et al., 2019), the graph wavelet transform of

a graph signal x is defined as x̂ = Ψ−1
s x and the inverse graph wavelet transform is defined as

x = Ψs x̂.

As stated by (Pérez-Rendón and Robles, 2004), the convolution theorem holds for continuous

admissible wavelet transform that ̂(Ψ1 ⊗Ψ2)(ω) = Ψ̂1(ω)Ψ̂2(ω), where Ψ1 and Ψ2 are two wavelet

functions, ⊗ is the convolution operator, and ω is the signal in Fourier domain. Analogously, the

graph convolution based on graph wavelet transform is defined as

f⊗Gx = Ψs

((
Ψs
−1 f

)
�
(

Ψs
−1x
))

(5.15)

which is similar to the graph Fourier transform based graph convolution. Compare to graph

Fourier transform, the graph wavelet transform based graph convolution has multiple good

properties:

1. Since the structure of traffic network usually does not change, the graph wavelet matrix Ψs

can be calculated in advance to make the training and testing process more efficient. The

Chebyshev polynomial approximation of Ψs can make the calculation even more efficient

(Xu et al., 2019).

2. The graph wavelet is well-localized in vertex domain, due to each wavelet coefficient

measures the significance of the signals on a centered vertex to neighboring vertices with

respect to a certain scale in the graph.

3. The wavelet coefficient matrix Ψs and Ψs
−1 are normally highly sparse, especially for the

graphs extracted from real-world traffic networks. Then, the computation can be more

efficient when the sparse matrix operation is incorporated in the neural network.

5.4 graph wavelet gated recurrent neural network

To extract the spatial-temporal features on each vertex of the graph constructed from a roadway

network, we propose a graph wavelet gated recurrent (GWGR) neural network. Similar to LSTM,

the GWGR has several gate units to filter out or add information to the cell state. The difference

is that the gate units in GWGR are defined based on a graph wavelet matrix. The framework of
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Figure 5.1: Demonstration of model framework. (a) Urban traffic network in downtown Seattle. (b) Speed

information of roadway segments illustrated by various colors. (c) Graph structure converted

from the traffic network. (d) Structure of a graph wavelet LSTM unit at time t, in which g is the

kernel function and Ψs is the graph wavelet matrix.

the proposed model is shown in Figure 5.1 (d). At time t, the network-wide speed information

shown in Figure 5.1 (b) is converted into a vector xt as the input of the model. The traffic network

structure is converted into a graph, as shown in Figure 5.1 (c). The graph wavelet is fixed for all

time steps and it is designed based the Laplacian matrix and a kernel function.

In the proposed model, the graph wavelet coefficient matrix Ψs is defined in Equation 5.14.

We adopt the heat kernel g (sλi) = e−sλi and the Ψ−1
s is easily obtained by replacing g (sλi) with

g (−sλi). Then the GWGR is defined by the following equations:

ft = σg

(
ΨsΛ

x
f Ψ
−1
s xt−1 + ΨsΛ

h
f Ψ
−1
s h

t−1
+ b f

)
(5.16)

it = σg

(
ΨsΛ

x
i Ψ−1

s xt−1 + ΨsΛ
h
i Ψ−1

s ht−1 + bi

)
(5.17)

ot = σg

(
ΨsΛ

x
o Ψ−1

s xt−1 + ΨsΛ
h
oΨ−1

s ht−1 + bo

)
(5.18)

C̃t = tanh
(

ΨsΛ
x
CΨ−1

s xt−1 + ΨsΛ
h
CΨ−1

s ht−1 + bC

)
(5.19)
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where ft, it, ot and C̃t ∈ RN are the outputs of the forget gate, input gate, output gate and the

input memory cell. Λx
f , Λx

i , Λx
o , and Λx

C∈RN×N are diagonal weight matrices that filter the input

xt to the three gates and the memory cell with the help of graph wavelet matrix. Similarly Λh
f , Λh

i ,

Λh
o , and Λh

C∈RN×Nare also diagonal weight matrices for the preceding hidden state ht. b f , bi, bo,

and bC∈RN are four bias weight vectors. In this way, we call those matrices with the form like

ΨsΛΨ−1
s as graph wavelet weight matrices in GWGR. The σg is the sigmoid activation function

and tanh is the hyperbolic tangent function. Then the cell state Ct and the hidden state ht at time

t are calculated as follows

Ct = ft � Ct−1 + it � C̃t (5.20)

ht = ot � tanh (Ct) (5.21)

The ht∈RN is also the output of the GWGR unit at time t. Given the input sequence X =

[x0, x1, . . . , xT−1] ∈ RT×N , the predicted value of the future step is x̂T = hT. If we only need to

predict traffic data for one future step, the loss function of the model can be defined as

Loss = Loss (x̂T − xT) = Loss (hT − xT) (5.22)

where Loss (·) is the loss function, normally adopting the mean square error function of the traffic

prediction problem.

5.5 experimental setting

5.5.1 Dataset Description

The proposed model is tested on two real-world datasets covering a freeway network and a more

complicated urban roadway network, respectively.

Freeway Traffic Dataset (Cui et al., 2017): The data in this dataset is collected by inductive

loop detectors deployed on the Seattle freeway system covering four connected freeways in

the Great Seattle areas, including I-5, I-90, I-405, and SR-520, as shown in Figure 5.2 (b). The
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Figure 5.2: (a) Urban traffic dataset covering the downtown Seattle urban corridors. (b) Freeway traffic data

covering freeway system in Seattle area.

raw data contains three basic traffic flow characteristics, including traffic speed, volume, and

density. After the dataset was comprehensively checked and cleaned (Wang et al., 2016), only the

high-quality speed information in 2015 is used in the experiment. The traffic network contains

323 traffic sensing locations, i.e. N = 323. The time interval is 5-minute. The speed data is well-

formatted and there is no missing value. This dataset is also published via an accessible link:

https://github.com/zhiyongc/Seattle-Loop-Data.

Urban Traffic Dataset: This dataset originated from the National Performance Management

Research Data Set (NPMRDS) data (FHWA, 2019). This dataset contains the speed data of roadway

links in the Seattle downtown area, which is mostly collected by probe vehicles. In this area, the

road network is very complex that it contains principal arterials, minor arterials, one-way streets,

freeways, ramps, express lanes, etc. This dataset covers the year of 2012 and the time interval is

also 5-minute. The roadway network contains more than 1000 roadway links, but we select the

largest connected roadway network containing 745 segments in the experiment, i.e. N= 745, as

shown in Figure 5.2 (a). For confidentiality reasons, this dataset is not allowed to be published at

this stage.
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It should be noted that the speed values of each dataset are normalized to [0,1] in the training

and testing process using the following equation:

X =
X−min (X)

max (X) −min (X)
(5.23)

Due to this study mainly focuses on developing a new neural network structure to extract

spatiotemporal features and forecast network-scale traffic status, some other traffic-related datasets,

like weather data and incident data, are not incorporated in this study.

5.5.2 Baseline Models and Metrics

Baseline Models: We compare the proposed model with the following baseline models:

1. ARIMA (Hamed et al., 1995): the auto-regressive integrated moving average model. The

model is tested by using the StatsModels 0.9.0 package (Seabold and Perktold, 2010) and the

model parameters are set as default;

2. SVR (Wu et al., 2004): the support vector regression with the radial basis function kernel.

The model is tested by using the scikit-learn package (Pedregosa et al., 2011) and the model

parameters are set as default;

3. FNN: a feed-forward neural network with two hidden layers, i.e. the multi-layer perceptron

model. The dimension of the hidden layers equals the number of roadway locations/links,

i.e. N;

4. LSTM (Ma et al., 2015): a long short-term memory neural network;

5. SGC+LSTM: a spectral graph convolution neural network stacked with an LSTM;

6. LSGC+LSTM: a localized graph convolution neural network (Defferrard et al., 2016) stacked

with an LSTM, in which the hop of graph convolution is set as 3;
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7. STGCN: Spatio-Temporal Graph Convolutional Networks, which is implemented used the

source code 1. The parameters of this model are kept the same as the source code in this

experiment.

8. TGCLSTM (Cui et al., 2019): a traffic graph convolution LSTM incorporating the roadway

physical properties. The hop of traffic graph convolution is also set as 3.

All the baseline models are implemented or imported from existing packages using Python

3.6.8. The deep learning based models are all implemented from scratch by the authors based on

Pytorch 1.0.1. These baseline models are trained and tested on a Windows 10 computer with 32GB

random-access memory (RAM) and one NVIDIA GTX 1080 Ti GPU with 11GB memory.

Hyper-parameters: The spatial dimension N is set according to the tested datasets mentioned

in Section 4.1. The temporal dimension of the input sequence is set as 10, i.e. T = 10. Based on

the empirical tuning, the graph wavelet kernel scale s is set as 0.08 for both datasets. For both

datasets, the samples are randomized and divided into training, validation, and testing sets with a

ratio of 7:2:1. The batch size is set as 40 and the training loss is based on mean square error (MSE).

Since the RMSProp (Tieleman and Hinton, 2012) works well for RNNs, it is used as the gradient

descent optimizer whose alpha (smoothing constant) is set as 0.99 and epsilon (the term added to

the denominator to improve numerical stability) is set as 10−8.

Due to the tested models have different amounts of weight parameters, the best learning rates

for these models are also different. In the training process, for the GWGR model, the initial

learning rate for the first 10 epochs is set as 0.01 and it decreases one order of magnitude every 10

epochs after the 10
th epoch. For other LSTM based models, based on the hyper-parameter tuning,

the initial learning rate is set as 10−5. In addition, the early stopping strategy is applied to the

validation set to avoid overfitting. The training process will stop if the validation error cannot

decrease 10−5 MSE within 10 patience steps.

Evaluation metrics: The performances of all tested models are evaluated by three metrics,

including mean absolute error (MAE), mean absolute percentage error (MAPE), and root mean

square error (RMSE):

MAE =
1
n

n

∑
i=1
|xi − x̂i|# (24) (5.24)

1 https://github.com/FelixOpolka/STGCN-PyTorch
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Model
Urban Traffic Dataset Freeway Traffic Dataset Order of Magnitude

of Weight SizeMAE RMSE MAPE MAE RMSE MAPE

ARIMA 4.8 0.32 13.51% 6.1 1.09 13.85%

SVR 4.78 0.37 13.37% 6.85 1.17 14.39%

FNN 2.31 0.17 8.35% 4.45 0.81 10.19% N2

LSTM 1.14 0.09 3.88% 2.7 0.18 6.83% N2

SGC+LSTM 1.07 0.08 3.74% 2.64 0.12 6.52% N2

LSGC+LSTM 1.38 0.12 4.54% 3.16 0.23 7.51% N2

TGCLSTM 1.02 0.07 3.28% 2.57 0.1 6.01% N2

STGCN 1.34 0.09 4.33% 2.64 0.1 6.12% N

GWGR 0.93 0.07 2.67% 2.48 0.11 5.44% N

Table 5.1: Prediction performance comparison for both datasets. (The weight matrices in LSTM and GWGR

has N2 and N weight parameters, respectively)

MAPE =
1
n

n

∑
i=1

∣∣∣∣ xi − x̂i

xi

∣∣∣∣ (5.25)

RMSE =

(
1
n

n

∑
i=1
|xi − x̂i|2

)1/2

(5.26)

where xi is the observed value and the x̂i is the predicted value.

5.6 experimental results

The tested prediction metrics of the urban traffic dataset and the freeway traffic dataset are shown

in Table 5.1. The last column also shows the orders of magnitude of weight parameters in the

tested neural networks with respect to the spatial dimension N. If the model is not based on

neural network structures, such as ARIMA and SVR, the corresponding cell is intentionally left

blank with a diagonal line.
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The proposed GWGR outperforms all other compared models in terms of the prediction accuracy.

In addition, the GWGR model requires one fewer order of magnitude of weight parameters than

other models. We can notice that the deep learning based models apparently work better than

ARIMA and SVR for both datasets, which means the classical prediction methods do not have

enough power to handle the large-scale traffic prediction problem. Among the deep learning

models, the FNN does not perform as good as the other LSTM-based models. The prediction

MAEs of the LSTM drop to 1.14 and 2.7 miles per hour (mph) on the urban and freeway traffic

datasets, respectively, which is a pretty good performance. The SGC+LSTM and TGCLSTM

have much prediction improvement on the urban traffic dataset with respect to LSTM. But the

LSGC+LSTM has worse results comparing to LSTM, which may be caused by the small number

of weight parameters in the localized graph convolution. The GWGR obviously achieves superior

prediction results in terms of MAE and MAPE.

Although the GWGR, SGC+LSTM, and TGCLSTM all have the gated recurrent structure and

take the graph adjacency matrix A as a model component, Table 5.1 reveals that their capabilities

of capturing spatiotemporal features from a road network based graph are totally different. The

GWGR apparently works better and needs fewer weight parameters. The fewer weight parameters

definitely reduce the complexity of the model, and thus, greatly enhance the interpretability of

the model. Further, considering the weight matrices, such as ΨsΛ
x
f Ψ
−1
s , of the GWGR are sparse,

the GWGR has the great opportunity to speed up the prediction by conducting sparse matrix

multiplication and to find out the key links in the traffic network by analyzing the influentialness

of each graph vertex.

5.6.1 Training Efficiency

The training efficiency of all LSTM-based models is demonstrated in this section. Figure 5.3

(a) shows the validation loss versus training epoch tested on the freeway traffic dataset. All

the compared LSTM-based models, including LSTM, SGC+LSTM, and TGCLSTM, have N2

magnitude of weight parameters. Comparatively, TGCLSTM converges much faster than LSTM

and SGC+LSTM. The STGCN and GWGR contain less weight parameters and converge faster.

During the training process, the validation loss of GWGR decrease smoother than that of STGCN.
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(a) (b)

Figure 5.3: (a) Validation loss versus training epoch, tested on the freeway traffic dataset. (b) Training time

per epoch, tested on both datasets.

In this study, the initial learning rate of GWGR is 10−2 and the GWGR nearly converges after 10

training epochs, which is a really fast training process.

Figure 5.3 (b) illustrates the training time per epoch on both datasets. Since the GWGR contains

more matrix multiplication operations, such as ΨsΛ
x
f Ψ
−1
s , in the gate units, the running time of

GWGR definitely is more than the vanilla LSTM. SGC+LSTM’s training time per epoch is less

than that of GWGR, while the training times per epoch of TGCLSTM and LSGC+LSTM are even

more. Besides, STGCN also take more time per training epoch than GWGR. The training time

per epoch of is also Considering that GWGR needs far less training epochs, the proposed GWGR

model is still the most efficient one, comparing to the LSTM-based baseline models.

5.6.2 Graph Wavelet Weight Analysis

The model parameters of the GWGR consist of eight weight vectors and four bias vectors. The

eight weight vectors are converted into diagonal weight matrices, such as Λx
f , and multiplied

by graph wavelet matrices (Ψs and Ψ−1
s ) to form the graph wavelet weight matrices, such as

ΨsΛ
x
f Ψ
−1
s in the forget gate units, as shown in Equation (5.16-5.19). Due to the graph wavelet

weight matrices are sparse and the size of the weight parameter is only 8N which is far fewer

than N2, the proposed GWGR is more interpretable than other LSTM based models.
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(a) (b)

(c)

Figure 5.4: Graph wavelet weight matrix interpretation and visualization, taking the urban traffic dataset as

an example. (a) Visualization of the left top part of forget gate input weight matrix ΨsΛx
f Ψ−1 ,

which is sparse and symmetric. (b) Scatter plot of the 9-th row of ΨsΛx
f Ψ−1 . (c) Visualization of

weight on the 9-th row of ΨsΛx
f Ψ−1 on the graph with a Kamada-Kawai layout.

In this section, the graph wavelet weight matrix of the input in the forget gate, ΨsΛ
x
f Ψ
−1
s ,

is selected from the GWGR tested on the urban traffic dataset and visualized to show the

interpretability of the GWGR. Figure 5.4 (a) shows a squared section on the left top side of

ΨsΛ
x
f Ψ
−1
s containing 40 rows and 40 columns, which is sparse and symmetric. Since the ΨsΛ

x
f Ψ
−1
s
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multiplies the input xt in the forget gate, the colored pixels are the weights measuring the

interactions between the speed values on different graph vertices, namely different roadway links.

When taking the 9-th row of ΨsΛ
x
f Ψ
−1
s as an example, which contains an obvious blue dot at

the 9-th column in Figure 5.4 (a), the columns with weight values away from zero are the ones

contribute more to generate the filtered values of the 9-th graph vertex in the forget gate. Figure

5.4 (b) illustrates all the weight values of the 9-th row of ΨsΛ
x
f Ψ
−1
s . It can be found that only a

small portion of points are away from zero. The 9-th vertex contributes the most to itself in this

forget gate, since the absolute value of the weight value (the dark blue dot) which is around

7.1, is the highest. Further, from Figure 5.4 (b), it can be distinguished that some points with

higher absolute weight values are far away from the 9-th points in terms of the index of the graph

vertex. However, the distance between indices of vertices might not be the actual distance between

vertices in the graph.

To measure whether those graph vertices with higher absolute weight values are away from the

9-th vertex in the graph, the graph structure with a Kamada-Kawai layout is visualized in Figure

5.4 (c). It is easy to find a dark blue point in Figure 5.4 (c), which is the 9-th vertex. Then, some

other light red and light blue vertices are found to be far away from the 9-th vertex in the graph.

This implies the graph wavelet transform operation works well that a graph vertex is not only

influenced by its neighbors but also influenced by some other vertices, which might be the key

vertices in the graph or the hotspot links in the traffic network. This sparse property of the graph

wavelet is quite different from the localized graph convolution, whose vertices are only influenced

by fixed hops of neighboring vertices in the graph.

5.6.3 Graph Wavelet Weight Matrix Sparsity Analysis and Traffic Hotspot Detection

Section 4.5 presents the analysis of weight sparsity of the graph wavelet in GWGR by visualizing

one of the weight matrices (ΨsΛ
x
f Ψ
−1
s ) based on the urban traffic dataset. However, in this section,

we quantify the sparsity of all the eight graph wavelet matrices simultaneously in order to find

the most influential vertices in the graph, i.e. the most influential roadway links in the traffic

network. Since the urban traffic dataset has a more complicated traffic network, it is still used for

an example in this section.
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Figure 5.5: Percentage of elements in the graph wavelet weight matrices that is larger than the threshold

Figure 5.5 shows eight curves depicting how many element values in a graph wavelet weight

matrix are larger than the thresholds represented by the x-axis. It can be noticed that, for all the

eight matrices, only around 8% of the matrix elements are larger than 10−2 and only around 20%

of the matrix elements are larger than 10−4. Thus, it is proved that the graph wavelet is very

sparse.

As tested, the values on the diagonal line of the graph wavelet weight matrices are normally

larger than the non-diagonal values, which makes sense that the states of vertices tend to contribute

more to themselves to generate future states. To measure the interactions between vertices and strip

the vertices’ self-influence out, we set all the diagonal values of the eight graph wavelet weight

matrices to zero and these formatted matrices are denoted as ΨsΛΨ−1
s
∗, where (ΨsΛΨ−1

s
∗
)ij = 0

if i = j, otherwise (ΨsΛΨ−1
s
∗
)ij = (ΨsΛΨ−1

s )ij. Here, the diagonal weight matrix is denoted as

Λ∈{Λx
f , Λx

i , Λx
o , Λx

C, Λh
f , Λh

i , Λh
o , Λh

C} for simplicity.

Since these formatted matrices are all sparse, the norm functions are good indicators to show the

scale/magnitude of a matrix. Here, we choose to calculate the squared `2-norm of each formatted

weight matrices, i.e.
∥∥∥ΨsΛΨ−1

s
∗
∥∥∥2

2
, to measure the interactions between vertices. The `2-norm

of matrix M ∈ RP×Q is defined as
√

∑P
i=1 ∑Q

j=1 M2
ij. Intuitively, if a weight matrix has a larger

squared `2-norm, it has larger absolute element values and contributes more to generate outputs.
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(a)

(b) (c)

Figure 5.6: (a) Bar chart of column-wise squared `2-norms of each graph wavelet matrix. Eight column-

wise squared `2-norms calculated from the eight graph wavelet weight matrices are stacked.

A horizontal dashed line shows the threshold of the top 5 percentage of sums of squared

`2-norms. (b) Squared `2-norms of formatted graph wavelet weight matrices, i.e. ||ΨsΛx
f Ψ−1||22.

(c) Visualization of traffic network based on the urban traffic dataset. The roadway links having

more impacts on other links (with top 5 percentage of largest column-wise squared `2-norms)

are highlighted with red color.

Figure 5.6 (b) shows that the squared `2-norms in the forget gate and the input gate is larger

than that of the output gate and the memory cell in GWGR. This implies the forget and input

gates play more important roles during the prediction process, which is mutually corroborated by

Greff et al. (2017) that the forget gate makes the LSTM-based structures more effective. Since the
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vertices’ self-influence has been stripped out, these norm values also reveal that the graph vertices

have more interactions in the forget and input gates during the prediction process.

Further, to identify the most influential vertices in the graph, we analyze the column-wise

squared `2-norms of the eight formatted weight matrices. Actually, the column-wise squared `2-

norms equals to the column-wise squared `2-norms, since the formatted weight matrix ΨsΛΨ−1
s
∗

is still symmetric. Mathematically, the column-wise squared `2-norms of the k-th column of

ΨsΛΨ−1
s
∗ can be written as ∑N

i=1 (ΨsΛΨ−1
s
∗
)

2
ik. Figure 5.6 (a) shows a bar chart, in which the

stacked bars demonstrates the column-wise squared `2-norms of the eight formatted weight

matrices. The height of each bar indicates the sum of the squared `2-norms of the eight formatted

weight matrices at each corresponding column. In this way, the larger the total height of a bar is,

the more impacts the graph vertex with the corresponding column index has on other vertices.

It can be noticed that this bar chart is pretty sparse and a large portion of the sums of squared

`2-norms are close to zero. To identify the most influential links in the traffic network, we select the

columns with top 5 percentage of the sums of squared `2-norms and visualize these corresponding

links on the real map, as shown in Figure 5.6 (c). There are 37 selected roadway links in total,

which are highlighted with red color. Based on empirical investigation, these selected links are

mostly located on principal arterials, intersections, freeways and freeway ramps, which are highly

possible to be the hotspots in the urban traffic networks.

5.6.4 Case Analysis on Two Tested Datasets

In this section, we compare the predicted speed values with the ground truth at roadway segments

selected from both the urban traffic dataset and the freeway traffic dataset, as shown in Figure

5.7. All the predicted value curves and the ground truth covers fit well. Figure 5.7 (a) and (b)

display the speed values on two different roadway links selected from the urban traffic dataset.

Due to the urban area contains various types of roadways and the traffic flows are controlled by a

large number of traffic lights, the urban traffic pattern is more complicated. Figure 5.7 (b) shows

the speed values extracted from an urban corridor which are apparently smaller than the speed

values extracted from a highway link, as shown in Figure 5.7 (a). Figure 5.7 (c) and (d) depict
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(a) Urban traffic dataset. Highway link. Road link ID: 114+04554. December 03-09, 2012.

(b) Urban traffic dataset. Urban corridor. Road link ID: 114+08028. December 03-09, 2012.

(c) Freeway traffic dataset. The sensor locates at milepost 150 of I-5, southbound. December 07-13, 2015.

(d) Freeway traffic dataset. The sensor locates at milepost 167of I-5, southbound. December 07-13, 2015.

Figure 5.7: Comparison of ground truth and predicted speed values tested on both datasets.

the speed values of two sensing locations selected from the freeway traffic dataset, which have

different peak hours.

The time spans of the four sub-figures all last for one week. The difference in traffic patterns

between weekdays and the weekend is also very obvious that traffic speed values fluctuate less

during the weekend. In addition, we can observe that the variation of ground truth values of the

urban traffic data is smaller than that of the freeway traffic data, especially at midnight, which leads
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the prediction error of urban traffic data is relatively smaller. In summary, as demonstrated by these

figures, the proposed GWGR model has the ability to make reliable predictions simultaneously

for various roadways in the traffic network.

5.6.5 Residual Analysis

Due to residual is an important indicator to evaluate whether a model is systematically correct,

the residuals of the predictions are analyzed in this section. The residual r equals the ground

truth value subtracts the predicted value, i.e. r = x− x̂. Figure 5.8 (a) and (b) shows the residual

distributions of the testing sets of both urban and freeway traffic datasets. Basically, the residuals

of both tested datasets follow normal distributions with zero means. Although the proposed

GWGR model is far more complicated than a regression model, the residual distributions with

zero mean indicate the trained GWGR model has acquired sufficient predictive information.

Moreover, due to traffic prediction accuracy is highly influenced by temporal information, such

as the time of day, the residuals with regard to the hour of day are also evaluated by drawing

boxplots, as presented in Figure 5.8 (c) and (d). Figure 5.7 (c) shows that the residuals of urban

traffic data tend to be positive in the day time. It reveals that the traffic speed of roads in the

urban area might have more chances to suddenly increase in the day time, taking the case shown

in Figure 5.7 (b) as an example, leading that the predicted values are smaller than the ground

truth. In the opposite, Figure 5.8 (d) shows that, at peak hours, the residuals of freeway traffic

data tend to be negative. It also makes sense that the sudden drops of the traffic speed at rush

hours will possibly result in the predicted values are larger than the ground truth. Overall, the

residuals presented in Figure 5.8 (c) and (d) are distributed around the zero lines indicating the

proposed model is capable of fitting datasets with different complexities and traffic patterns and

achieving good prediction performance.
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(a) Residual distribution of the testing set (urban traffic

dataset)

(b) Residual distribution of the testing set (freeway

traffic dataset)

(c) Boxplot of residual w.r.t. hour of day (urban traffic

dataset)

(d) Boxplot of residual w.r.t. hour of day (freeway traffic

dataset)

Figure 5.8: Residual analysis plots generated based on both the urban traffic dataset and the freeway traffic

dataset.

5.7 chapter summary

In this chapter, we propose a graph wavelet gated recurrent neural network to predict network-

scale traffic speed information. Since that traffic status on a road segment is highly influenced by

the upstream/downstream segments and nearby bottlenecks in the traffic network, we consider

the traffic network as a graph and learn flexible neighboring features from each graph node. The

graph wavelet is incorporated as a key component responsible for extracting localized spatial

feature. Comparing to graph convolution based model, the proposed GWGR model is more

flexible, because it does not need to specify the order of hops for the vertices in the graph. To
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the best of our knowledge, this is the first time that a graph wavelet based neural network is

utilized for traffic forecasting. The GWGR model is tested on two real-world traffic datasets and

the experimental results show that it can achieve superior prediction performance comparing to

multiple classical and deep learning based models. Moreover, the GWGR contains less weight

parameters than other LSTM-based models and achieves higher training efficiency. In addition,

the model’s sparse weight matrices are comprehensively analyzed and visualized. The sparsity of

the weight matrices can help interpret the model and identify the most influential vertices in the

traffic network based graph.

In the future, we will investigate more on the interpretation of the graph wavelet and apply

graph based theories for the reasoning of traffic congestions. 2

2 This chapter is a slightly modified version of "Learning Traffic as a Graph: A Gated Graph Wavelet Recurrent Neural

Network for Network-scale Traffic Prediction" published in Transportation Research Part C: Emerging Technologies and has

been reproduced here with permission from the copyright holder. (doi: https://doi.org/10.1016/j.trc.2020.102620)
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Part II

P R E D I C T I O N W I T H M I S S I N G VA L U E S



6
L S T M R E C U R R E N T N E U R A L N E T W O R K F O R F O R E C A S T I N G

N E T W O R K - W I D E T R A F F I C S TAT E W I T H M I S S I N G VA L U E S

6.1 overview

Short-term traffic forecasting based on data-driven models for ITS applications has great influence

on the overall performance of modern transportation systems (Vlahogianni et al., 2014). In the

last three decades, a large number of methods have been proposed for traffic forecasting in terms

of predicting speed, volume, density and travel time. Studies in this area normally focus on the

methodology components, aiming at developing different models to improve prediction accuracy,

efficiency, or robustness. Previous literature (Ma et al., 2015; Vlahogianni et al., 2014) indicates that

the existing models can be roughly divided into two categories, i.e. classical statistical methods and

computational intelligence (CI) approaches. Classical statistical models, such as Autoregressive

Integrated Moving Average (ARIMA) and its variants (Chandra and Al-Deek, 2009; Williams and

Hoel, 2003), have made great contributions to address the traffic prediction problem. With the

ability to deal with high dimensional data and the capability of capturing non-linear relationship,

CI approaches, especially novel machine learning methods, tend to outperform the statistical

methods with respect to handling complex traffic forecasting problems (Karlaftis and Vlahogianni,

2011). The representative machine learning methods include support vector regression (Asif et al.,

2013), K-nearest neighbor (Cai et al., 2016), etc. Besides, nonparametric approaches, such Kalman

filter and its variants (Chien et al., 2003; Van Lint, 2008), and matrix/tensor factorization methods

(Tan et al., 2016) are also widely used in traffic prediction problems.
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Deep learning models, as a branch of machine learning models, become popular and rapidly

be adopted in the traffic forecasting area. Most of the newly proposed traffic forecasting models

(Chen et al., 2016; Duan et al., 2016b; Ma et al., 2015; Song et al., 2016; Wu and Tan, 2016; Zhao

et al., 2017) are based on recurrent neural networks (RNNs), which mainly process sequence

data by maintaining a chain-like structure and internal memory with loops (Jozefowicz et al.,

2015). To address RNN’s exploding gradient problem, Long Short-Term Memory network (LSTM)

(Hochreiter and Schmidhuber, 1997) and the Gated Recurrent Unit network (GRU) (Cho et al.,

2014) were designed to learn long-term dependencies of sequence data via gate and memory

units. Many recent studies (Chen et al., 2016; Duan et al., 2016b; Zhao et al., 2017) adopted the

LSTM as a baseline or building blocks in their proposed models for traffic forecasting. Although

RNN and its variants have been adopted as building blocks of traffic prediction models, few

studies reformulated their model structure to improve traffic prediction accuracy and robustness.

In this study, we focus on RNN-based models and attempt to design a better structure to solve the

traffic prediction problem. Three primary limitations of existing RNN-based models for traffic

forecasting can be summarized as follows: 1) Few existing models are capable of dealing with

missing data. 2) Although time series of traffic states are normally processed in a chronological

order to capture the forward dependencies, backward dependencies in traffic state sequences,

which can be learned in a reverse-chronological order, has not been explored. 3) Few studies

evaluate the trade-off between model capacity and complexity.

Firstly, missing data is a common problem in the traffic data collection process due to sensor or

communication failure. Various data imputation methods for time series have been developed

and applied to estimate missing data. However, solving the imputation and prediction tasks at

the same time often leads to a two-step process where imputation and prediction models are

separated (Che et al., 2018). In this way, the missing patterns of the data cannot be effectively

explored in prediction models, and thus may result in biased prediction results (Wells et al., 2013).

In some real-time traffic forecasting scenarios, the assumption of data imputation methods may

not be satisfied, and thus, missing data cannot be imputed in real-time. Further, it is usually

computationally expensive for training and applying these imputation methods. Due to RNNs for

times series with missing values have been explored and applied (Che et al., 2018; Lipton et al.,

2016), RNN-based models have the potential to combine imputation methods with prediction
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models. Considering the ability of LSTM to capture and maintain long-term dependencies, LSTM

is even more suitable for time series imputation. From another perspective, the ability to impute

missing values in time series can be regarded as a capability of processing unevenly spaced time

series, which is unachievable for most of the LSTM-based traffic prediction models (Chen et al.,

2016; Duan et al., 2016b; Ma et al., 2015; Song et al., 2016; Yu et al., 2017a). Hence, exploiting

the power of customized LSTM to predict traffic states with missing values, as one of our main

motivations, is promising and attainable. In this study, we propose a customized LSTM structure

with an imputation unit (LSTM-I) to fulfill this goal.

The second improvable aspect of previous work is the learning order of the traffic state time

series in RNN-based models. Normally, the dataset fed to an LSTM model is chronologically

arranged and the model’s chain-like structure makes use of the forward dependencies. But in

this process, it is possible that useful information does not efficiently pass through the chain-

like gated structure. Therefore, it may be informative to consider backward dependencies into

consideration by processing series data in a negative direction. Another reason for including

backward dependencies in our study is the periodicity of the traffic states. Traffic conditions

have strong periodicity and regularity, and even short-term periodicity can be observed (Jiang

and Adeli, 2004). According to (Box et al., 2015), analyzing the periodicity of time series data

from both forward and backward temporal perspectives will enhance the predictive performance.

Besides, the impact of upstream and downstream traffic states with respect to a road segment

in the traffic network should not be neglected. Previous studies (Chandra and Al-Deek, 2009;

Kamarianakis et al., 2010) found that past speed values of upstream and downstream have an

influence on the future speed values of a location along a corridor. For complicated traffic networks

with intersections and loops, upstream and downstream both refer to relative positions and two

arbitrary locations can be upstream and downstream of each other. Upstream and downstream

are defined with respect to space, while forward and backward dependencies are defined with

respect to time. With the help of the forward and backward dependencies of spatial-temporal

data, the learned features will be more comprehensive. Based on our review of the literature, few

studies on traffic analysis utilized the backward dependency. To fill this gap, a bidirectional LSTM

(BDLSTM) with the ability to deal with both forward and backward dependencies is adopted as a

component of the proposed network framework in this study.
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The third limitation of previous work is the lack of trade-off evaluation between model capacity

and complexity. Some newly proposed LSTM-based prediction models (Ma et al., 2015) have only

one LSTM layer to deal with time series. Existing studies (LeCun et al., 2015) have shown that

deep LSTM architectures with several hidden layers can build up progressively higher levels of

representations of sequence data. Although some studies (Chen et al., 2016; Wu and Tan, 2016; Yu

et al., 2017b) utilized more than one LSTM layers, the influence of the number of LSTM layers

needs to be further evaluated. Furthermore, the impact of the number of other layers, the size of

model weights, and the spatial dimension size of the network-wide traffic data should also be

evaluated as influential factors of prediction performance.

6.1.1 Contribution and Organization of the Chapter

In this chapter, we focus on RNN-based models and attempt to reformulate the way to incorporate

RNNs into traffic prediction models, even when the input traffic data contains missing values. We

propose a stacked bidirectional and unidirectional LSTM network architecture (SBU-LSTM) for

network-wide traffic state prediction to address the aforementioned shortcomings. The evaluation

of the prediction capability of stacked LSTM- or BDLSTM-based models has the potential to

facilitate the further research on the deep learning model design for traffic prediction problems.

Experiments based on two real-world datasets with different missing value patterns indicate

that the proposed architecture can achieve outstanding prediction results. In summary, our

contributions can be summarized as follows:

1. We propose an LSTM structure with an imputation unit, i.e. LSTM-I, to infer and fill the

missing values in the spatial-temporal input data and in return to help improve prediction

accuracy.

2. We propose a stacked bidirectional and unidirectional LSTM architecture. i.e. SBU-LSTM,

for network-wide traffic forecasting. This stacked architecture with multiple layers is flexible.

The evaluation of the prediction capability of stacked LSTM- or BDLSTM-based models has

great potential to facilitate the design of neural network models for traffic prediction.

3. The trade-off between model capacity and complexity is evaluated and discussed.
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4. Two real-world traffic state data is tested in this study and the LOOP-SEA dataset is

published via Github (Cui et al., 2016) and Zenodo (Wang et al., 2019b).

The remainder of the chapter is organized as follows: In Section 6.2 presents existing and

representative related work. We introduce several existing neural networks and the proposed

LSTM-I in Section 6.3notions that will be used for building the traffic graph convolution module

in Section 4.3. Then, we present the experiment settings, experimental results, and analysis,

including prediction accuracy, imputation performance, and training efficiency, in Section 6.4. In

the end, Section 6.5 concludes the chapter by showing the contribution of the proposed model

and identifying future directions.

6.2 related work

6.2.1 Deep Learning based Traffic Prediction

Deep learning-based models generated the state-of-the-art performance for traffic forecasting. Ever

since the precursory study of utilizing NN into the traffic prediction problem was proposed (Hua

and Faghri, 1994), many NN-based methods, like feed-forward NN (Gers et al., 1999), fuzzy NN

(Yin et al., 2002), and recurrent NN (RNN) (Van Lint et al., 2002) are adopted for traffic forecasting

problems more than ten years ago. Ma et al. (2015) firstly adopt the LSTM to forecast traffic speed.

Several other studies utilize the LSTM to forecast travel time (Duan et al., 2016b), congestion

(Chen et al., 2016), and traffic flow (Zhao et al., 2017). Song et al. (2016) utilized shared hidden

LSTM layers to help predict human mobility and transportation mode. Cui et al. (2017) adopted

bidirectional LSTM in the traffic prediction problem. Yu et al. (2017a) combine the convolutional

neural network with RNN to predict transportation states. There are many studies forecasting

traffic from other perspectives, like learning traffic as images (Ma et al., 2017) or graphs (Cui et al.,

2019) by combining convolutional based neural networks.
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6.2.2 Combining Imputation and Prediction

One option to deal with missing values is the skipping mechanism, which is usually used in

the dropout process of RNNs (Gal and Ghahramani, 2016). The other one is data imputation.

Interpolation (Kreindler and Lumsden, 2012), and spline (De Boor et al., 1978) methods are simple

and efficient for data imputation, but they cannot capture variable correlations and complex

patterns to perform imputation. Various data imputation methods for time series, including

regression (Chen et al., 2003), spectral analysis (Mondal and Percival, 2010), EM algorithm (Garcia-

Laencina et al., 2010), and matrix factorization (Koren et al., 2009) (Chen et al., 2019b) have

been developed and applied to estimate missing data. Among these non-deep learning-based

models, matrix factorization methods normally can achieve state-of-the-art prediction accuracy.

A new Bayesian temporal matrix factorization method is proposed by Sun and Chen (2019) to

solve spatiotemporal data prediction problems when there is missing values in the input data.

This method can deal with missing values and achieve good prediction accuracy. However, the

mechanisms of these methods and the sizes of the dataset used to train models are greatly different

from those of deep learning-based models. Besides, combining these data imputation models with

traffic prediction models often leads to a two-step process. To overcome this weakness, Che et al.

(2018) firstly exploit to use a GRU-based model, GRU-D, to combine imputation and prediction

models by designing a decay mechanism for data imputation.

6.3 methodology

6.3.1 Notations

A time series of network-wide traffic states with D sensor stations can be denoted as X =

{x1, x2, ..., xT}T ∈ RT×D with T time steps. Each vector xt ∈ RD denotes the D sensors’ traffic

states at time t, whose elements xd
t represents the traffic state of d-th sensor station. It should

be noted that the traffic state can refer to traffic speed, travel time, traffic volume, etc. In this

101



chapter,the traffic state specifically refers to traffic speed, which is consistent with the tested

datasets in the experiment section.

In reality, traffic sensors, like inductive loop detectors, may fail due to the breakdown of wire

insulation or damage caused by construction activities or electronics unit failure. The sensor

failure further will lead to missing values in the collected data. To deal with missing values, a

masking vector mt ∈ {0, 1}D is adopted to denote whether traffic states are missing at time step t.

The masking vector for xt is defined as

md
t =

 1, if xd
t is observed

0, otherwise
(6.1)

Accordingly, for a traffic state data sample X ∈ RT×D, we can get a masking data sample,

M = {m1, m2, ..., mT}T ∈ RT×D.

In this study, the traffic state prediction problem aims to learn a function F(·) to map T steps of

historical traffic state data to the next subsequent step of traffic state data, which can be described

as:

F([x1, x2, ..., xT]; [m1, m2, ..., mT]) = [xT+1] (6.2)

6.3.2 Long Short-Term Memory

It has been showed that LSTMs work well on sequence-based tasks with long-term dependencies

(Chen et al., 2016; Duan et al., 2016b; Song et al., 2016; Wu and Tan, 2016; Yu et al., 2017a; Zhao

et al., 2017). Although a variety of LSTM variants were proposed in recent years, a comprehensive

analysis of LSTM variants shows that none of the variants can improve upon the standard LSTM

architecture significantly (Greff et al., 2017). Thus, we adopt the LSTM as the base model in this

study.

The structure of LSTM has been introduced in Chapter 3. A clearer structure of LSTM is shown

in Figure 6.1 (a). At time step t, the LSTM layer maintains a hidden memory cell C̃t and three gate

units, which are input gate it, forget gate ft, and output gate ot. The LSTM cell takes the current

variable vector xt, the preceding output ht−1, and the preceding cell state Ct−1 as inputs. With the

memory cell and gate units, LSTM can learn long-term dependencies to allow useful information
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to pass along the LSTM network. Gate structures, especially the forget gate, help LSTM to be an

effective and scalable model for sequential data learning problems (Greff et al., 2017). The input

gate, forget gate, output gate, and memory cell in an LSTM cell are represented by blue boxes in

Figure 6.1 (a). They can be calculated using the following equations:

ft = σg(W f · xt + U f · ht−1 + b f ) (6.3)

it = σg(Wi · xt + Ui · ht−1 + bi) (6.4)

ot = σg(Wo · xt + Uo · ht−1 + bo) (6.5)

C̃t = tanh(WC · xt + UC · ht−1 + bC) (6.6)

where · is the matrix multiplication operator. W f , Wi, Wo, and WC are the weight matrices mapping

the hidden layer input to the three gate units and the memory cell. U f , Ui, Uo, and UC are the

weight matrices connecting the preceding output to the three gates and the memory cell. b f , bi,

bo, and bC are four bias vectors. σg(·) is the gate activation function, which is a Sigmoid function

here, and tanh(·) is the hyperbolic tangent function. Then, the cell output state Ct and the layer

output ht can be calculated as follows:

Ct = ft � Ct−1 + it � C̃t (6.7)

ht = ot � tanh(Ct) (6.8)

where � is the element-wise vector/matrix multiplication operator.

The output of an LSTM layer can be a set of outputs from all T steps, represented by HT =

[h1, h2, ..., hT]. Here, when taking the traffic prediction problem (Equation 6.2) as an example, only

the last element of the output vector hT is what we want to predict. Hence, the predicted value for
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Figure 6.1: (a) Structure of the vanilla LSTM. (b) Structure of the LSTM-I. The mask gate determines the

positions of the missing values. The missing input values can be imputed via the imputation

unit and the inferred/imputed values can assist the training process by adding a regularization

term to the loss function.

the subsequent time step T + 1 is x̂T+1 = hT. In the training process, the model’s total loss L at

each iteration can be calculated by

L = Loss(x̂T+1 − xT+1) = Loss(hT − xT+1) (6.9)

where Loss(·) is the loss function, which is normally a mean square error function for traffic

prediction problems.

6.3.3 LSTM with Imputation Unit

For the LSTM-based prediction problem, if the input time series contains missing/null values,

the model will fail due to null values cannot be computed during the training process. If the

missing values are set as some pre-defined values, like zeroes, mean of historical observations, or

last observed values, these biased model inputs will result in biased parameter estimation in the

training processing (Che et al., 2018). Further, solving the imputation and prediction tasks at the

same time often results in separated imputation and prediction models.

To fulfill data imputation and traffic prediction in one model, we propose an LSTM-based model

with an imputation unit, called LSTM-I. Unlike the GRU-D (Che et al., 2018) targeting on inferring

missing values based on the historical mean and the last observation with a learnable decay rate,
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the proposed LSTM-I aims to infer missing values at current time step from preceding LSTM cell

states and hidden states. The weight parameters in the imputation unit are learnable. Further,

the values inferred from the imputation values can contribute in the training process. In this way,

the LSTM-I can complete the data imputation and prediction tasks at the same time. Thus, it

is particularly suitable for online traffic prediction problems, which may frequently encounter

missing values issues. Please note that the inferred values may not be the “actual“ missing values,

since the proposed imputation unit is only designed for generating appropriate values to help the

calculation process in the LSTM structure work properly and generate accurate predictions.

In LSTM-I, we design an imputation unit σp, which is fed with the preceding cell state Ct−1 and

the preceding output ht−1, to infer the values of the subsequent observation, as shown in Figure

6.1 (b). The inferred observation x̃t ∈ RD is denoted as

x̃t = σg(WI · Ct−1 + UI · ht−1 + bI) (6.10)

where WI and UI are the weights and bI is the bias in the imputation unit. Then, each missing

element of the input vector is updated by the inferred element

xd
t ← md

t xd
t + (1−md

t )x̃d
t (6.11)

where x̃d
t is the d-th element of x̃t. According to Equation 6.11, if xd

t is missing, md
t is zero and xd

t

is imputed by x̃d
t .

Besides, since each masking vector mt contains the positions/indices of missing values at time

step t, the masking vector is also fed into the model and the LSTM-I structure can be characterized

as

xt = mt � xt + (1−mt)� x̃t (6.12)

ft = σg(W f · xt + U f · ht−1 + Vf ·mt + b f ) (6.13)

it = σg(Wi · xt + Ui · ht−1 + Vi ·mt + bi) (6.14)
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ot = σg(Wo · xt + Uo · ht−1 + Vo ·mt + bo) (6.15)

C̃t = tanh(WC · xt + UC · ht−1 + VC ·mt + bC) (6.16)

Ct = ft � Ct−1 + it � C̃t (6.17)

ht = ot � tanh(Ct) (6.18)

where Vf , Vi, Vo, and VC are weight parameters for the masking vector mt in different gates. If

there are no missing values in the input data, all elements in mt are zeros and the structure of

LSTM-I is identical to that of LSTM.

Furthermore, the imputation unit can contribute to the training process. According to Equation

6.10, at each time step t− 1, the imputation unit infers the input xt and generates x̃t no matter

xt contains missing values or not. When xd
t is not missing, xd

t can help LSTM-I evaluate the

correctness of the inferred value x̃d
t by quantifying the difference between xd

t and x̃d
t . Thus, we can

add a regularization term to the model’s total loss (Equation 6.9) at each iteration as follows

L = Loss(hT − xT+1) + λ
T

∑
t=1

∑
md

t 6=0

|xd
t − x̃d

t | (6.19)

where λ is the penalty term and the regularization term
T
∑

t=1
∑

md
t 6=0
|xd

t − x̃d
t | measures the total

absolute imputation error during a training iteration. By adding the regularization term to the

loss, the imputation performance can be enhanced, and it has the potential to improve the model’s

overall prediction accuracy.

6.3.4 Bidirectional LSTMs

The idea of the BDLSTM comes from the bidirectional RNN (Schuster and Paliwal, 1997), which

processes sequence data in both forward and backward directions with two separate LSTM
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Figure 6.2: Structure of Bi-Directional LSTM-I.

hidden layers. It has been proved that the bidirectional networks are substantially better than

unidirectional ones in many fields, like phoneme classification (Graves and Schmidhuber, 2005)

and speech recognition (Graves et al., 2013). But, based on our review of the literature (Chen

et al., 2016; Duan et al., 2016b; Ma et al., 2015; Wu and Tan, 2016; Yu et al., 2017b), BDLSTMs have

not been utilized in traffic prediction problems. Due to the several aforementioned reasons in

the introduction section, BDLSTMs are fit for handling network-wide traffic prediction problems.

Thus, we adopt the BDLSTM as one component of our proposed framework.

To let BDLSTMs be able to deal with time series with missing data, we propose a BDLSTM

with Imputation unit, called BDLSTM-I, in which LSTM components are replaced with LSTM-I

components, as shown in Figure 6.2. The imputation mechanism of the LSTM-I is to infer the

current missing input from the preceding cell state and output. By adopting the BDLSTM-I, missing

values can be imputed from both the forward and the backward LSTM-Is. It is equivalent to infer

the missing value at the current time step twice from both the preceding and the subsequent time

steps, respectively. Thus, the advantage of the BDLSTM-I is that missing values are imputed based

on both forward and backward temporal dependencies. Considering the periodic traffic patterns

and the interaction between downstream and upstream in traffic networks, BDLSTM-I has the

potential to reduce bias in the imputation process and further enhance traffic prediction.

The structure of an unfolded BDLSTM-I layer contains a forward LSTM-I layer and a backward

LSTM-I layer, which is illustrated in Figure 6.2. The forward layer output,
−→
h t, is iteratively
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calculated based on positive ordered inputs [x1, x2, ..., xT] and masks [m1, m2, ..., mT]. The backward

layer output,
←−
h t, is iteratively calculated using the reversed ordered inputs and masks from time

step T to time step 1. Both forward and backward outputs are calculated based on the LSTM-I

model equations (Equations 6.10 - 6.18 ). The BDLSTM-I layer generates output element yt at each

step t based on the combination of
−→
h t and

←−
h t by using the following equation:

yt = ⊕(
−→
h t,
←−
h t) (6.20)

where ⊕ is an average function. It should be noted that other functions, such as summation,

multiply, or concatenate functions, can be used instead. Similar to the LSTM-I layer, the final

output of a BDLSTM layer can be represented by a vector Y = [y1, y2, ..., yT].

If solely using one-layer BDLSTM-I for the prediction task, the loss function of BDLSTM-I

should be defined based on that of LSTM-I. However, due to BDLSTM-I has two LSTM-I arranged

in two directions, the regularization term can be slightly adjusted as

L = Loss(yT − xT+1) + λ
T

∑
t=1

∑
md

t 6=0

1
2
(|xd

t −
−→
x̃d

t |+ |xd
t −
←−
x̃d

t |) (6.21)

where
−→
x̃d

t and
←−
x̃d

t denote the inferred values from forward and backward LSTM-Is, respectively. In

this way, the imputation errors of the two LSTM-Is are averaged.

6.3.5 Stacked Bidirectional and Unidirectional LSTM Network Architecture

Existing studies (Graves et al., 2013; LeCun et al., 2015) have shown that LSTM architectures with

several hidden layers can progressively build up a higher level of representations of sequence data,

and thus, work more effectively. In a stacked multi-layer LSTM architecture, the output of a hidden

layer will be fed as the input into the subsequent hidden layer. This stacking layer mechanism,

which can enhance the power of neural networks, is adopted by our proposed architecture. In

this study, we propose a deep architecture named stacked bidirectional and unidirectional LSTM

network architecture (SBULSTM) to predict the network-wide traffic speed values. The proposed

architecture does not have a fixed number of layers or use fixed types of RNNs. Instead, this

architecture, possibly containing multiple layers of LSTM or BDLSTM components, can be flexible

for solving different tasks.
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As mentioned in previous sections, BDLSTMs can make use of both forward and backward

dependencies. When feeding the spatial-temporal information of the traffic network to the

BDLSTMs, both the spatial correlation of the speeds in different locations and the temporal

dependencies among the traffic state sequences can be captured during the feature learning

process. In this regard, a BDLSTM layer is suitable for being the first feature learning layer of a

stacked architecture for network-wide traffic prediction. Meanwhile, if the input data contains

missing values, a BDLSTM-I layer with the ability to deal with missing values will be used instead.

For the proposed stacked architecture, the stacking/following layers could be LSTM instead

of BDLSTM. Since BDLSTM contains more learnable parameters, the architecture of stacked

BDLSTMs has the potential to perform better. Hence, the proposed SBU-LSTM contains a BDLSTM-

I layer as the first feature-learning layer with the capability of imputing missing values. For the

sake of making full use of the input data and learning complex and comprehensive features,

in a SBU-LSTM architecture, the BDLSTM-I layer can be optionally stacked with one or more

LSTM/BDLSTM layers.

The SBU-LSTM takes the sequence data as the input. The output x̂T+1 is generated by the last

layer of SBU-LSTM. If the dataset contains missing values, the first layer of SBU-LSTM should be

a BDLSTM-I. Then, the SBU-LSTM can bring the imputation errors from the BDLSTM-I layer into

its loss function as a regularization term:

L = Loss(x̂T+1 − xT+1) + λ
T

∑
t=1

∑
md

t 6=0

1
2
(|xd

t −
−→
x̃d

t |+ |xd
t −
←−
x̃d

t |) (6.22)

6.4 experiments

6.4.1 Dataset

In this study, two real-world network-scale traffic state datasets are used for testing models.

6.4.1.1 LOOP-SEA Dataset

The dataset named as LOOP-SEA is collected by inductive loop detectors deployed on 4 connected

freeways (I-5, I-405, I-90, and SR-520) in the greater Seattle area, as shown in Figure 6.3a. This
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(a) LOOP-SEA dataset (b) PEMS-BAY dataset

Figure 6.3: Datasets. (1) Loop detector data in Seattle area. (2) Loop detector data in Bay area.

dataset contains traffic speed data of 323 sensor stations (D = 323). This dataset covers the whole

year of 2015 and the time interval is 5 minutes. Thus, this dataset has 12(5−minutes)× 24(hour)×

365(days) = 105120 time steps in total. For this traffic forecasting problem, if we suppose the

length of the input sequence is 10 (T=10), the dataset contains (105120− 10) samples in total. The

dataset is published on GitHub 1 (Cui et al., 2016) and Zenodo (Wang et al., 2019b).

6.4.1.2 PEMS-BAY Dataset

This dataset named as PEMS-BAY is collected by California Transportation Agencies (CalTrans)

Performance Measurement System (PeMS). This dataset contains the speed information of 325

sensor stations in the Bay Area, as shown in Figure 6.3b. The dataset covers six months ranging

from Jan 1st, 2017 to Jun 30th, 2017. The interval of time steps is 5-minutes. The total number

of observed traffic data points is 16,941,600. The dataset is published by (Li et al., 2018) on the

Github 2.

1 https://github.com/zhiyongc/Seattle-Loop-Data

2 https://github.com/liyaguang/DCRNN
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6.4.2 Experimental Settings

6.4.2.1 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 are trained and evaluated

on a single NVIDIA GeForece GTX 1080 Ti with 11GB Memory.

6.4.2.2 Baselines

As indicated by multiple existing studies, the classical statistical models and machine learning

models cannot outperform the LSTM model for traffic forecasting. Thus, those classical statistical

models, such as ARIMA (Williams and Hoel, 2003) and machine learning models, such as support

vector regression (Wu et al., 2004) and random forest (Zarei et al., 2013), are not compared in this

study.

The compared models tested on datasets without missing values include LSTM, BDLSTM, and

multiple combinations of LSTM and BDLSTM. The baseline models tested on datasets with missing

values include Bayesian Gaussian CANDECOMP/PARAFAC decomposition(BGCP) (Chen et al.,

2019b), gated recurrent unit RNN with a decay mechanism (GRU-D) (Che et al., 2018), LSTM, and

several combinations of LSTM-I and BDLSTM-I.

6.4.2.3 Parameters

The neural network models are implemented by PyTorch 1.0.1. In the training process, we use

the mini-batch training strategy. The input of the forecasting models is a 3-D vector X ∈ Rb×T×D.

The batch size b is set as 64 and D is the number of sensors depending on the specific dataset.

The length of input sequence T is set as 10, which is within a reasonable range according to

(Lv et al., 2015; Yu et al., 2017b). The samples are randomized and divided into the training,

validation, and test set with the ratio 6:2:2. All the RNN-based models are trained by minimizing

the mean square error (MSE) using the Adam optimization method (Kingma and Ba, 2014). The

early stopping mechanism is used to avoid over-fitting. If the model improvement, i.e. the decrease

of the validation loss, cannot exceed a threshold, set as 0.00001 (MSE), in 5 consecutive epochs,
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the training process will be terminated. We also design a learning rate decay mechanism for the

training process to speed up the models’ convergence. The initial learning rate of all models is set

as 10−3. If the model improvement cannot surpass the threshold, the learning rate will reduce an

order of magnitude until it reaches 10−5.

6.4.2.4 Missing Scenarios

When forecasting models are evaluated based on traffic state data with missing values, both the

amount and the distribution of missing values will affect the prediction performance. Hence, we

create a random scenario and a non-random scenario to generate datasets with different missing

patterns according to (Chen et al., 2019a). The random scenario is created by randomly setting

a specific proportion of values in the input as zeroes. The non-random scenario is created by

randomly setting the values at a specific proportion of time steps as zeroes. The masking vectors

for the two scenarios can be generated accordingly. For generating datasets with different amounts

of missing values, datasets with 10%, 20%, 40%, and 80% missing values are created and tested in

this study. When generating datasets with missing values, we use the identical random seed to

ensure all models are evaluated on the identical datasets.

6.4.2.5 Evaluation

To measure the effectiveness of different traffic state prediction algorithms, widely used traffic

prediction metrics (Li and Shahabi, 2018), 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
|xi − x̂i| (6.23)

MAPE =
100
n

n

∑
i=1
| xi − x̂i

xi
| (6.24)

RMSE =

√√√√√ n
∑

i=1
|xi − x̂i|2

n
(6.25)

where xi is the observed traffic speed, and x̂i is the predicted speed.
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Table 6.1: Performance of RNN-Based models for network-wide traffic speed prediction on LOOP-SEA

dataset

Models

Performance of Models on LOOP-SEA Dataset

N=0 N=1 N=2 N=3

MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE

N+1 LSTM 3.769 11.021 6.106 2.389 5.681 3.562 2.417 5.800 3.634 2.643 6.606 4.052

N+1 BDLSTM 3.027 6.815 5.265 2.336 5.475 3.507 2.405 3.631 5.723 2.472 5.947 3.750

N BDLSTM + LSTM - - - 2.523 6.153 3.809 2.464 5.954 3.707 2.579 6.344 3.911

N LSTM + BDLSTM - - - 2.362 5.552 3.542 2.448 5.875 3.707 2.580 6.317 3.941

Table 6.2: Performance of RNN-Based models for network-wide traffic speed prediction on PEMS-BAY

dataset

Models

Performance of Models on PEMS-BAY Dataset

N=0 N=1 N=2 N=3

MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE

N+1 LSTM 3.286 6.530 4.914 2.315 3.989 3.085 2.363 4.131 3.198 5.444 13.656 9.185

N+1 BDLSTM 1.659 3.003 4.295 1.186 2.251 1.927 1.337 2.583 2.252 1.569 3.142 2.822

N BDLSTM + LSTM - - - 2.509 4.520 3.476 2.398 4.223 3.252 5.618 13.831 9.192

N LSTM + BDLSTM - - - 1.333 2.545 2.161 1.526 3.023 2.671 2.532 4.732 6.223
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6.4.3 Experimental Results

In this section, the evaluation results of stacked and bidirectional LSTM-based models tested

on the LOOP-SEA and PEMS-BAY datasets are shown in Table 6.1 and 6.2, respectively. The "N

DBLSTM + LSTM" refers to a n-layer BDLSTMs with an LSTM layer as the last layer. The "N

LSTM + BDLSTM" is named in the similar way.

From the experimental results shown in the two tables, we can observe at least three main

similar patterns. Firstly, compared with multi-layer LSTMs and BDLSTMs, the one-layer models

performs worst, which indicates the stacking mechanism can improve the prediction performance.

Among the multi-layer models, the two-layer models outperforms the models with more layers.

The prediction performance decreases along with the increase of amount of layers. The two-layer

BDLSTM achieves the minimum MAEs of 2.336 and 1.186 on the LOOP-SEA and PEMS-BAY

datasets, respectively. The second main finding is that the BDLSTM model with a specific number

of layers performs better than the LSTM model with the same number of layers. This phenomenon

is particularly evident on the results of the PEMS-BAY data. The third finding is that the BDLSTM

is more suitable than the LSTM for being the last layer of a model. Although the "N BDLSTM +

LSTM" has more parameters than the "N LSTM + BDLSTM", when these models has same amount

of layers, the "N LSTM + BDLSTM" achieves better prediction performance.

The differences between the experimental results on two datasets are also obvious. The BDLSTM

and the "N LSTM + BDLSTM" can achieve much better performance than other types of models

on the PEMS-BAY dataset. However, the superiority of BDLSTM-based models tested on the

LOOP-SEA dataset is not as evident as that on the PEMS-BAY dataset. This phenomenon may be

lead by that the traffic state sequences in the LOOP-SEA dataset contain more Irregular variations.

6.4.4 Training Time

Figure 6.4a shows the training time per epoch of the compared models tested on the LOOP-SEA

dataset. Considering the length of the input time series is fixed, the training time of a model is

mostly related to the amount of parameters. Since the BDLSTM contains two LSTMs, the training
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Table 6.3: Performance comparison for the SBU-LSTM with different numbers of model parameters

Dimensions of weight matrices
in a two-layer BDLSTM

LOOP-SEA PEMS-BAY

MAE MAPE RMSE MAE MAPE RMSE

d1/4De 2.457 5.896 3.698 1.438 2.788 2.358

d1/2De 2.383 5.643 3.578 1.250 2.375 2.028

D 2.336 3.507 3.507 1.186 2.251 1.927

2 D 2.324 5.443 3.483 1.124 2.127 1.824

4 D 2.324 5.436 3.489 1.099 2.076 1.791

time of BDLSTM is nearly double of that of LSTM. The training times of those multi-layer models

are nearly linearly related to the number of layers. Since the "N BDLSTM + LSTM" and the "N

LSTM + BDLSTM" are the combinations of the BDLSTM and the LSTM, their training times are

between those of multi-layer BDLSTMs and LSTMs.

6.4.5 Influential Factors of the RNN-based Model

Two factors that influence the prediction performance, including the size of the model weights

and the amount of time lags of the input sequences, are measured in this section.

6.4.5.1 Influence of the size of model weights

Since the spatial dimension of prediction output should be same as the spatial dimension of

the input sequence’s (D), the weight matrices in one-layer LSTM or BDLSTM, i.e. the W and

U in Equations 6.3 to 6.6, should be with the dimension of D × D. For a multi-layer LSTM or

BDLSTM, the dimension of the weight matrices in each layer can be customized, except for the

first dimension of the weight matrices in the first layer and the second dimension of the weight

matrices in the last layer that should be D. Hence, in this section, we change the dimensions of

the customizable weight matrices in a two-layer BDLSTM to measure the influence of the size

of model weights on the prediction performance. The customized dimensions include d1/4De,
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(a) (b)

Figure 6.4: (a) Training time per epoch of the compared models tested on the LOOP-SEA dataset. (b)

Boxplot of MAE versus number of time lags. The MAEs are generated by the BDLSTM+LSTM

model tested on the LOOP-SEA dataset. The unit of one time lag (time step) is 5 minutes.

d1/2De, D, 2D, and 4D. The experimental results generated by the two-layer BDLSTM tested

on both LOOP-SEA and PEMS-BAY datasets are shown in Table 6.3. The results indicate that

the more parameters the model contains, the more accurate the prediction results are. When the

customized dimension reduces to 1
4 D, the prediction performance on both datasets obviously

decreases. When the customized dimension increase to 4D, the model achieves best prediction

accuracy on the PEMS-BAY dataset. However, the prediction performance cannot improve much

on the LOOP-SEA dataset. This phenomenon shows that for a specific type of models, increasing

the amount of parameters can improve the model’s prediction capability to some extent. However,

the prediction accuracy will not keep improving along with the increase of the amount of model

parameters.

6.4.5.2 Influence of the length of the input sequences

The length of the input sequences has an influence on the short-term traffic forecasting perfor-

mance. Figure 6.4b shows the boxplot of the MAE of a BDLSTM+LSTM model versus the length

of the input sequence tested on the LOOP-SEA dataset. When the length equals 8, 10, and 12,

the MAEs of the predictions are very close and the deviations of these MAEs are relatively small.

When the number of time lags is set as 6, the MAE is much higher, and the deviation is much
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larger than that of other cases. That means, given the 5-minutes time interval and the studied

traffic network, 6 steps of traffic sequence data are not long enough for modeling and predicting

network-wide traffic states accurately. In summary, the number of time lags tends to influence the

predictive performance, especially when the input sequences is relatively short.

6.4.6 Dealing with Missing Values

In this section, to evaluate the effectiveness of the proposed imputation unit in the LSTM-based

structures, we compared the prediction performance of GRU-D (Che et al., 2018), LSTM-I, and

BDLSTM-I. Since the previous sections show that two-layer LSTM- or BDLSTM-based two-layer

models have better prediction performance, the LSTM-I and BDLSTM-I stacked with LSTM

or BDLSTM is also compared. Besides, although the proposed imputation unit in LSTM-I is

designed for doing data imputation tasks, we still attempt to compare the data imputation

performance of the proposed models with a state-of-the-art data imputation model, i.e. the

Bayesian Gaussian CANDECOMP/PARAFAC (BGCP) tensor decomposition model (Chen et al.,

2019b). The parameters of the BGCP is identical to the parameter settings in (Chen et al., 2019b).

6.4.6.1 Comparison with Forecasting Methods

In this section, the compared models are tested on the LOOP-SEA and PEMS-BAY datasets

with different missing scenarios, including random and non-random scenarios, and different

missing rates ranging from 10% to 80%. The experimental results tested on the two datasets with

random missing value are shown in Table 6.4 and 6.5, and the results tested on datasets with the

non-random missing value scenario are shown in Table 6.6 and 6.7, respectively.

When the missing rate is relatively small (10% and 20%), the experimental results indicate that

the GRU-D model cannot outperform other compared models in the random missing scenarios.

The LSTM-I also cannot deal with the missing values very well, especially in the non-random

missing scenarios. However, the bidirectional and stacked LSTM-models achieve better prediction

accuracy on the LOOP-SEA datasets. Further, experimental results on the PEMS-BAY datasets

show that the models with a BDLSTM as the last layer perform better no matter in the random
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or non-random missing scenario. Among the two-layer models, the prediction results of the

BDLSTM-I + BDLSTM obviously outperforms those of other compared models.

When the missing rate is relatively large (40% and 80%), the one-layer models, including the

GRU-D, LSTM-I, and BDLSTM-I, cannot compete with the two-layer models. In all cases, the

two-layer models with a BDLSTM second layer perform better than those with an LSTM second

layer. The BDLSTM-I + BDLSTM model achieves the smallest prediction errors.

Overall, the prediction results in the non-random scenario are close to or slightly better than

those in the random scenario. The prediction results on the LOOP-SEA dataset have larger

deviations than those on the PEMS-BAY dataset. The models containing a BDLSTM-I layer slightly

outperform the models with an LSTM-I layer. The experimental results also indicate that the

BDLSTM is appropriate to be the last layer of a model, compared with LSTM. Hence, the BDLSTM-

I + BDLSTM model outperforms other models, which is particularly obvious on the PEMS-BAY

dataset.

Table 6.4: Prediction results on LOOP-SEA dataset with Random missing values

Multi-layer Models

LOOP-SEA dataset with Random missing values

Missing Rate = 10 % Missing Rate = 20 % Missing Rate = 40 % Missing Rate = 80 %

MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE

GRU-D 3.498 10.354 5.411 3.676 10.880 5.881 3.973 11.760 6.032 4.539 13.480 7.292

LSTM-I 3.989 11.830 6.443 4.060 12.053 6.548 4.226 12.715 6.812 4.791 14.89 7.697

LSTM-I + LSTM 2.574 6.290 3.862 2.675 6.642 4.037 7.709 30.657 12.339 8.836 30.178 12.341

LSTM-I + BDLSTM 2.639 6.494 4.035 2.927 7.355 4.541 3.539 9.913 5.864 4.516 13.963 7.481

BDLSTM-I 2.605 6.358 3.887 2.687 6.642 4.024 2.846 7.178 4.307 6.813 17.31 13.183

BDLSTM-I + LSTM 2.888 7.471 4.391 3.010 7.969 4.618 3.415 9.632 5.442 4.546 13.917 7.368

BDLSTM-I + BDLSTM 2.768 6.920 4.208 2.843 7.200 4.384 3.078 8.149 4.878 3.675 10.655 6.073

6.4.6.2 Comparison with Data Imputation Methods

As mentioned before, values generated by the proposed imputation unit (x̃t) may not be the “actual“

missing values. However, comparing data imputation performance of the proposed model with

other data imputation models can still be informative. In this section, we compare the imputation
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Table 6.5: Prediction results on PEMS-BAY dataset with Random missing values

Multi-layer Models

PEMS-BAY dataset with Random missing values

Missing Rate = 10 % Missing Rate = 20 % Missing Rate = 40 % Missing Rate = 80 %

MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE

GRU-D 5.320 13.584 9.163 5.347 13.609 9.160 5.387 13.67 9.180 5.739 13.767 9.193

LSTM-I 3.486 7.137 5.330 3.550 7.321 5.460 3.704 7.737 5.746 4.141 8.959 6.544

LSTM-I + LSTM 2.511 4.536 3.435 2.746 5.178 3.877 5.628 14.027 9.303 5.641 14.056 9.300

LSTM-I + BDLSTM 1.566 3.054 2.599 1.621 3.155 2.653 2.349 5.122 4.365 3.111 7.189 5.943

BDLSTM-I 1.446 2.820 2.341 1.582 3.126 2.596 2.378 6.377 4.654 8.939 16.202 17.746

BDLSTM-I + LSTM 2.664 4.963 3.724 2.954 5.729 4.322 3.229 6.584 4.990 3.804 8.217 6.111

BDLSTM-I + BDLSTM 1.697 3.391 2.830 1.810 3.710 3.186 2.066 4.385 3.772 2.451 5.365 4.566

Table 6.6: Prediction results on LOOP-SEA dataset with non-random missing values

Multi-layer Models

LOOP-SEA dataset with Non-Random missing values

Missing Rate = 10 % Missing Rate = 20 % Missing Rate = 40 % Missing Rate = 80 %

MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE

GRU-D 3.732 10.876 5.757 3.870 11.023 6.124 4.123 11.643 6.459 4.903 14.194 8.149

LSTM-I 4.374 13.620 7.177 4.810 15.410 7.881 5.712 19.412 9.212 7.349 26.585 11.263

LSTM-I + LSTM 2.653 6.643 4.062 2.788 7.120 4.310 3.048 8.143 4.785 4.327 13.573 7.112

LSTM-I + BDLSTM 2.665 6.674 4.041 2.728 6.921 4.151 2.898 7.650 4.467 3.864 11.829 6.458

BDLSTM-I 3.136 8.446 5.328 3.612 10.391 6.202 4.772 15.167 8.144 8.005 26.965 12.296

BDLSTM-I + LSTM 2.828 7.277 4.342 2.981 7.855 4.618 3.277 9.123 5.207 4.742 15.193 7.631

BDLSTM-I + BDLSTM 2.504 6.085 3.770 2.577 6.328 3.903 2.764 6.995 4.248 3.712 11.034 6.244
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Table 6.7: Prediction results on PEMS-BAY dataset with non-random missing values

Multi-layer Models

PEMS-BAY dataset with Non-Random missing values

Missing Rate = 10 % Missing Rate = 20 % Missing Rate = 40 % Missing Rate = 80 %

MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE

GRU-D 5.103 13.049 9.162 5.657 13.470 9.568 5.357 13.918 9.028 5.124 13.145 9.881

LSTM-I 3.676 7.920 6.010 3.887 8.603 6.469 4.350 10.067 7.362 5.192 12.846 8.799

LSTM-I + LSTM 2.971 5.783 4.393 2.847 5.441 4.137 2.891 5.569 4.241 5.261 12.784 8.677

LSTM-I + BDLSTM 1.787 3.703 3.184 1.921 4.082 3.504 2.058 4.520 3.834 3.097 7.244 5.698

BDLSTM-I 1.742 3.674 3.667 2.134 4.803 4.601 3.010 7.178 6.140 6.730 14.829 12.646

BDLSTM-I + LSTM 3.064 6.091 4.636 2.948 5.751 4.387 3.187 6.384 4.807 3.470 7.287 5.547

BDLSTM-I + BDLSTM 1.560 3.119 2.665 1.716 3.505 3.004 1.951 4.102 3.530 2.764 6.271 5.241

performance of BDLSTM-I+BDLSTM and the BGCP model. The experimental results tested on both

LOOP-SEA and PEMS-BAY datasets are presented in Table 6.8. The proposed method outperforms

the BGCP when the missing rate is relatively small. The imputation performance of the BDLSTM-

based model decreases along with the increase of the missing rate. However, the imputation

errors of the BGCP model nearly keep the same when the missing rate varies. This is reasonable

because the data imputation mechanism of BGCP, which is a tensor decomposition-based model,

greatly differs from that of deep learning models. The data imputation mechanism of a trained

LSTM-I only uses a short-term sequence data as input data. However, tensor decomposition-based

methods use the whole datasets to impute missing data. Besides, tensor decomposition-based

models use different types of optimization methods and have more optimization iterations. In

summary, although the proposed method is not designed for solving data imputation tasks and

uses much fewer data, it can achieve similar imputation performance as the BGCP model. This

experimental results imply that the proposed imputation unit in LSTM-I/BDLSTM-I can indirectly

contribute to the traffic prediction task.
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(a)

(b)

(c)

(d)

Figure 6.5: Visualized ground truth and predicted traffic states. Four sites are selected from the LOOP-SEA

and PEMS-BAY datasets. The first two are from the LOOP-SEA dataset during the second week

in 2015 and the last two are from the PEMS-BAY dataset during the fifth week in 2012. (a) Sensor

ID: d005es15214. (b) Sensor ID: d005es15608. (c) Sensor ID: 400017. (d) Sensor ID: 400057.
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Table 6.8: Data imputation performance comparison

Datasets & Models
Missing Rate = 10 % Missing Rate = 20 % Missing Rate = 40 % Missing Rate = 80 %

MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE

LOOP-SEA
BDLSTM-I + BDLSTM 3.676 7.920 6.010 3.887 8.603 6.469 4.350 10.067 7.362 5.192 12.846 8.799

BGCP 3.764 11.230 5.991 3.757 11.221 5.981 3.774 11.280 6.001 3.763 11.228 5.991

PEMS-BAY
BDLSTM-I + BDLSTM 1.742 3.674 3.667 2.134 4.803 4.601 3.010 7.178 6.140 6.730 14.829 12.646

BGCP 2.131 4.692 3.969 2.140 4.704 3.971 2.139 4.710 3.988 2.131 4.698 3.981

6.4.7 Model Interpretation and Visualization

In this section, we take several specific regions as examples to conduct experimental validation

and visualization. Figure 6.5a and 6.5b show the ground truth and predicted traffic states of two

sensing locations selected from the LOOP-SEA dataset. Figure 6.5c and 6.5d show the results of

two sensing locations selected from the PEMS-BAY dataset. The traffic states in the LOOP-SEA

dataset have more variations and the traffic states in the PEMS-BAY dataset varies smoothly. As

shown by those figures, different traffic patterns on weekdays and weekends and the various

traffic states during the peak hours can be accurately predicted.

6.5 chapter summary

In this Chapter, we attempt to reformulate the way to incorporate LSTM into traffic prediction

models. A stacked bidirectional and unidirectional LSTM network architecture is proposed for

network-wide traffic state prediction. Experimental results show that the stacked bidirectional

LSTM models achieve the superior prediction performance. In addition, the evaluation of the

prediction capability of multiple stacked LSTM- or BDLSTM-based models has great potential to

facilitate the design of neural network models for traffic prediction problems.

We also proposed an imputation unit in the LSTM model, which is designed to handle missing

values. The LSTM- or BDLSTM-based models with the imputation unit can infer and fill the

missing values in the spatial-temporal input data and in return to help improve prediction

accuracy. Experimental results indicate that the proposed models with the imputation unit can
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outperform the state-of-the-art RNN based models and compete with the tensor decomposition

based models. Further, the trade-off between model capacity and complexity and the influential

factors of the proposed model are evaluated and discussed. In addition, two real-world traffic

state data is tested in this study and the LOOP-SEA dataset is published on public accessible

repositories to facilitate further research in this field.

In the future, we will carry out more in-depth studies using different datasets. Further im-

provements and extensions may focus on improving the model to better interpret spatial features

and fusing traffic prediction with other applications. Potential applications, like non-recurring

congestion detection, will be explored by combining other datasets. 3

3 This chapter is a slightly modified version of "Stacked Bidirectional and Unidirectional LSTM Recurrent Neural

Network for Forecasting Network-wide Traffic State with Missing Values" published in Transportation Research Part

C: Emerging Technologies and has been reproduced here with permission from the copyright holder. (doi: https:

//doi.org/10.1016/j.trc.2020.102674)
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7
G R A P H M A R K O V N E T W O R K F O R T R A F F I C F O R E C A S T I N G W I T H

M I S S I N G VA L U E S

7.1 overview

Traffic forecasting, as a challenging topic for both academia and industry, has been under active

research, development, and implementation for more than 40 years (Laña et al., 2018). Traffic

forecasting plays an important role in transportation management and the general planning

process. With the exponential increase in the volume of traffic data and the computational

capability, traffic forecasting methods have been gradually shifting from classical statistical models

to data-driven machine learning-based methods (Vlahogianni et al., 2014). In recent years, the rise

of artificial intelligence (AI), especially deep learning methods, has dramatically stimulated the

traffic forecasting research field. By leveraging the spatial-temporal patterns contained in immense

data resources, many deep neural network models, including recurrent neural network (RNN),

convolutional neural network (CNN), generative adversarial network (GAN), etc., have been

widely applied in traffic forecasting studies and achieved state-of-the-art prediction performance.

However, since network-wide traffic state data are mostly collected by traffic sensors or probe

vehicles, sensor failures or irregular sampling from probe vehicles will result in missing values in

the collected data. The missing value issue usually leads to an apparent decline in the forecasting

performance, as most of the existing methods for traffic forecasting are not capable of dealing

with missing values. Thus, forecasting performance of the models that only accept valid data as

input will be significantly affected and limited.
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The regular solution for the missing data issue is to conduct data imputation, which targets to

estimate the corrupted or missing traffic data. Due to the complex spatial-temporal patterns of

traffic data,existing novel and effective data imputation methods, such as the tensor decomposition-

based approaches (Chen et al., 2019b; Tan et al., 2016), usually need large datasets covering a long

period of time to achieve good imputation performance. However, a large dataset covering a long

period of time is not always available. Further, in the connected vehicle environments or under the

edge computing scenarios, online forecasting computations need to be completed in devices with

limited storage and computational capabilities. However, those tensor decomposition-based model

might require hundreds of iterations to converge, which might take tens of minutes, and achieve

their best imputation performance (Chen et al., 2019b; Tan et al., 2016). Thus, when processing

large datasets, these solutions might not be feasible for real-time traffic forecasting tasks.

To solve the missing value issue and fulfill traffic forecasting at the same time, traffic forecasting

models with the capability of dealing with missing values have also been proposed. However, most

of the existing models (Lee and Fambro, 1999; Zhang and Zhang, 2016), take the spatial-temporal

traffic data as multivariate time series, and thus, they neglect the important spatial influence

between the road links in the traffic network. There are several deep learning-based methods

(Duan et al., 2016a; Tian et al., 2018) taking spatial factors into consideration. However, they still

cannot incorporate the intrinsic structure of the traffic network into the traffic forecasting process.

In this study, to overcome the problems mentioned above, we propose a graph Markov network

(GMN), which is a new neural network architecture for spatial-temporal data forecasting with

missing values. The traffic network is converted into a graph with topological properties. We

consider the variations of the traffic states in the traffic network has Markov property and graph

localization property. Based on the two properties, the traffic state transition process can be

considered as a graph Markov process. The GMN is designed based on the graph Markov process,

which inherently incorporates the spatial-temporal relationships among the links in the traffic

network. By incorporating the spectral graph convolution operation, we also propose a spectral

graph Markov network (SGMN). Experimental results indicate that the proposed SGMN and

GMN can achieve superior prediction performance with greater efficiency.
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7.1.1 Contribution and Organization of the Chapter

The contributions of this study can be summarized as follows:

1. We consider the traffic network as a graph and define the transition between network-wide

traffic states at consecutive time steps as a graph Markov process.

2. We propose a new neural network structure, i.e. the graph Markov network, based on the

proposed graph Markov process for dealing with missing values and forecasting traffic state

simultaneously.

3. By incorporating the spectral graph convolution operation, we also propose a spectral graph

Markov network.

4. Experiment results tested on three real-world network-wide traffic state datasets show that

the proposed models can achieve superior prediction performance in terms of both accuracy

and efficiency.

The rest of this paper is organized as follows: Section 7.2 describes the related studies on deep

learning-based traffic forecasting and related work with the capability of dealing with missing

values. Before introducing the models, we present several related notions in Section 7.3. Section 7.4

introduces the proposed graph Markov process and the corresponding proposed Graph Markov

Network model. Section 7.5 discusses the experimental results, and the concluding remarks are

presented in Section 7.6.

7.2 related work

Classical traffic forecasting models can generally be classified into two categories, traditional

statistical models and computational intelligence, i.e. machine learning-based, models (Vlahogianni

et al., 2014). The statistical methods are mostly parametric approaches, including variants of auto-

regressive integrated moving average (ARIMA) models (Williams, 2001), parametric Kalman

filtering models (Okutani and Stephanedes, 1984), and other types of time-series models (Ghosh et

al., 2009), that are developed based on a predefined model structure with theoretical assumptions
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and the parameters are calibrated using historical data (Smith et al., 2002). With the ability to

accommodate the stochastic and non-linear nature of traffic patterns, classical machine learning

methods are widely adopted for the traffic forecasting task, such as support vector regression (Wu

et al., 2004), Bayesian network approaches (Sun et al., 2006). In recent years, with the rise of AI,

the performance of emerging deep learning-based traffic forecasting methods outperform that of

classical methods.

7.2.1 Deep learning-based traffic forecasting methods

Since the traffic data contain both spatial and temporal attributes, the deep learning-based methods

can be grouped by the ways to deal with spatial-temporal traffic data. One type of studies convert

the spatial-temporal data into a 2-dimensional (2D) matrix and use long short-term memory

(LSTM) recurrent neural network (Ma et al., 2015), bi-directional LSTM (Cui et al., 2017), CNN

(Ma et al., 2017), GAN (Liang et al., 2018), or a combination of multiple models (Yang et al.,

2019), to extract feature and forecast traffic states. However, a traffic network’s spatial features

cannot be completely represented by a 2D matrix. Thus, another type of methods (Ma et al., 2020;

Yu et al., 2017a) is proposed to convert the physical roadway networks as images according to

roads’ geospatial properties. Although the traffic network images demonstrate the true traffic

network structure, those images contain too many noisy pixels and blank pixels without traffic

state information. To analyze the traffic network in an efficient way, many studies consider the

traffic network as a graph and predict traffic state by incorporating the graph convolutional

network (Cui et al., 2019; Li et al., 2018; Yu et al., 2018).

7.2.2 Deep learning-based traffic forecasting with missing values

Traffic forecasting performance will be influenced by the missing values (Cui et al., 2017). A bunch

of data imputation methods has been developed to solve the missing values issues, including the

probabilistic principal component analysis (PCA) (Li et al., 2014), tensor decomposition-based

methods (Chen et al., 2019b, 2018b; Ran et al., 2016; Tan et al., 2016), clustering approaches (Ku
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et al., 2016; Tang et al., 2015). There are also some deep learning-based data imputation methods

proposed in the most recent years, such as denoising stacked auto-encoder (Duan et al., 2016a)

and generative adversarial imputation network (Yoon et al., 2018). However, the PCA-based (Li

et al., 2014) and tensor decomposition-based (Chen et al., 2019b, 2018b; Ran et al., 2016; Tan et al.,

2016) models normally need hundreds or thousands of iterations to converge and achieve their

best data imputation performance. Further, the aforementioned deep learning models for data

imputation are not originally designed for solving the traffic forecasting with missing values issue.

To combine the data imputation and traffic forecasting together, a few RNN-based approaches,

such as the LSTM-M (Tian et al., 2018), have been proposed based the GRU-D (Che et al., 2018) for

processing multivariate time series with missing values. Even though these RNN-based methods

can recurrently fill missing values in each time step and forecasting the future traffic state, they

cannot capture spatial interactions between road links in the traffic network. Further, although

recent research (Barredo-Arrieta et al., 2019; Du et al., 2019) is trying to interpret RNN-based

models, for the traffic forecasting problem, it is still hard for RNN-based models to interpret the

spatial relationship between neighboring links and the links’ temporal dependencies between

different time steps.

To solve these problems, in this study, we consider the traffic state transition process as a graph

Markov process and propose the graph Markov network for the traffic forecasting with missing

values. The design of the graph Markov network inherently incorporates the spatial-temporal

relationships among the links in the traffic network. The graph Markov network making use of the

topological structure of the traffic network can achieve accurate prediction results with efficient

training and testing process. The proposed graph Markov process and graph Markov network are

introduced in detail in the following section.

7.3 preliminaries

7.3.1 Traffic Forecasting

A traffic network normally consists of multiple roadway links. The traffic forecasting task targets

to predict future traffic states of all (road) links or sensor stations in the traffic network based on
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historical traffic state data. The collected spatial-temporal traffic state data of a traffic network

with S links/sensor-stations can be characterized as a T-step sequence [x1, x2, ..., xt, ..., xT] ∈ RT×S,

in which xt ∈ RS demonstrates the traffic states 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 state at next time step as follows:

F([x1, x2..., xT]) = [xT+1] (7.1)

7.3.2 Graph Representations of Traffic Network

Since the traffic network is composed of road links and intersections, it is intuitive to consider

the traffic network as an undirected graph consisting of vertices and edges. The graph can be

denoted as G = (V , E ,A,D) with a set of vertices V = {v1, ..., vS} and a set of edges E between

vertices. A ∈ RS×S is a symmetric (typically sparse) adjacency matrix with binary elements, where

Ai,j denotes the connectedness between nodes vi and vj. The existence of an edge is represented

through Ai,j = Aj,i = 1, otherwise Ai,j = 0 (Ai,i = 0). Based on A, a diagonal graph degree

matrix D ∈ RS×S describing the number of edges attached to each vertex can be obtained by

Di,i = ∑S
j=1Ai,j.

The A can only indicate the relationship between different vertices. In some cases, the vertices’

relationship with themselves also needs to be characterized. Thus, we define the self-connection

adjacency matrix A = A+ I, i.e. Ai,i = 1, which implies each vertex in the graph is self-connected.

Here, I ∈ RS×S is an identity matrix.

In addition, the connectedness of the graph vertices can also be encoded by the Laplacian matrix,

which is essential for spectral graph analysis. The combinatorial Laplacian matrix is defined as

L = D − A and the normalized definition is L = I − D−1/2AD−1/2. Since L is a symmetric

positive semi-definite matrix, it can be diagonalized as L = UΛUT by its eigenvector matrix U

(Defferrard et al., 2016), where U = [u0, u1, ..., uS−1] ∈ RS×S and Λ = diag(λ0, λ1, ..., λS−1) ∈ RS×S

is the corresponding diagonal eigenvalue matrix satisfying Lui = λiui.
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In this study, under the traffic forecasting scenario, the attribute on vertex vs (road link s) at

time t is denoted as xs
t . Given the graph representation of the traffic network, the Equation 7.1 can

be extended as

F(G, [x1, x2..., xT]) = [xT+1] (7.2)

7.3.3 Traffic Forecasting with Missing Values

Traffic state data can be collected by multi-types of traffic sensors or probe vehicles. When traffic

sensors fail or no probe vehicles go through road links, the collected traffic state data may have

missing values. We use a sequence of masking vectors [m1, m2, ..., mT] ∈ RT×S, where mt ∈ RS, to

indicate the position of the missing values in traffic state sequence [x1, x2, ..., xT]. The masking

vector can be obtained by

ms
t =


1, if xs

t is observed

0, otherwise
(7.3)

where xs
t is the traffic state of s-th link at step t.

Missing values in traffic data can be handled by many existing data imputation methods. Most

state-of-the-art data imputation methods, such as the Bayesian tensor decomposition approach

(Chen et al., 2019b) and the Generative Adversarial Imputation Nets (GAIN) (Yoon et al., 2018),

need long-term historical data to capture complicated traffic patterns and fill missing values.

However, in real-time environments, especially under the connected autonomous vehicle (CAV)

and edge computing scenarios, it may not be possible to conduct data imputation on historical

data and forecast future traffic states sequentially, because the volume of traffic state data is huge

and the computing capability of devices is limited. In these cases, the traffic forecasting models

should be able to handle missing values. Taking the missing values into consideration, we can

formulate the traffic forecasting as follows

F(G, [x1, x2..., xT], [m1, m2..., mT]) = [xT+1] (7.4)
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7.4 graph markov network

In this section, we first describe several properties of traffic states. Based on that, we propose

a graph Markov process to characterize the variations of traffic states. Then, we introduce the

proposed graph Markov Network for traffic forecasting with the capability of dealing with missing

values.

7.4.1 Properties

A traffic network is a dynamic system and the states on all links keep varying resulted by the

movements of vehicles in the system. Thus, we assume the traffic network’s dynamic process

satisfies the Markov property that the future state of the traffic network is conditional on the

present state.

Markov property: The future state of the traffic network xt+1 depends only upon the present

state xt, not on the sequence of states that preceded it. Taking X1, X2, ..., Xt+1 as random variables

with the Markov property and x1, x2, ..., xt+1 as the observed traffic states. The Markov process

can be formulated in a conditional probability form as

Pr(Xt+1 = xt+1|X1 = x1, X2 = x2, ..., Xt = xt) = Pr(Xt+1 = xt+1|Xt = xt) (7.5)

where Pr(·) demonstrates the probability.

However, the transition matrix is temporal dependent, since at the different time of a day, the

traffic state’s transition pattern should be different. Based on Equation 7.5, the transition process

of traffic states can be formulated in the vector form as

xt+1 = Ptxt (7.6)

where Pt ∈ RS×S is the transition matrix and (Pt)i,j measures how much influence xj
t has on

forming the state xi
t+1.

The transition process defined in Equation 7.6 does not take the time interval between xt+1

and xt into consideration. We denote the time interval between two consecutive time steps of

traffic states by ∆t. If ∆t is small enough (∆t→ 0), the traffic network’s dynamic process can be
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measured as a continuous process and the difference between consecutive traffic states are close

to zero, i.e. |xt+∆t − xt| → 0. However, a long time interval may result in more variations between

the present and future traffic states, leading to a more complicated transition process. Since the

traffic state data are normally processed into discrete data and the size of transition matrix Pt is

fixed, we consider that the longer the ∆t is, the lower capability of measuring the actual transition

process Pt has. Thus, we multiply a decay parameter γ ∈ (0, 1) in Equation 7.6 to represent the

temporal impact on transition process as

xt+1 = γPtxt (7.7)

The transition matrix can measure the contributions made by all roadway links on a specific

link, which assumes that the state of a roadway link is influenced by all links in the traffic network.

However, since vehicles in the traffic network traverse connected road links one by one and traffic

states of connected links are transmitted by those vehicles, the traffic state of a link will only be

affected by its neighboring links during a short period of time.

Graph localization property: The traffic state of a specific link s in a traffic network is mostly

influenced by localized links, i.e. the link s itself and its neighboring links, during a short period

of time. The neighboring links refer to the links in the graph within a specific order of hops

with respect to the link s. With the help of the graph’s topological structure, the localization

property in the graph can be measured based the adjacency matrix in two ways: (1) The self-

connection adjacency matrix A, describing the connectedness of vertices, can inherently indicate

the localization property of all vertices in the graph. Then, the impacts of localized links can be

easily measured by a weighted self-connection adjacency matrix. (2) The other way is to conduct

the spectral graph convolution operation on the traffic state xt to measure the localized impacts

in the graph. The spectral graph convolution on xt can be defined as UΛθUTxt (Defferrard et al.,

2016), where U is the eigenvector matrix of the Laplacian matrix L and Λθ is a learnable diagonal

weight matrix.

Graph Markov Process: With the aforementioned two properties, we define the traffic state

transition process as a graph Markov process (GMP). The graph Markov process can be formulated

in a conditional probability form as

Pr(Xt+1 = xu
t+1|Xt = xt) = Pr(Xt+1 = xu

t+1|Xt = xv
t , v ∈ N (u)) (7.8)
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where the superscripts u and v are the indices of graph links (road links). The N (u) denotes a

set of one-hop neighboring links of link u and link u itself. The properties of this graph Markov

process is similar to the properties of the Markov random field (Rue and Held, 2005) with temporal

information. Since the influence of a road link on its neighbors is gradually spread by the vehicles

traveling on this road link, a road link’s one-hop neighbors are the ones directly influence it. Thus,

we assume that road links are only influenced by their one-hop neighbors in the graph. Based

on Equation 7.7, we can easily incorporate the graph localization properties into the traffic states’

transition process by element-wise multiplying the transition matrix Pt with the self-connection

adjacency matrix A. Then, the GMP can be formulated in the vector form as

xt+1 = γ(A� Pt)xt (7.9)

where � is the Hadamard (element-wise) product operator that (A� Pt)ij = Aij × (Pt)ij.

The graph localization property can also be incorporated in the transition process by replacing

the transition weight matrix Pt with the spectral graph convolution operation. Then, we define the

spectral version of the graph Markov process (SGMP) as

xt+1 = γUΛθtU
Txt (7.10)

where Λθt ∈ RS×S is a diagonal weight matrix.

7.4.2 Handling Missing Values in the Graph Markov Process

In this section, we theoretically introduce how to deal with the missing values in the graph Markov

process.

As we assume the traffic state transition process follows the graph Markov process, the future

traffic state can be inferred by the present state. If there are missing values in the present state, we

can infer the missing values from previous states. We consider xt is the observed traffic state at

time t and a mask vector mt can be acquired according to Equation 7.3. We denote the completed

state by x̃t, in which all missing values are filled based on historical data. Hence, the completed
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Figure 7.1: Graph Markov process. The gray-colored nodes in the left sub-figure demonstrate the nodes

with missing values. Vectors on the right side represent the traffic states. The traffic states at

time t are numbered to match the graph and the vector. The future state (in red color) can be

inferred from their neighbors in the previous steps.

state consists of two parts, including the observed state values and the inferred state values, as

follows:

x̃t = xt �mt + x̃t � (1−mt) (7.11)

where x̃t � (1−mt) is the inferred part. Since xt �mt = xt, Equation 7.11 can be written as

x̃t = xt + x̃t � (1−mt) (7.12)

Since the transition of completed states follows the the graph Markov process, the GMP

and SGMP with respect to the completed state can be described as x̃t+1 = γ(A � Pt)x̃t and

x̃t+1 = γUΛθtU
T x̃t, respectively. In this section, for simplicity, we denote the (spectral) graph

Markov transition matrix by Ht, i.e. Ht = A� Pt or Ht = UΛθtU
T. Hence, the transition process

of completed states can be represented as

x̃t+1 = γHt x̃t (7.13)

Applying Equation 7.12, the transition process becomes

x̃t+1 = γHt(xt + x̃t � (1−mt)) (7.14)
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If we iteratively apply the completed state x̃t, i.e. x̃t = γHt−1(xt−1 + x̃t−1 � (1−mt−1)), into

Equation 7.14 itself, we have

x̃t+1 = γHt(xt + γHt−1(xt−1 + x̃t−1 � (1−mt−1))� (1−mt))

= γHtxt + γ2HtHt−1(xt−1 � (1−mt)) + γ2HtHt−1(x̃t−1 � (1−mt−1)� (1−mt))

(7.15)

After iteratively applying n steps of previous states from xt−(n−1) to xt, x̃t+1 can be described as

x̃t+1 = γHtxt

+ γ2HtHt−1(xt−1 � (1−mt))

+ γ3HtHt−1Ht−2(xt−2 � (1−mt−1)� (1−mt)) + · · ·

+ γnHt · · ·Ht−(n−1)(xt−(n−1) � (1−mt−(n−2))� · · · � (1−mt))

+ γnHt · · ·Ht−(n−1)(x̃t−(n−1) � (1−mt−(n−1))� · · · � (1−mt)) (7.16)

The n steps of historical steps of states can be written in a summation form as

x̃t+1 =
n−1

∑
i=0

γi+1(
i

∏
j=0

Ht−j)(xt−i �
i−1⊙
j=0

(1−mt−j))

+ γnHt · · ·Ht−(n−1)(x̃t−(n−1) � (1−mt−(n−1))� · · · � (1−mt)) (7.17)

where ∑, ∏, and
⊙

are the summation, matrix product, and Hadamard product operators,

respectively. For simplicity, we denote the term with the x̃t−n in Equation 7.17 as O(x̃t−n), and the

GMP of the complected states can be represented by

x̃t+1 =
n−1

∑
i=0

γi+1(
i

∏
j=0

Ht−j)(xt−i �
i−1⊙
j=0

(1−mt−j)) +O(x̃t−(n−1)) (7.18)

In O(x̃t−(n−1)), when n → ∞, since γ ∈ (0, 1), γn+1 → 0. In addition, the product of masking

vectors in O(x̃t−(n−1)) will also approach to zero, i.e.
⊙n−1

j=0 (1− mt−j) → 0. The probability of

each element of
⊙n−1

j=0 (1−mt−j) being zero is related to the value of n and the traffic state values’

missing rate (mr), which can be calculated as 1− (1−mr)n. The larger the n and the mr are, the

elements of
⊙n−1

j=0 (1−mt−j) have the higher probability to be zeros. When mr = 20% and n = 10,

the probability is 1− 0.810 = 89.26%. Besides, the last term in Equation 7.18 contains a γn, which

will further degrade the contribution of the last term to the traffic forecasting task. Thus, when n

is large enough, we consider the O(x̃t−(n−1)) is a negligibly term.
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Figure 7.2: Structure of the proposed graph Markov network. Here, Ht−j = Aj �Wj. As for the spectral

version of GMN, Ht−j = UΛjUT .

Figure 7.1 demonstrates the graph Markov process for inferring the future state. The traffic

network graphs with attribute-missed nodes (in gray color) is convert into traffic state vectors. The

inference of x̃d
t+1 is based on historical traffic states by back-propagating to the t− (n− 1) step.

7.4.3 Graph Markov Network

In this section, we propose a Graph Markov Network (GMN) for traffic prediction with the

capability of handling missing values in historical data. Suppose the historical traffic data consists

of n steps of traffic states {xt−(n−1), ..., xt}. Correspondingly, we can acquire n masking vectors

{mt−(n−1), ..., mt}. The traffic network’s topological structure can be represented by the adjacency

matrix.

The GMN is designed based on the proposed GMP described in the previous section. Since

we consider the term O(x̃t−(n−1)) described in Equation 7.18 is small enough, the O(x̃t−(n−1)) is

omitted in the proposed GMN for simplicity.

As described in Equation 7.18, the graph Markov process contains n transition weight matrices

and the product of the these matrices (∏i
j=0 Ht−j) = (∏i

j=0 Aj � Pt−j) measures the contribution

of xt−i for generating the x̃t. To reduce matrix product operations and at the same time keep
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the learning capability in the GMP, we simplify the (∏i
j=0 Aj � Pt−j) by (Ai+1 �Wi+1), where

Wi+1 ∈ RS×S is a weight matrix. In this way, (Ai+1 �Wi+1) can directly measure the contribution

of xt−i for generating the x̃t and skip the intermediate state transition processes. Further, the GMP

still has n weight matrices ({A1 �W1, ..., An �Wn}), and thus, the learning capability in terms of

the size of parameters does not change. The benefits of the simplification is that the GMP can

reduce n(n−1)
2 times of multiplication between two S× S matrices in total.

Based on the GMP and the aforementioned simplification, we propose the graph Markov

network for traffic forecasting with the capability of handling missing values as

x̂t+1 =
n−1

∑
i=0

γi+1(Ai+1 �Wi+1)(xt−i �
i−1⊙
j=0

(1−mt−j)) (7.19)

where x̂t+1 is the predicted traffic state for the future time step t + 1 and {W1, ..., Wn} are the

model’s weight matrices that can be learned and updated during the training process.

As for the spectral version of the graph Markov process, the product of the transition weight

matrices (∏i
j=0 Ht−j) can also be simplified. Because of the orthogonality of the eigenvectors

of L (Wang and Mieghem, 2015), UT = U−1, and thus, (∏i
j=0 Ht−j) = (∏i

j=0 UΛθt−jU
T) =

U(∏i
j=0 Λθt−j)U

T. We further simplify the product of the transition weight matrices by replacing

the ∏i
j=0 Λθt−j with a diagonal weight matrix Λi+1. Similar to the simplification of GMP, this

simplification process will not reduce the learning capability of the SGMP because the amount of

the weight parameters does not change. In this way, the SGMP can reduce at least n(n−1)
2 times of

vector multiplication in total. Then, the spectral version of the graph Markov network (SGMN)

can be defined as

x̂t+1 =
n−1

∑
i=0

γi+1(UΛi+1UT)(xt−i �
i−1⊙
j=0

(1−mt−j)) (7.20)

where {Λ1, ...,Λn} are the diagonal weight matrices that can be learned and updated during the

training process.

The structure of GMN for predicting traffic state xt+1 is demonstrated in Figure 7.2. The spectral

version of GMN has the same model structure that it only need to replace the Aj �Wj with the

UΛjUT, as shown Figure 7.2. During the training process, the loss can be calculated by measuring

the difference between the predicted value ŷ = x̂t+1 and the label y = xt+1.
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7.5 experimental results

In this section, we compared the proposed approach with state-of-the-art traffic forecasting models

with the capability of handling missing values. The graph Markov network predicts one time step

ahead in this experiment, and if needed, two or more times ahead can also be predicted by using

the last prediction as the input to the model. The time intervals depend on the datasets tested in

the experiments. The datasets, hyper-parameters, software, and hardware used in the experiments

are introduced.

7.5.1 Datasets

In this study, we conduct experiments on three real-world network-wide traffic state datasets. The

topological structures of the traffic networks are also used in the experiments.

7.5.1.1 PEMS-BAY

This dataset named as PEMS-BAY is collected by California Transportation Agencies (CalTrans)

Performance Measurement System (PeMS). This dataset contains the speed information of 325

sensors in the Bay Area lasting for six months ranging from Jan 1st, 2017 to Jun 30th, 2017. The

interval of time steps is 5-minutes. The total number of observed traffic data points is 16,941,600.

The adjacency matrix of this dataset is defined according to (Li et al., 2018). The dataset is

published by (Li et al., 2018) on the Github (https://github.com/liyaguang/DCRNN).

7.5.1.2 METR-LA

This dataset is collected from loop detectors on the freeway of Los Angeles County (Jagadish et al.,

2014). This dataset contains the speed information of 207 sensors lasting for 4 months ranging

from Mar 1st, 2012 to Jun 30th, 2012. The interval of time steps is 5-minutes. The total number of

observed traffic data points is 6,519,002. Similar to the PEMS-BAY dataset, the adjacency matrix of

this dataset is defined according to (Li et al., 2018), and the dataset is published on the Github

(https://github.com/liyaguang/DCRNN).
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7.5.1.3 INRIX-SEA

This dataset is collected by the INRIX company from multiple data sources, including GPS probes,

road sensors, and cell phone data. This dataset contains the speed information of the traffic

network in the Seattle downtown area consisting of 725 road segments. The traffic network covers

both freeways and urban roadways. The dataset covers a one-year period from Jan 1st, 2012 to

Dec 31st, 2012. The interval of time steps is 5-minutes. The total number of observed traffic data

points is 76,212,000. This dataset is provided by Washington Department of Transportation and

has been used in (Cui et al., 2019). Due to privacy policies, this dataset is not published.

7.5.2 Missing Values and Data formatting

The dataset forms as a spatial-temporal matrix, whose spatial dimension size is the number of

sensors and temporal dimension size is the number of time steps. In the experiments, the dataset

is split into a training set, a validation set, and a testing set, with a size ratio of 6:2:2. In the training

and testing process, the speed values of the dataset are normalized within a range of [0,1].

The PEMS-BAY and METR-LA datasets originally have missing values and their percentages of

missing values are 0.003% and 8.11%, respectively. It should be noted that the original PEMS-BAY

dataset should have already imputed the missing values linearly (Chen et al., 2002). But the

PEMS-BAY dataset is acquired from the online link mentioned in Section 7.5.1.1. There are no

missing values in the INRIX-SEA dataset. To test the model’s capability of handling missing values

with different missing rates, we randomly set a portion of speed values in the input sequences

as zeros according to a specific missing rate and generate the masking vectors accordingly. In

this study, based on each of the three datasets, three sub-datasets with artificial missing rates of

10%, 20%, and 40%, respectively, are generated. In METR-LA datasets, the original missing values

are integrated with the artificial missing values. It also should be noted that, besides random

missing, other missing patterns, such as consecutive missing values, are also common in the

traffic domain (Boquet et al., 2019; Gondara and Wang, 2017; Laña et al., 2018). Since the proposed

models dealing with the traffic network as a graph, they are more suitable for processing data

with randomly missing values. Other patterns will be further studied in the future work.
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7.5.3 Hardware and Software Environments

The experiments are conducted on a computer with 128GB memory, a Intel Core i9-7900X CPU,

and a NVIDIA GTX 1080 Ti GPU. The proposed approach and all neural network-based baseline

models are implemented based on PyTorch 1.0.1 using the Python language 3.6.8.

7.5.4 Baseline Models

• GRU (Cho et al., 2014): GRU referring to gated recurrent units is a type of RNN. GRU can

be considered as a simplified LSTM.

• GRU-I : GRU-I is designed based on GRU. Since GRU is a type of a RNN with the recurrent

structure, the predicted values from a previous step x̂t can be used to infer the missing

values in the next step. The completed traffic states with all missing values filled can be

represented by x̃t+1 = xt + x̂t � (1−mt).

• GRU-D (Che et al., 2018): GRU-D is a neural network structure that is designed based on

GRU for multivariate time series prediction. It can capture long-term temporal dependencies

in time series. GRU-D incorporates the masking information and missing values’ time

interval as input such that it can utilize the missing patterns.

• LSTM (Hochreiter and Schmidhuber, 1997): 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.

• LSTM-I : LSTM-I is designed based on LSTM. The missing value inferring process of LSTM-I

is similar to that of GRU-I.

• LSTM-M (Tian et al., 2018): LSTM-M is a neural network structure designed based on LSTM

for traffic prediction with missing data. It employs multi-scale temporal smoothing methods

to infer lost data.

140



7.5.5 Model Parameters

The batch size of the training samples is set as 64. The number of steps of historical data

incorporated in the GMN model will have an influence on the prediction performance. Hence,

the GMNs with 6-steps, 8-steps, and 10-steps of historical data are tested in the experiments,

i.e. the n in Equations 7.19 and 7.20 are set as 6, 8, and 10. It should be noted that the value

of n is not fixed that the larger the n is, the better performance the GMN model can achieve.

In the following sections, we denoted these GMN models as GMN-6, GMN-8, and GMN-10,

respectively. The corresponding SGMN models with different steps are denoted as SGMN-6,

SGMN-8,and SGMN-10, respectively. As analyzed in Section 7.5.8.3, a decay rate ranging from

0.6 to 0.9 helps the model generate better performance. Thus, the decay parameter γ is set as 0.9

in the experiments. For the RNN-based baseline models, including GRU, GRU-I, GRU-D, LSTM,

LSTM-I, and LSTM-M, their input sequences all have 10 time steps. The numbers of parameters of

GRU-based and LSTM-based models are about 3S2 and 4S2, respectively, where S is the spatial

dimension of the input data. The number of parameters of GMN and SGMN are nS2 and nS,

respectively.

7.5.6 Training and Hyper-Parameters

In the training process, the mean square error (MSE) between the label yt and the predicted value

ŷt, i.e. 1
n ∑N

i=1(yi− ŷi)
2 is used as the loss function, where N is the sample size. The Adam (Kingma

and Ba, 2014) optimization method is adopted for both GMN models and baseline models to

update parameters, as Adam is also used in (Che et al., 2018; Tian et al., 2018). Early stopping

mechanism is used to avoid over-fitting. If there is no improvement on the MSE of the validation

set in 5 consecutive epochs, the training will be stopped. The minimum improvement in MSE is

set as 0.00001. We also design a learning rate decay mechanism for the training process to speed

up the models’ convergence. The initial learning rate of all models is set as 10−3, which is identical

to the learning rate in (Tian et al., 2018). If there is no improvement in 4 consecutive epochs, the

learning rate is reduced an order of magnitude until it reaches 10−5.
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7.5.7 Evaluation Metric

The prediction accuracy of all tested models are evaluated by three metrics, including mean

absolute error (MAE), mean absolute percentage error (MAPE), and root mean square error

(RMSE).

MAE =
1
N

N

∑
i=1
|yi − ŷi| (7.21)

MAPE =
1
N

N

∑
i=1
|yi − ŷi

yi
| (7.22)

RMSE = (
1
N

N

∑
i=1
|yi − ŷi|2)

1
2 (7.23)

7.5.8 Experimental Results

7.5.8.1 Comparing with baseline models

The prediction results tested on the PEMS-BAY, METR-LA, and INRIX-SEA datasets with respect

to different missing rates are displayed in Table 7.1, Table 7.2, and Table 7.3, respectively. All

results presented these three tables were averaged with different runs of the experiment. Overall,

the SGMN models are superior to other baseline models. The GMN models also perform well,

especially on the PEMS-BAY dataset. However, the prediction performance of GMN models

decreases faster than that of SGMN models along with the increase of the missing rate. Among the

baseline models, the GRU-I model performs well that it achieve smaller RMSEs on the PEMS-BAY

and INRIX-SEA datasets.

As shown in Table 7.1, the SGMN-10 achieves the smallest MAEs and MAPEs for all the three

missing rates on the PEMS-BAY dataset. However, the RMSEs of GRU-I are the smallest ones

for all missing rates. The test results on the INRIX-SEA dataset, as shown in Table 7.3, have the

similar situation that SGMN models perform better in terms of the MAE and MAPE metrics and

GRU-I achieves better RMSE results. Since RMSE takes the square root of the average squared
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Table 7.1: Prediction performance on PEMS-BAY dataset

PEMS-BAY

Model
Missing Rate = 10% Missing Rate = 20% Missing Rate = 40%

MAE (mph) MAPE(%) RMSE (mph) MAE (mph) MAPE(%) RMSE (mph) MAE (mph) MAPE(%) RMSE (mph)

GRU 1.608 3.133 2.608 1.787 3.522 2.911 2.052 4.095 3.320

GRU-I 1.108 2.133 1.831 1.185 2.296 1.968 1.385 2.729 2.327

GRU-D 5.320 13.584 9.163 5.347 13.609 9.160 5.387 13.67 9.180

LSTM 2.368 4.809 3.952 2.457 5.098 4.258 2.428 5.117 4.181

LSTM-I 2.218 4.001 7.472 2.373 4.278 7.742 2.058 3.989 5.863

LSTM-M 1.198 2.351 1.968 1.236 2.437 2.055 1.472 2.904 3.111

GMN-6 1.084 2.077 2.565 1.101 2.145 2.029 1.819 3.634 3.543

GMN-8 1.089 2.086 2.611 1.196 2.297 2.827 1.376 2.730 2.678

GMN-10 1.089 2.086 2.614 1.202 2.308 2.864 1.327 2.615 2.470

SGMN-6 1.009 1.930 1.877 1.064 2.048 2.067 1.930 3.671 4.375

SGMN-8 1.008 1.929 1.875 1.062 2.043 2.024 1.291 2.517 2.867

SGMN-10 1.007 1.927 1.874 1.058 2.037 2.018 1.207 2.362 2.473

Table 7.2: Prediction performance on METR-LA dataset

METR-LA

Model
Missing Rate = 10% Missing Rate = 20% Missing Rate = 40%

MAE (mph) MAPE(%) RMSE (mph) MAE (mph) MAPE(%) RMSE (mph) MAE (mph) MAPE(%) RMSE (mph)

GRU 3.427 7.971 5.923 3.667 8.611 6.249 4.037 9.622 6.744

GRU-I 3.322 7.625 5.543 3.402 7.846 5.642 3.389 7.917 5.903

GRU-D 9.912 25.28 12.195 9.904 25.302 12.193 10.022 25.444 12.269

LSTM 3.477 8.050 6.015 3.652 8.559 6.263 3.899 9.300 6.663

LSTM-I 3.180 7.228 5.363 3.267 7.417 5.653 3.393 7.826 5.879

LSTM-M 3.253 7.374 5.540 3.368 7.666 5.717 3.410 7.837 5.812

GMN-6 3.384 7.300 5.624 3.477 7.488 5.583 3.913 8.518 6.362

GMN-8 3.565 7.684 6.126 3.653 7.852 6.001 3.864 8.365 6.083

GMN-10 3.708 7.969 6.512 3.792 8.131 6.411 3.961 8.518 6.216

SGMN-6 3.145 6.836 5.331 3.333 7.232 5.578 3.952 8.593 6.894

SGMN-8 3.174 6.889 5.362 3.318 7.203 5.552 3.699 8.053 6.186

SGMN-10 3.152 6.852 5.321 3.310 7.187 5.525 3.680 8.005 6.079

errors, it gives a relatively high weight to large errors. The smaller RMSEs of GRU-I indicate

that GRU-I’s prediction results tend to have less large errors. It may seem contradictory that
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Table 7.3: Prediction performance on INRIX-SEA dataset

INRIX-SEA

Model
Missing Rate = 10% Missing Rate = 20% Missing Rate = 40%

MAE (mph) MAPE(%) RMSE (mph) MAE (mph) MAPE(%) RMSE (mph) MAE (mph) MAPE(%) RMSE (mph)

GRU 1.097 3.964 2.158 1.146 4.143 2.257 1.256 4.530 2.443

GRU-I 0.888 3.220 1.850 0.939 3.419 1.920 1.057 3.889 2.086

GRU-D 3.039 11.597 5.408 2.947 11.399 5.160 2.873 11.136 5.008

LSTM 1.256 4.451 2.446 1.450 5.364 2.956 1.433 5.260 2.902

LSTM-I 0.945 3.363 2.400 0.910 3.255 2.094 1.592 5.155 5.156

LSTM-M 1.096 4.357 2.633 1.001 3.787 2.264 0.986 3.584 2.098

GMN-6 2.354 8.541 4.832 2.704 9.588 5.545 3.063 10.700 5.960

GMN-8 2.356 8.547 4.835 2.712 9.613 5.559 2.938 10.277 5.803

GMN-10 2.355 8.545 4.835 2.713 9.618 5.561 2.923 10.224 5.778

SGMN-6 0.768 2.715 1.922 0.829 2.940 2.038 1.355 4.949 2.983

SGMN-8 0.768 2.713 1.921 0.826 2.929 2.026 1.024 3.679 2.399

SGMN-10 0.768 2.716 1.921 0.827 2.934 2.026 0.973 3.485 2.283

GRU-I outperforms other models on RMSE, and the proposed model achieves best prediction

performance on MAE and MAPE. By checking the prediction results, we found this is resulted by

the different residual distributions of GRU-I and SGMN. Thus, although GRU-I performs better

on several cases, prediction performance of SGMN at least achieves the same level of that of

stat-of-the-art models.

Since traffic states in INRIX-SEA are influenced by traffic lights, the INRIX-SEA dataset is more

complicated than others. Thus, SGMN containing more nonlinear functions works better than

GMN for capturing complicated patterns. As for the results tested on the METR-LA dataset,

shown in Table 7.2, the SGMN models outperform other models when the missing rates are 10%

and 20%. When the missing rate increases to 40%, the GRU-I, LSTM-I, and LSTM-M models

achieve better prediction performance in terms of all the three metrics. This phenomenon shows

the proposed model is good at processing data with small missing rates. From the three tables, it

can be observed that the time horizon n, ranging from 6 to 10, of the proposed model influences

the performance. The model performs better when n is larger. This is more obvious when the

missing rate is greater.
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7.5.8.2 Analysis on Training Time

Figure 7.3: Training time of the compared models.

In this section, we analyze the training time of the proposed models and baseline models. Figure

7.3 shows the training time per epoch of the compared models tested on the PEMS-BAY datasets.

The training times tested on different datasets have the same patterns. Since the GMN models

have less matrix product operations than the SGMN models, GMN models take slightly less time

per epoch than other models. The GMN and SGMN models apparently cost less running time

than the baseline models because they get rid of the recurrent structure. The training times of

GMN and SGMN increase when they incorporate more historical steps. The GRU and LSTM have

similar training time per epoch. Since the GRU-I and LSTM-I have an imputation operation, their

training times take a little bit more. In addition, since the GRU-D and LSTM-M both take more

types of data as the input, their training time is much more than GRU and LSTM.

7.5.8.3 Analysis on Decay Rates of GMN and SGMN

The proposed graph Markov process adopts the decay rate γ ∈ (0, 1) to represent the temporal

impact of ∆t on the traffic state transition process. In previous analysis sections, the ∆t is 5-minutes,

and the decay rates of GMN models are set as 0.9. In this section, we analyze the influence of

the decay rate on the proposed models’ prediction performance. The prediction performance of

SGMN-10 and GMN-10 w.r.t. various decay rates are shown in Figure 7.4. The models are tested
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(a) SGMN-10 on PEMS-BAY (b) SGMN-10 on METR-LA (c) SGMN-10 on INRIX-SEA

(d) GMN-10 on PEMS-BAY (e) GMN-10 on METR-LA (f) GMN-10 on INRIX-SEA

Figure 7.4: Prediction performance metric (MAE) w.r.t. the decay rate γ. The SGMN-10 and GMN-10 are

tested on the PEMS-BAY, METR-LA, and INRIX-SEA datasets with different missing rates.

on the three datasets with different missing rates. Generally, the missing rate affects the prediction

performance a lot that large missing rate results in large prediction errors.

The six sub-figures in Figure 7.4 all indicate the prediction errors (MAE) decrease along with

the increase of γ. The prediction results of the SGMN-10 models tested on the three datasets

have the similar curve patterns, as shown by the line-charts in Figure 7.4a, 7.4b, and 7.4c. When

γ is close to zero, the prediction errors are relatively large. When γ is increasing, the prediction

errors seem to be monotonically decreasing. When γ is close to one, the curves are almost flat and

prediction errors nearly keep the same. However, as shown in Figure 7.4b, the MAE tested on the

METR-LA dataset increases a little bit when γ increases from 0.9 to 0.99.

The MAEs of the GMN-10 models shown in Figure 7.4d, 7.4e, and 7.4f have slightly different

patterns than those of SGMN-10 models. The MAE curves are not monotonically decreasing.

When γ is close to one, the prediction errors start to increase. This phenomenon is particularly

obvious in the results tested on the METR-LA dataset.
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In addition, it should be noted that the y-axes of those sub-figures have various ranges. When

the decay rate is relatively small (close to one), the prediction capability of GMN models is better

than that of SGMN models. One possible reason is that GMN models contains more weight

parameters than SGMN models. In summary, the selection of decay rate, which can be considered

as a hyper-parameter and need to be tuned, depends on the dataset, the model, and even other

hyper-parameters.

7.5.8.4 Analysis on Forecasting Residuals

(a) SGMN-10 on PEMS-BAY (b) SGMN-10 on METR-LA (c) SGMN-10 on INRIX-SEA

(d) SGMN-10 on PEMS-BAY (e) SGMN-10 on METR-LA (f) SGMN-10 on INRIX-SEA

Figure 7.5: Prediction residuals of the proposed models tested on three datasets when the missing rate is

20%.

Since residual is an critical indicator for evaluating whether a model is systematically correct,

the residuals of predictions are analyzed in this section. The residual equals the ground truth

value subtracts the predicted value, i.e. y− ŷ. Figure 7.5 shows the residual distributions of SGMN-

10 and GMN-10 tested on the three datasets. Most of the sub-figures display that the residual

distributions follow normal distributions with zero means, except for the result of GMN-10 tested

on the INRIX-SEA dataset. Although the proposed models are more complex than regression
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models, the residuals’ normal distributions indicate that the proposed models have sufficient

prediction capabilities and capture enough predictive information from the input data.

(a) PEMS-BAY (b) PEMS-BAY

(c) METR-LA (d) METR-LA

(e) INRIX-SEA (f) INRIX-SEA

Figure 7.6: Prediction residuals of SGMN-10 with respect to day of the week and hour of day, tested on

three datasets with the missing rate of 20%.
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The prediction performance will also be influenced by the temporal information, such as hour

of day and day of the week. Normally, during peak hours, traffic states with more variations are

harder to be predicted. Thus, in this section, the influence of hour of day and day of the week is

measured. The residuals of SGMN-10 tested on the three datasets with respect to day of the week

and hour of day are shown in Figure 7.6. As displayed by the box-plots in Figures 7.6a, 7.6c, 7.6e,

the prediction residuals on each day of the week are almost the same. That means the proposed

models has the capability of forecasting traffic states on each day of the week. The residuals

with respect to hour of day are displayed in Figures 7.6b, 7.6d, 7.6f. The influence of peak hours

on traffic forecasting is particularly obvious on the PEMS-BAY dataset. However, the residual

distributions in each hour of the day on the METR-LA dataset do not have much differences.

The residual distributions on the INRIX-SEA dataset are abnormal to some extent that the the

residuals are large during the afternoon and midnight. This phenomenon may be lead by the

various traffic patterns of different types of roadways in different cities.

7.5.8.5 Model Weight Analysis and Visualization

In this section, the proposed model’s weights are analyzed and visualized. We take the SGMN-10

and GMN-10 trained on METR-LA dataset as an example. Figure 7.7a shows the 207 sensor

locations in the METR-LA dataset denoted by blue dots, and Figure 7.7b shows the top 20 most

influential sensor locations in terms of the influence on forecasting traffic states of the future (t + 1)

step from the states of the current (t) step. The influence of a sensor of the k-th location is reflected

by the sum/average of the squared element values in the k-th row/column of the model’s weight

matrix at the t step, i.e. the Ht described in Equation 7.18. For example, the averaged squared

element values of the k-th row of Ht is calculated as 1
n ∑n−1

i=0 (Ht)
2
k,i. Here, Ht = A1 �W1 for the

GMN case, and for the SGMN case, Ht = UΛ1UT. As depicted in the map in Figure 7.7b, the

selected top 20 influential sensor locations are mostly distributed near intersection areas, which

has great potential to affect nearby traffic states. Figure 7.7c and Figure 7.7d display the influence

of the 89-th sensor location on its neighboring sensor locations. This sensor location with the

sensor ID 767351 is represented by an orange dot on the maps. The influence is reflected by the

element values of the model’s weight matrix at the 89-th row/column. The positive and negative

weight values of other sensor locations are demonstrated by blue and pink colors, respectively.
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(a) All sensor locations in the METR-LA dataset (b) Top 20 influential sensor locations

(c) Weight (UΛ1UT) visualization of SGMN-10 w.r.t.

the 89th sensor location, denoted by the orange dot

(d) Weight (A1 �W1) visualization of GMN-10 w.r.t.

the 89th sensor location, denoted by the orange

dot

Figure 7.7: Visualization of sensor locations and models weights. The top 20 influential sensor locations in

(b) are ones with the top 20 largest row-wise averaged squared element values of the weight

matrix H1 = UΛ1UT in SGMN-10. The blue and pink dots in (c) and (d) represent positive and

negative weight values, respectively. The darker the color is, the larger the absolute value of the

weight is.

The darker the color is, the larger the absolute value of the weight element is. The difference

between these two figures is that the illustrated neighboring locations in Figure 7.7d are confined

within a small one-hop neighboring area by the weight matrix of GMN-10, i.e. the A1 �W1.

However, as shown by the two figures, the surrounding sensor locations with respect to the 89-th

sensor location (the orange dot) are obviously darker, which means the traffic state of a location is

influenced more by the states of its neighbors. Thus, by quantitatively analyzing or visualizing the
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weight matrices of the proposed models, the influence of nodes/locations in a traffic network on

their neighbors can be measured.

(a) Results tested on the PEMS-BAY dataset from Jan. 30, 2017 to Feb. 5, 2017. Sensor ID = 400097

(b) Results tested on the METR-LA dataset from Mar. 12, 2012 to Mar. 18, 2012. Sensor ID = 765273

(c) Results tested on the METR-LA dataset from Mar. 12, 2012 to Mar. 18, 2012. Sensor ID = 765273

Figure 7.8: Comparison of the ground truth and the speed predicted by GMN-10 and SGMN-10 tested on

three datasets with the missing rate of 20% under the random missing scenario. The white and

green regions in these figures demonstrate weekdays and weekends, respectively.

7.5.8.6 Traffic Forecasting Result Visualization

The locations covered by those datasets actually have various traffic patterns. In this section, to

demonstrate the proposed model’s prediction performance, we select several sensor locations/links

from the three datasets and visualize the ground truth and predicted speed values. The three

sub-figures in Figure 7.8 display the ground truth and speed values predicted by the GMN-10 and

SGMN-10. The missing rates of the tested datasets are all set as 20%. Both GMN-10 and SGMN-10
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work well on the PEMS-BAY dataset. Since the METR-LA dataset originally has missing values,

there are some blue spikes reaching the bottom of Figure 7.8b demonstrating the original missing

values. The prediction performance of SGMN-10 on the INRIX-SEA dataset is better than that

of GMN-10. Overall, the proposed models have the capability of forecasting traffic states with

missing values.

7.6 chapter summary

In this chapter, we propose the GMN, which is a new neural network architecture for spatial-

temporal data forecasting. We introduce two properties of the traffic state transition process and

define a graph Markov process. Unlike other existing recurrent neural network (RNN)-based

models dealing with traffic data as multivariate time series, the GMN handling the traffic state

transition process as a graph Markov process. The proposed GMN can incorporate the spatial

relationship between neighboring links and the links’ temporal dependencies between different

time steps. By incorporating the spectral graph convolution operation, we also propose a spectral

graph Markov network (SGMN). The experimental results tested on a real-world dataset shows

show that the proposed GMN and SGMN achieves superior prediction performance. Further, the

proposed models’ parameters, weights, and prediction residuals are discussed and visualized.

The future work will focus on enhancing the theoretical basis of the proposed graph Markov

process. We will attempt to build a connection between the graph Markov process with the Markov

random field to analyze the hidden factors influencing traffic states. In addition, we will conduct

more experiments on multiple public accessible datasets. 1

1 This chapter is a slightly modified version of "Graph Markov Network for Traffic Forecasting with Missing Data"

published in Transportation Research Part C: Emerging Technologies and has been reproduced here with permission from

the copyright holder. (doi: https://doi.org/10.1016/j.trc.2020.102671)
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8
M U LT I - S O U R C E T R A N S P O RTAT I O N D ATA I N T E G R AT I O N

8.1 overview

In recent years, with the developments in traffic sensing, data storage, and communication tech-

nologies, the availability and diversity of traffic data have increased substantially. Transportation

data is normally collected by traffic sensors, such as inductive loop detectors, monitoring cam-

eras, and Wi-Fi/Bluetooth sensors. By means of more novel intelligent systems, transportation

data can also be collected via personal mobile computing devices and probe vehicles. Moreover,

transportation related data should include weather data, traffic incident data, emission data, etc.

Therefore, transportation data are very beneficial to public agencies and researchers for managing

transportation systems and conducting comprehensive traffic analysis.

In the context of modern traffic operations where highly accurate information is needed,

single-source transportation data may not be sufficient enough. When the volume and variety of

traffic data increase, fully making use of the existing multi-source data to provide accurate traffic

information is becoming a challenging task (El Faouzi et al., 2011). The hurdles of integrating and

utilizing multi-source data can be summarized in the following three aspects:

• The significant variability in the spatiotemporal resolution/granularity of multi-source data;

• The lack of standard geospatial representations of traffic roadways/network for multi-source

data;

• There is no well-designed, widely-accepted, and off-the-shelf framework for traffic data

integration.
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Dealing with various spatiotemporal resolutions is one of the most challenging tasks for

integrating multi-source transportation data, due to datasets might be collected and formatted

by various transportation related practitioners for different purposes. The temporal resolution

(the minimum time interval units) of traffic monitoring data may range from seconds to hours.

The spatial granularity of traffic data also varies significantly. Some types of traffic data are

collected to monitor arterials and urban corridors in downtown areas, and some others may

be only applicable for freeways. Moreover, some datasets may overlap in terms of their spatial

coverage, and some other datasets may have complementary monitoring areas. These differences

in the spatiotemporal resolutions normally lead to big hurdles if multiple datasets have to be

incorporated in real research and applications. Hence, to solve this problem and facilitate further

analysis and applications, a high-resolution geospatial referencing representation of the traffic

network for connecting different data sources is utilized in this study.

The second challenge is that the geospatial representations of roadways in different datasets

usually differ from each other because there is no uniform geometric referencing layer for

those datasets. The OpenStreetMap (OSM) (Haklay and Weber, 2008) provides a comprehensive

worldwide map and the detailed information of roadway networks. Although OSM roadway layers

are editable and with adequate roadway metadata, OSM roadway layers are still different from the

roadway layers of the National Performance Management Research Data Set (NPMRDS) (Kaushik

et al., 2015), which is used for supporting national highway system performance measurement

and management activities. At the current stage, there is no standard geometric representation or

GIS map layer for universal transportation analysis. If multiple datasets with different geospatial

representations are used, a process of map conflation is normally needed to combine geographic

information from overlapping sources so as to retain accurate data, minimize redundancy, and

reconcile data conflicts (Longley et al., 2001). Therefore, in this study, a map conflation algorithm

based on a uniform high-resolution map layer is proposed to integrate transportation data.

Further, modern transportation analysis and management are in great need of flexible and

expandable transportation data integration frameworks. Data integration is the problem of com-

bining data residing at different sources, and providing a unified view of these data to the users

(Lenzerini, 2002). Designing data integration systems is an important procedure in a variety of

real-world applications, especially in Intelligent Transportation Systems (ITS). Other conventional
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problems in transportation modeling are also concerned with multi-source processing, like plan-

ning problems, demand estimation, and traffic estimation (El Faouzi et al., 2011). Transportation

data integration frameworks and tools have been designed and implemented for multiple sce-

narios in both research and practice. However, these existing studies on traffic data integration

are mainly oriented to specific traffic analysis problems and a few types of data sources are

incorporated. Based on our review of the literature, there is no off-the-shelf framework designed

for multi-category transportation data integration. Therefore, designing such a data integration

framework is the main target of this study.

8.1.1 Contribution and Organization of the Chapter

In this chapter, a traffic data integration framework based on a uniform roadway referencing

layer is proposed, which supports comprehensive traffic analysis based on multi-source data.

According to data source characteristics, all transportation related datasets are categorized into

four types in terms of the sensor’s location and sensing area. To make the transportation data

integration framework more efficient and extensible, an iterative map conflation algorithm as

a component of the framework is proposed. In addition, the proposed traffic data integration

framework is implemented on an interactive online transportation analytical platform, Digital

Roadway Interactive Visualization and Evaluation Network (DRIVE Net) system (Cui et al., 2016;

Ma et al., 2011). Several real-world transportation data analytics functions, including travel time

analysis, freeway performance measurement, and traffic safety analysis, are implemented based

on the proposed framework and discussed.

The originality and contribution of this work can be summarized as follows:

1. A new traffic data integration framework based on a uniform roadway referencing layer for

multi-source traffic data is proposed.

2. An iterative map conflation (IMC) algorithm for the on-road segment-based traffic data

is proposed. The experimental results show that this proposed algorithm is efficient and

effective enough to be taken into practice.
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3. To make the framework more extensible and flexible, a transportation data categorization

strategy from the perspective of the sensor’s location and sensing area is proposed.

4. The proposed framework is implemented on a data-driven transportation analytics platform.

Several interactive analysis tools and case studies based on this framework are implemented

and introduced.

The rest of the paper is organized as follows. Section 8.2 relevant previous data integration

studies and applications. Then, the category of data and the proposed data integration framework

are introduced in detail in Section 8.3 and Section 8.4, respectively. Next, in Section 8.5 the

experimental results are presented, followed by introducing several real applications and case

studies based on the framework. Finally, Section 8.6 provides the discussion and concludes this

chapter.

8.2 related work

Technological advances in traffic sensing, telecommunications, data storage, and data processing

have facilitated the improvement in existing means of traffic data collection. Due to different types

of sensors are utilized and the heterogeneous data collected by these sensors need to be combined,

different traffic data integration techniques have been developed to suit specific applications. To

visually manipulate and analyze urban traffic data, a framework for integrating different spatial

and temporal levels of granularity was proposed (Claramunt et al., 2000). To estimate the traffic

state on freeways and signalized arterial links, loop detector data and probe vehicle data were

integrated (Valadkhani et al., 2017). According to a survey about data fusion in ITS, the data

fusion approaches can be split into three ways: statistical, probabilistic, and artificial intelligence

approaches. Multiple algorithms and architecture design of multisensory data fusion are also

introduced and summarized (Fourati, 2015). Data integration methods are also proposed for

some special data source. The integration problem of in-vehicle information and loop detector

data are studied (Cremer and Schrieber, 1996). To transfer data between two separate geographic

information database, Graettinger et al. (2009) proposed a linear referencing approach to combine

information from the state route linear referencing system (LRS) with information from the local
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road LRS. The U.S. DOT has also provided potential use cases for integrating emerging data

sources into operational practice (Gettman et al., 2017).

Due to transportation data normally describes states of roadway segments or traffic networks,

the characteristics of the roadways, like geospatial information, play an important role in the traffic

data integration process. Thus, multiple data integration methods are designed based on roadway

map conflation or GIS data combination. To integrate sidewalk data with transportation network

data in GIS, a Split-Match-Aggregate algorithm is proposed (Kang et al., 2015). Another study

integrated global positions system and geographical information systems for traffic congestions

analysis (Taylor et al., 2000). Further, a conflation methodology for two roadway networks is

proposed by taking advantage of GIS capabilities in the projection of transportation networks

(Daneshgar et al., 2018). To create an integrated bike map, an optimized four-step geographic data

conflation system is proposed to conflate data from an authoritative source (Los Angeles County

Metropolitan Transportation Authority) and an open source (OpenStreetMap) (Li and Valdovinos,

2018). However, most of these existing studies integrated a few types of transportation data and

they did not propose an extensible transportation data framework. The framework proposed in

this study has high efficiency and adaptability that it can fulfill the data integration for various

new data sources.

8.3 data integration

8.3.1 Preliminaries

In this study, data integration refers to the integration of multiple spatiotemporal transportation

datasets. The data integration process contains two aspects: the spatial integration and temporal

integration. A set of n spatiotemporal transportation datasets that need to be integrated can

be denoted as X = X1, . . . , Xn. The spatiotemporal values in each dataset is represented by

Xi ∈ R(Ti × Di), in which Ti and Di are the temporal and spatial dimensions, respectively, of the

i-th dataset. In addition, each dataset Xi is associated with a geospatial/geometric representation

of its corresponding roadway network, denoted as Gi. A uniform referencing layer covering the

158



traffic networks of all the datasets is denoted as G0. Then, given X, G = G1, . . . , Gn, and G0, the

geospatial integration process can be defined as a function F such that

F((X1, G1), . . . , (Xn, Gn); G0) = ((X1, G1, L1), . . . , (Xn, Gn, Ln); G0) (8.1)

where Li is generated linkage information that builds a link between Gi and G0. The core of

the spatial integration is to find the best linkage data set L = L1, . . . , Ln. As for the temporal

integration process, since the temporal information in transportation data are measured in the

same unit, the integration can be fulfilled easily by aggregating data based on specific time units.

8.3.2 Transportation Data Introduction and Categorization

To build a general traffic data integration framework, it is efficient to classify all the datasets and

design the integration framework for each category, in which multiple datasets can be processed

in a similar way. Transportation related data are normally collected by location-fixed sensors,

mobile devices, probe vehicles, or historical records reported by roadway management agencies.

In order to describe the proposed data integration framework, several representative types of data

used in this study are introduced in detail in the experimental section and their brief introductions

are described as following:

• Location-fixed sensor data: loop detector based traffic speed/volume data, Wi-Fi/Bluetooth

based travel time data, cellular mobile phone station based traffic speed data, etc.

• Probe vehicle based data: Google real-time traffic data, HERE segment based travel time

data, INRIX segment based traffic speed data, etc.

• Incident data: traffic accident data, construction or alert data, etc.

• Weather information data.

In this study, to describe the proposed data integration framework in a concise and efficient way,

several representative datasets are adopted. The main properties of these representative datasets,

including covered area, sensing area, sensor location, estimated information, and time interval,

are summarized and presented in Table 8.1. The sensing area describes whether a sensor monitors
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Table 8.1: Data Summary and Comparison

Data Data Source Covered Area Sensing Area
Sensor

location
Information

Time

Interval

Loop Data
Inductive loop

detectors

Freeway main

lanes and ramps

Point/milepost

on roadway
On-road

Speed, volume,

and occupancy
5-min

NPMRDS Data Probe vehicles
Freeway and

urban corridors

Segment

on roadway
On-road

Speed and

travel time
5-min

Incident Data

Reported by

police

and agencies

Freeways Point/milepost On-road
Incident

information
flexible

Weather Data Weather stations All roadways Point/milepost Off-road
Weather

information
5-min

traffic for a point or a segment of a roadway. The sensor location denotes whether a sensor is

deployed on the roadway (on-road) or not (off-road). The time interval indicates the minimum

or suitable time interval of a data source for analysis. Further, to demonstrate the various sensor

coverage areas of these data sources, sample datasets in the Seattle area is illustrated on the

real map as shown in Figure 8.1. The NPMRDS data, including the HERE and INRIX data, and

Wi-Fi/Bluetooth based data can cover urban corridors, which can hardly be fulfilled by other

types of data.

According to the SHRP2 L02 product report (List et al., 2014), transportation data can be classi-

fied based on multiple principles, like data collection methods, types of information disseminates,

and methods of information dissemination. However, according to the comparison, as shown in

Figure 8.2, the geospatial attributes, i.e. the sensor location and the sensing area, are the most

significant ones that distinguish the studied data sources from each other. Thus, the sensor location

and the sensing area are chosen as the two main metrics to group data sources into four categories,

as shown in Table 8.1. Given these two metrics, not only the data sources used in this study can be

well-classified, but other types of transportation data can also be categorized for data integration.

It should be noted that the GPS-based vehicle trajectory data can also be classified into the

on-road point-based data and integrated via similar methods. However, as a type of raw data for
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Figure 8.1: Representative data sources. (a) Loop detector sensors. (b) Verizon virtual sensors. (c) HERE

traffic state map. (d) Surveillance cameras. (e) Bluetooth/Wi-Fi sensors. (f) INRIX traffic state

map.

traffic performance measurement, trajectory data has different storage structures and analysis

methodologies comparing to other on-road point-based data. Thus, the vehicle trajectory data is

not included and discussed in this paper. In addition, some data sources may not be perfectly

classified by these two metrics, considering some sensors can be deployed on road or off road,

like Bluetooth and Wi-Fi sensors.
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Figure 8.2: Data Categorization based on Sensor Location and Sensing Area

8.4 data integration framework

A well-designed traffic data integration framework should work effectively and efficiently for

all types of data. In order to fulfill this requirement, a traffic data integration framework based

on a uniform roadway referencing layer is proposed. By using this framework, only a roadway

referencing layer and some linking layers/tables, which link data sources to the referencing

layer, are needed for further analysis. In this way, all the data sources can retain their original

data formats. Figure 8.3 shows the traffic integration framework. Each data source contains

its own roadway layer or geospatial information, and each dataset connects to the roadway

referencing layer via a linking table, acting as the linkage data Li as shown in Equation 8.1. To

make terminologies clear in this study, the geometric layer of a data source that needs to be

conflated is called the conflated layer, according to Chen et al. (2006). The referencing layer acts as

an interface, by which the analysis tool does not need to care about the geospatial information of

each dataset. When analyzing roadway performance, the analysis tool only needs to specify the

analysis zone on the roadway referencing layer.

Due to most of the state agencies focus on freeway performance measurement and the data

acquired for this study mostly measures freeway traffic states, the authors select the freeway

system in Washington State as the study area. In this study, the WSDOT 24k map layer 1 is

selected as the referencing layer. The 24k map contains a routable freeway network and each

roadway segment contains multiple critical information for data integration, including segment

1 https://www.wsdot.wa.gov/mapsdata/geodatacatalog/
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Figure 8.3: Proposed traffic data integration framework based on a uniform roadway referencing layer.

ID, direction, route name, route ID, segment length, starting milepost, ending milepost, starting

point ID, ending point ID, segment geometric information, etc.

The data integration framework has the capability of integrating the four types of data, i.e.

on-road point-based, on-road segment-based, off-road point-based, and off-road segment-based

data. The detailed integration algorithms are introduced as follows.

8.4.1 On-road Segment-based Data

The on-road segment-based data normally has its own roadway map layer, like INRIX and

HERE data have their own TMC-based roadway layers. Due to the definitions of segments in the

referencing layer and the roadway layer of on-road segment-based data are totally different, these

layers should be conflated for further data integration and analysis. To this end, an iterative map

conflation algorithm for on-road segment-based roadway layers is proposed. In this section, the

HERE data is considered as the representative on-road segment-based data and the HERE map

layer is considered as the conflated layer, for an example, to demonstrate the details of the map

conflation algorithm.
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Figure 8.4: The roadway referencing layer and the conflated layer on the real map. The goal of the map

conflation algorithm is to build a linking layer.

General Map Conflation Process: Figure 8.4 shows the spatial structure of the referencing layer

and the conflated (HERE) layer on the real map. It is obvious that the referencing layer mainly

contains freeways and the conflated layer covers more corridors, especially arterials and urban

streets. The goal of the map conflation algorithm is to build a linking layer or generate a table of

linkage data to connect the referencing and conflated layer.

The basic map conflation process is demonstrated in Figure 8.5 and briefly summarized as

following steps:

1. For each roadway segment in the referencing layer with a Referencing segment ID (RID),

break it into small segments (around 30 meters). Each newly generated small segment shares

the same RID.

2. For each newly generated small segment, search and find the nearest segment with a

conflation ID (CID) in the conflated layer to match based on several geometrical parameters.

In this case, each newly generated small segment has the same CID.
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Figure 8.5: A demo of the map conflation process. RID denotes the Referencing segment ID and CID

denotes the Conflated segment ID.

3. Aggregate a group of newly generated small segments with the same CID and HID into a

new link.

4. Create an entry for each new links in the linkage table, which contains the RID and HID

information.

Figure 8.6: A demo of the map conflation process. RID denotes the Referencing segment ID and CID

denotes the Conflated segment ID.
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Iterative Map Conflation (IMC) Algorithm: The searching-and-matching step in the map confla-

tion process is one of the core steps. Several important thresholds are utilized to find the nearest

roadway segment pairs between the referencing and conflated layers. These thresholds include

• The distance between the centroids of two segments in the referencing and conflated layers,

D.

• The angle between two segments in the referencing and conflated layers, A.

Besides, some other factors also need to be considered, like lane types and the definitions of

the of roadway segment direction in different datasets. Figure 8.6 demonstrates the thresholds

and several searching-and-matching scenarios. During the matching process, a pair of nearest

segments are selected from the referencing layer and the conflated layer, given the two thresholds,

D and A. According to the matching scenarios, as shown in Figure 8.6 (a-d), the thresholds, D and

A, need to vary according to scenarios if an efficient searching-and-matching process is required.

Thus, an iterative map conflation algorithm is proposed, which can iteratively adjust the

thresholds, D and A, to conduct the map conflation until all segments are conflated. The detailed

algorithm is shown in Algorithm 8.1. The thresholds, D and A, are initialized as the same for each

segment in the referencing layer. If a newly generated segment cannot find the nearest segment in

the conflated layer under this threshold pair (D,A), the values of D and A will be increased until

all the segments are paired. The increasing mechanism can follow a linear, exponential, or other
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patterns. In addition, the increase function can let the values of D and A increased simultaneously

or separately.

Algorithm 8.1: Iterative Map Conflation Algorithm

Result: Set of conflated pairs P = {(Rk
i , Cp)}

1 Initialization: R = {R0, . . . , Ri, . . . , RM}, a set of roadway segments in the referencing layer,

where Ri is the RID of segment i; C = {C0, . . . , Cj, . . . , CM}, a set of segments in the

conflation layer, where Cj is the CID of segment j ;

2 while R is not null do

3 Split Ri into a set, Ri = {R0
i , . . . , Rk

i , . . . , RK
i } containing all newly generated segments;

4 Initialize thresholds, distance D and angle A;

5 for i← 0 to M do ;

6 if Ri is not null then

7 Search and Match Rk
i from C based on thresholds (D, A);

8 Find the nearest pair (Rk
i , Cp) such that Dist(Rk

i , Cp) ≥ D & Angle(Rk
i , Cp) ≤ A;

9 Ri.pop(Rk
i ) & P.add((Rk

i , Cp));

10 end

11 (D, A)← Increase(D, A)

12 end

After running the map conflation algorithm, the linking layer, which connected the referencing

layer and the conflated layer, will be automatically generated.

8.4.2 Off-road Segment-based Data

The off-road segment-based data is similar to the on-road segment-based data because they all

measure traffic states of roadway segments. However, due to the sensors are deployed off-road,

integrating off-road segment-based data needs to firstly map sensors to roadways, and then, utilize

the introduced iterative map conflation algorithm. In this section, we take the Verizon speed data

as an example to show the off-road sensor mapping process.

Although the Verizon speed data are collected via cellular towers, the Verizon data provider

defines multiple virtual traffic measuring segments on roadways between towers to acquire speed
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Figure 8.7: A demo of off-road segment-based traffic data integration, taking the Verizon speed data on

SR-99 in Seattle as an example.

data with higher precision and spatial resolution. However, the starting and ending points of

these virtual segments are not perfectly located on the roadway segments of the referencing

layer. Thus, a mapping method is proposed and demonstrated in Figure 8.7. The nearest point

on the referencing layer is found for each of the virtual segment starting/ending points. These

nearest points on the referencing layer are considered as new starting/ending points, and the

new segments between these points are considered as new traffic monitoring segments. In the

next step, these new segments can be integrated into the referencing layer by using the proposed

iterative map conflation algorithm.

8.4.3 On-road Point-based Data

The on-road point-based traffic data is the easiest type of data for data integration, due to this

type of data contains the linear referencing information, i.e. the route number and the mileposts

of sensors. This type of data, such as the loop detector data and incident data, does not need

their own geometric roadway layers to be conflated. Since the referencing layer contains milepost

information of each roadway segment, by matching the milepost information, each on-road

point-based sensor can be accurately located on the referencing layer. Hence, the integration of

the on-road point-based traffic data is inherently completed with the help of the route number

and milepost information.
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8.4.4 Off-road Point-based Data

As a representative off-road point-based data, weather data is critical for roadway performance

measurement, and thus, it needs to be integrated to the referencing layer. In this section, we take

the weather data as an example to show the integration method for off-road point-based traffic

data.

An inherent property of the weather data is the coordinates of weather stations. However,

weather stations are not perfectly located on or near freeways. What’s more, the sizes of areas

covered by weather stations are different. Due to the weather data cannot provide detailed

coverage information, a mapping mechanism for data integration is proposed, which maps each

roadway segment to its nearest weather station.

Figure 8.8: A demo of weather station integration based Voronoi map

To find the nearest weather station of each roadway segment, a spatial partitioning method

based on the Voronoi diagram (Okabe et al., 2009) is adopted in this framework. The whole

Washington State is separated by Voronoi polygons, which are centered at the weather stations.
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Figure 8.8 shows a map with all the weather station centered polygons and the WSDOT 24k

map layer. The edges between polygons are the intersected midlines between weather station

pairs. In this case, the polygons perfectly partition the whole map and each roadway segment on

referencing layer is covered by a polygon centered at the weather station. The red stars demonstrate

the locations of the weather stations. In this way, each roadway segment in the referencing layer is

covered by at least one polygon. If a roadway segment is covered solely be one polygon, then the

segment is mapped to the weather station at the center of this polygon. Otherwise, the roadway

segment will be mapped to a weather station whose corresponding polygon covers most of the

roadway segment. The spatial partitioning and mapping process is fulfilled by using PostGIS.

8.4.5 Framework Summary

Due to the four types of data have different characteristics, the proposed traffic data integration

framework provides different solutions for them. Figure 8.9 illustrates the proposed traffic data

framework based on a uniform roadway referencing layer and the solutions for the four types of

data. Comparing to existing data integration framework (Chen et al., 2006; Graettinger et al., 2009;

Green et al., 2013; Kang et al., 2015; Ma et al., 2011; Valadkhani et al., 2017), the proposed traffic

data integration framework has several advantages as follows:

1. This framework is flexible, due to it provides data integration solutions to four types of

traffic data and most of the transportation data can be categorized into those four types.

2. This framework is efficient, owing to it only needs a uniform roadway referencing layer to

manipulate all types of transportation data. The integration process is also very efficient in

terms of the percentage of the automatically integrated road segments and the computation

time.

3. This framework is extensible that it can be applied for any other transportation data

integration tasks.
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Figure 8.9: The proposed traffic data integration framework based on a uniform roadway referencing layer

for four types of traffic data.

8.5 experimental results

8.5.1 Data Description

The datasets used in this study contains freeway loop data, NPMRDS data, Verizon speed data,

incident data, and weather data. All the data are collected or provided by the Washington State

Department of Transportation (WSDOT) and the Seattle Department of Transportation (SDOT).

The selected study area mainly focuses on the freeway system in Washington State. The year 2015,

which is covered by all datasets, is selected as the study period. The capability of integrating data

sources of the proposed framework is not restricted by the aforementioned datasets. However, the

sensing areas of some other data sources, like Bluetooth/Wi-Fi data and surveillance camera data,

are quite limited that they cannot cover most of the freeway system. Thus, they are not used in

this study. Detailed information on each data source is described in the following subsection.

8.5.1.1 Freeway Loop Data

Inductive loop detectors are widely used to monitor freeway performance in the United States

because of their reliability and durability (Klein et al., 2006). An inductive loop detector is a

conductive coil embedded in the pavement, and it detects a moving vehicle passing over it with
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electromagnetics. Speed, volume and occupancy are three key indicators that traffic detectors can

collect during a fixed time interval.

8.5.1.2 NPMRDS Data

The National Performance Management Research Data Set (NPMRDS) data is used by states to

monitor system performance. The INRIX data was selected as the current NPMRDS data provider

since 2017 and the HERE data was the previous provider. INRIX combines multiple data sources,

including Global Positioning System (GPS)-equipped devices and cell phones and aggregate

heterogeneous speed data based on a series of statistical models. INRIX data cover almost the

entire roadway network in Washington, including freeways, highways, and most arterials and side

streets. INRIX has adopted the Traffic Message Channel (TMC) code, which is used to identify a

specific road segment. The INRIX speed data were aggregated into 5-minute intervals.

Similar to INRIX data, HERE data combines data sources from multiple categories, including

phone and auto GPS navigation devices. HERE data are collected separately from trucks and other

vehicles, thereby making it possible to provide data for both trucks and passenger vehicles. HERE

also adopted the Traffic Message Channel (TMC) as its base network, but the TMC network used

by HERE is slightly different from that of INRIX. For each TMC, instead of providing speed data,

HERE provides travel time data. The time interval of HERE data is also 5-minute.

8.5.1.3 Incident Data (WITS data)

The Washington State’s Incident Response (IR) Team collects and maintains traffic incident data in

the Washington Incident Tracking System (WITS). WITS data includes most incidents that happen

on freeways and Washington state highways. For each incident, the Washington State IR team logs

details such as incident location (route and milepost), notified time, clear time, and closure lanes.

8.5.1.4 Weather Data

The weather data is retrieved from WSDOT. The retrieved raw data includes the information of

precipitation type, precipitation intensity, precipitation start and end time. Each weather station is

associated with a latitude and longitude pair. In this case, weather data can be visualized on a

mapping system.
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8.5.2 Experimental Settings

In this study, all the spatiotemporal datasets characterizing roadway traffic properties are stored

in Microsoft SQL server database on a Windows Server 2012 after pre-processing. Their associated

roadway geometric datasets are stored in PostgreSQL database on a Linux Server. The spatial

database extender, PostGIS, is used for supporting geospatial queries during the data integration

process. All the experiments are tested on a Windows 10 computer with 32GB memory.

In this study, the WSDOT 24k map is selected as the referencing layer for the whole data

integration framework. The experimental settings of the framework’s four components are listed as

follows: On-road segment-based data integration: The HERE data is considered as a representative

on-road segment-based data and the HERE map layer is considered as the conflated layer. The

proposed IMC algorithm for on-road segment-based data integration is implemented mainly

using Python, SQL, and PostGIS. In the map conflation process, 10482 referencing map segments

and 28007 HERE segments are utilized for the segment matching process. The initial distance

thresholds D of the IMC algorithm is set as D=0.0005, which is around 40 meters. The unit of D

is an spatial reference identifier (SRID) equaling 4326 in the PostGIS (Ramsey and others, 2005)

environment and A is initialized as 0.25 radian. The a linearly increasing function, Increase(D, A),

which contains two steps, is defined as
A = A + ∆a ifA ≤ 0.65

D = D + ∆d, A = 0.25 ifA > 0.65

(8.2)

where ∆a = 0.2 and ∆d = 0.0001. The detailed experimental settings for other categories are listed

as follows:

• Off-road segment-based data integration: The experimental settings are identical to that of

on-road segment-based data integration.

• On-road point-based data integration: Since this type of data containing linear referencing

information is inherently integrated into the referencing layer, no setting is needed.

• Off-road point-based data integration: The proposed Voronoi polygon method is imple-

mented mainly based on SQL and PostGIS.
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Table 8.2: Data integration performance of the four categories of data

Data type Dataset Data Scale
Percentage of

Integrated data
Running Time

On-road

Segment-based
HERE data 28007 segments 95.4% 18.2 minutes

Off-road

Segment-based
Verizon data 93 segments 100% 2.3 seconds

On-road

Point-based
Incident data 51117 incidents 100% Automatically

Off-road

Point-based
Weather data 124 stations 100% 0.2 seconds

8.5.3 Data Integration Performance

The integration performance of the four types of data are shown in Table 8.2. Except for the on-

road segment-based data, all other types of data are 100% integrated. The on-road segment-based

data integration method also performs very well that more than 95% of the segments overlapping

to the referencing layer automatically integrated. The running time of the on-road segment-based

data integration is around 18 minutes. Considering that processing and integrating all these

datasets may take days or weeks in practice, the integration of all the four types of data is very

fast. Although the incident data contains more than 50000 records, the on-road point-based data

does not need any integration method, because it contains the referencing information, including

route number and milepost. Due to the integration of both on-road and off-road segment-based

data are designed based on the proposed IMC algorithm, the IMC algorithm is analyzed in

the next section taking the on-road segment-based data as an example. In summary, the map

conflation algorithm works well in terms of the time consumption and the conflation accuracy for

the roadway segments in the whole state.
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8.5.4 Analysis of Map Conflation Algorithm

In this section, the proposed map conflation algorithm is analyzed taking the off-road segment-

based data (HERE data) as an example. Figure 8.10 shows the distributions of the length of

roadway segments of conflated and referencing layers. The trends of the two sub-figures are both

similar to Poisson distribution. However, the number of segments in the conflated layer is far more

than that in the referencing layer, since the HERE data covers urban corridors and the referencing

layer only covers freeways.

(a) Length distribution of conflated segments (b) Length distribution of referencing segments

Figure 8.10: Length distributions conflated (a) and referencing segment (b)

The efficiency of the conflation algorithm is measured in terms of percentage of integrated

segments and computation time in this study. There are two influencing factors as described

in the methodology section, i.e. angle and distance thresholds between conflated segments and

referencing segments. Figure 8.11 (a) shows the integration performance when the distance

threshold is fixed as 40 meters and the angle threshold increases from 5 degree to 75 degree. The

integrated percentage increases slightly and the computation time curves almost does not change.

Thus, although increasing angle threshold to large values will not result in more computation

time, it will not improve map conflation performance. Figure 8.11 (b) illustrates the integration

performance when the angle threshold is fixed as 0.25 radian ≈ 28.6 degree and the distance

threshold increases from 5 meters to around 50 meters. Unlike the flat curves in Figure 8.11 (a),

the running time curve keep increasing with the increase of the distance threshold. However, the

175



integration percentage curve shows that when the distance threshold is large than 10, it is hard to

improve the integration performance by increasing the distance threshold.

(a) Conflated efficiency w.r.t. angle threshold (b) Conflated efficiency w.r.t. distance threshold

Figure 8.11: Map conflation algorithm efficiency analysis

Since the HERE geometric roadway layer is complex in terms of the number and topology of the

segments, some segments inevitably need to be post-processed manually. After the post-process,

the on-road segment-based data can also be fully integrated. Figure 8.12 shows an example of the

conflated HERE layer. The HERE layer covers most of the freeways and some arterials and urban

streets, while the referencing layer only contains freeways in Washington State. Thus, the generated

linking roadway layer are mostly located on freeways, shown by green links in Figure 8.12 In the

rural areas, some corridors are not covered by both referencing and conflated layers, and therefore,

they are not included in the linking layer.

8.5.5 Applications and Case Studies

Based on the data integration framework, multiple data sources can be combined together by

means of a referencing roadway geometric layer. Figure 8.13 demonstrates the architecture of

the potential traffic analysis applications based on the data integration framework. Each type

of transportation data is connected to the geospatial referencing database via a linkage table or

database. The set of the linkage tables/databases are the key acquirement of this study. In the data

extraction modules, multiple analysis parameters can be selected for different specific analysis.
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Figure 8.12: Visualized map conflation results for on-road Segment-based Data, taking the HERE data as

an example.

The roadway selection can be fulfilled by using multiple advanced spatial query/manipulation

functions. The date and time information or other types of parameters can be directly specified

from the original transportation databases. Given all the required data extraction parameters are

specified, multiple traffic analysis modules can be carried out efficiently using a single system,

such as travel time reliability measurement, traffic prediction, traffic network bottleneck detection,

level of service analysis, etc. Guided by the SHRP2 L02 product report (List et al., 2014) and L08

product report (Zegeer et al., 2013), several traffic analysis functions are implemented based on

this architecture and introduced in the following case studies.
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Figure 8.13: Architecture of applications based the multi-source data integration framework.

8.5.5.1 Case Study: Travel Time Analysis

Given multiple transportation data integrated, variations in travel time in different datasets can be

compared. Figure 8.14 demonstrates the variations in travel time by time of day measured by loop

detector data and HERE data, respectively, in 2015. The Study area is the HOV lane on I-405 from

Bellevue to Lynnwood in Washington State. It can be found that the variations in travel time in the

two datasets have similar patterns. The travel times influenced by incident and weather are also

compared, as shown by red and blue colors, respectively. Since the geospatial representations of

HERE data and loop detectors are identical after the map conflation process, obvious differences

in the two travel time distributions can still be observed that the average and variance of the travel

time measured by HERE data are both higher than that measured by loop detector data. Hence,

data quality can efficiently be compared for different data sources based on the proposed data

integration framework.

8.5.5.2 Case Study: Performance Measurement

With the help of the proposed traffic data integration framework, a variety of reliability per-

formance measurement metrics, such as reliability rating, planning time index (PTI), and 80th
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Figure 8.14: Variations in travel time by time of day measured by (a) loop detector data and (b) HERE data.

The Study area is the HOV lane on I-405 from Bellevue to Lynnwood in Washington State.

percentile travel time index (TTI), can be analyzed based on different data sources. Figure 8.15

illustrates the PTI distribution by time of day on I-405 from Bellevue to Lynwood in 2015, in which

three datasets, the GP lane loop detector data, the HOV lane loop detector data, and the HERE

data are compared. PTI is defined as 95th percentile travel time divided by the free-flow travel

time. The PTI distribution of HERE data and GP lane loop detector data are similar, and the PTI

distribution of HOV lane loop detector data has more obvious evening peak. Based on the data

integration framework, multi-source based data analysis can be easily and efficiently fulfilled by
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Figure 8.15: Planning Time Index (PTI) distribution by time of day on I-405 from Bellevue to Lynwood.

Loop detector data on GP lanes and HOV lane, and HERE data are compared.

transportation data analysis tool. The travel time reliability analysis module is implemented on

the DRIVE Net platform.

8.5.5.3 Case Study: Web-based Analysis Tool

Figure 8.16: The interface and functionality modules of the web-based transportation data analytic platform.

Two figures generated showing travel rates, i.e. travel time reliability, and travel time variations

are demonstrated on the platform interface.
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The proposed traffic data integration framework is fully developed and implemented on an

online interactive publicly-accessible transportation data platform, DRIVE Net 2. On the DRIVE

Net platform, multiple traffic analysis modules, such as travel time analysis, travel time reliability

analysis, transportation emission analysis, and traffic safety analysis, are implemented, shown

in Figure 8.16. Due to the framework integrated multiple data sources together via a uniform

referencing layer, the referencing layer is utilized by the tool to provide convenient route selection

modules, including pre-defined route selection and user-defined route selection. Besides, the

tool can provide customized analysis periods by letting users select the date and day of the

week. Further, the integrated datasets, which have great impacts on travel time reliability, such as

weather and incident data, can be easily combined in the analysis module. By implementing the

multi-source transportation data integration framework, using such an efficient transportation

data analysis tool can dramatically reduce workforce and computation investment and cost.

8.6 chapter summary

In this chapter, to solve the main hurdles of analyzing multi-source transportation data, a trans-

portation data integration framework based on a uniform roadway referencing layer is proposed.

Four types of traffic analysis related data, including on-road segment-based data, on-road point-

based data, off-road segment-based data, and off-road point-based data, are categorized from

the perspective of sensor locations and sensing areas to deal with multi-source traffic data more

efficiently. Meanwhile, an iterative map conflation algorithm is proposed mainly for integrating

on-road segment-based data. By implementing the data integration framework on a transportation

big data platform, several real-world case studies and applications for traffic analysis are realized

and presented. The experimental results show that the proposed framework performs well in

terms of accuracy and efficiency.

The main advantages of the proposed framework are flexibility and adaptability. With the data

integration framework, when a new data source needs to be integrated into the data analytical

system, the same referencing layer can be utilized to integrate and manipulate the new data source.

In the experiments, nearly all types of data can be 100 percent integrated. However, due to data

2 http://www.uwdrive.net/
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sources have different data formats, some special cases inevitably exist during the integration

process. The framework sometimes cannot automatically integrate 100% of all data sources, taking

the HERE data integration as an example. In spite of the existence of extreme cases, the framework

can still work perfectly after manually checking and correcting the miss-integrated data to facilitate

further analysis in research work and real applications.

The main contribution of this chapter is to propose the data integration framework, which is

of practical importance, although there is still much room for improvement in the methodology

sections. In the future, studies will explore more intelligent methods to build connections between

the geospatial metadata of different data sources and design more efficient and accurate map

conflation methods. When the further complicated analysis is required in the future, more data

sources, such as roadway elevation data, vehicle trajectory data, and connected vehicle related

data, will be tested to integrated based on the proposed framework. 3

3 This chapter is a slightly modified version of "Establishing Multi-source Data Integration Framework for Transporta-

tion Data Analytics" published in Journal of Transportation Engineering, Part A: Systems and has been reproduced here

with permission from ASCE. (doi: https://doi.org/10.1061/JTEPBS.0000331)
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9
T R A N S P O RTAT I O N A RT I F I C I A L I N T E L L I G E N C E P L AT F O R M

9.1 overview

The advancement of new smart traffic sensing, mobile communication, and artificial intelligence

technologies has stimulated significant growth in the volume and variety of transportation data.

A huge volume of newly generated transportation data is playing an important role in modern

smart transportation and smart city research and applications. Although transportation data has

great potential to enhance smart transportation applications in the development of smart cities,

we are still facing challenges regarding how to fully and properly use these various massive

transportation data sets. In recent years, new transportation sensing technologies have constantly

emerged, which provide more options to transportation practitioners and researchers to collect

necessary transportation data. Due to the diversity and variety of transportation data, both

transportation practitioners and researchers are facing substantial opportunities and challenges.

Before the “big data” term was widely used, most of the previous transportation applications

and studies were designed and conducted based on real data. However, real transportation

problems are normally intricate and related to many unexpected influential factors. The sizes of

the datasets used in previous studies are usually too small to reflect the real-world complexity

of these problems. Meanwhile, many methodologies in the transportation field are built based

on complicated mathematical models without comprehensive validation from real transportation

datasets. In this way, biased models may be generated in the process of understanding the core of

transportation problems. Thus, it is critical to find proper and practicable ways to comprehensively

utilize it.
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In recent years, the increased computation power enabled by advanced hardware and the rise

of artificial intelligence (AI) technologies, especially in the deep learning field, have provided

great opportunities to comprehensively utilize transportation big data. The deep learning-based

models with powerful non-linear fitting capabilities can provide great power for dealing with

complicated transportation problems that cannot be easily solved by classical methods. However,

the deep learning-based models are normally highly flexible, and thus, the design of these models

needs to be customized depending on specific problems and datasets. For a specific problem, like

traffic prediction, the design of a model structure will directly affect the model performance. In

addition, although transportation is a proper scientific domain for developing and applying novel

deep learning models, most of the existing deep learning models are not originally designed for

transportation problems. Hence, developing novel or customized deep learning models for classical

transportation problems is another challenge for transportation practitioners and researchers.

To efficiently overcome these challenges, developing multiple deep learning models and com-

paring their performance by testing on existing standard datasets can stimulate the emergence of

new methodologies. Previous chapters introduce several deep learning-based traffic prediction

models. Additionally, tremendous deep learning-based traffic prediction models with various

neural network structures has been proposed in recent five years. However, those models are

tested on different datasets collected from everywhere in the world, and the majority of the

proposed models did not publish the source code. Thus, most of the existing studies cannot effi-

ciently facilitate the future research. It will be hugely beneficial for the traffic prediction research

field to build a platform that can provide the comparison results of those models’ prediction

performance based on standard traffic prediction datasets. With this idea, this study aims to build

a platform with standard procedures to train and test different deep learning models to solve

various transportation-related problems. The testing results can be easily compared to assist in

selecting the more effective models for further studies or implementations.

9.1.1 Contribution and Organization of the Chapter

The originality and contribution of this work can be summarized as follows:
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1. We develop an transportation AI platform for solving challenging transportation problems

that require large-volume high-dimensional transportation data and complex models.

2. A second version of the transportation AI platform, TraffiX.ai, is established for sharing

datasets and evaluating novel state-of-the-art deep learning-based traffic forecasting models.

3. Four standardized datasets are formatted, documented, and shared for evaluating traffic

forecasting models.

4. The evaluation results of state-of-the-art traffic forecasting models are shared as benchmark

to facilitate future research. The related source code and training parameters are also

published to further enhance the reproducibility of the existing deep learning-based traffic

prediction models.

The rest of this paper is organized as follows: Section 9.2 describes the related studies on

artificial intelligence platforms and traffic forecasting. Section 9.3 mainly describes the functionality

of the two versions of the proposed transportation artificial intelligence platform. Section 9.4

demonstrates traffic forecasting models’ testing results as benchmark for future research. The

concluding remarks are presented in the Section 9.5.

9.2 related work

Data science is a set of fundamental principles that support and guide the principled extraction

of information and knowledge from data (Provost and Fawcett, 2013). The core task of data

science is to extract knowledge from data via technologies that incorporate these principles.

Accordingly, transportation data science can be realized by applying the fundamental principles

of data science in the transportation field. Specifically, transportation data science can be defined

as the computationally intensive investigation of transportation issues using immense data sets.

Artificial intelligence, especially deep learning methods, applied to the analysis of emerging

transportation datasets, has brought new power to the transportation research field. To adequately

bring the power of AI to the transportation fields, this study aims to build a transportation AI

platform to stimulate and enhance the design of novel transportation-oriented deep learning
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algorithms. In this section, a number of AI-based transportation applications and platforms are

introduced. As a typical complicated transportation problem, traffic prediction studies that can

comprehensively incorporate deep learning methods are also introduced.

9.2.1 Artificial Intelligence Applied in Transportation

Artificial intelligence (AI) has the potential to solve problems that are hard for traditional methods

to address, and various AI methods have achieved state-of-the-art performances in speech recog-

nition, visual object recognition, object detection and many other domains (LeCun et al., 2015).

Some AI-based methods even surpass human-level performance on some specific problems (Mnih

et al., 2015). With increasing population, vehicles, and mobility demands, improving the safety,

efficiency, and sustainability of the transportation system remains a challenge, and traditional

methods may not be able to fully address it. To overcome these issues, an increasing amount

of studies have been conducted to apply AI-based methods to solve complicated transportation

problems including traffic signal control (Abdulhai et al., 2003; Arel et al., 2010; Li et al., 2016),

traffic prediction, and microscopic traffic modeling (Wang et al., 2017; Zhou et al., 2017; Zhu et al.,

2018).

9.2.2 Existing Transportation Data/AI Platforms

Well-designed platforms or systems are capable of properly utilizing the existing immense

transportation data sets and AI methods. For traffic signal control the DeepDrive platform 1 is

developed to provide adaptive traffic signal control based on deep reinforcement learning. For

traffic congestion detection and traffic prediction, PTV Optima 2 can generate traffic prediction

information for up to 60 minutes in the future. Traffic congestion can be detected by the speed

and traffic flow detected in the field or calculated from roadway traffic states data (e.g., floating

car and license plate identification data). The Miovision TrafficLink platform 3 is developed to

1 https://deepdrive.berkeley.edu/

2 https://www.ptvgroup.com/en-us/solutions/products/ptv-optima/

3 https://miovision.com/trafficlink/
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assist traffic engineers to create more responsive and efficient traffic networks. TIMON (Osaba

et al., 2016) is a European research project, whose main objective is to provide real-time services

through a web-based platform and a mobile application for drivers. Microsoft research team also

pioneered the use of machine learning methods to build predictive models for traffic (Amershi

et al., 2019). The developed models can infer and predict traffic flow at different time periods in

the future based on the analysis of large amounts of data over months and years.

9.3 transportation artificial intelligence platform

The transportation artificial intelligence platform is originally designed to solve cutting-edge

transportation problems, and thus, it should have the ability to support hosting multiple types

of models and datasets to solve multiple tasks, such as traffic forecasting, data imputation, and

vehicle detection, whose performance can be quantitatively evaluated by well-established metrics.

However, since more easily-accessible and flexible deep learning packages, such as TensorFlow

and PyTorch, are available for public users, developing a platform for developing and running

established fixed types of deep learning models is not as urgent as developing a platform to

share various state-of-the-art methodologies, standard datasets for specific tasks, and tested

results as benchmarks. Thus, we extend the transportation artificial intelligence platform from a

computation-centric platform to a model and benchmark sharing platform. In this section, we will

introduce the first version of the platform, including its architecture and core functionalities. We

will then introduce the extended version of the transportation AI platform, TraffiX.ai, in the next

section.

9.3.1 Architecture

The transportation AI platform is built based on transportation-related datasets, and thus there

should be a data management system to store, query, process, and manage all the datasets to

make the modeling process efficient. Because the artificial intelligence methods are mostly neural

network-based models and the training and testing of neural networks are quite time-consuming,
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Figure 9.1: Architecture of the Transportation AI Platform.

a computer or a cluster, or even a cloud with the power of conducting multiple training and

testing tasks, should be incorporated as a main component of the transportation AI platform. In

addition, to let the users conveniently and interactively manipulate the models and datasets on

the platform, the platform should also have a user-friendly interface.

Thus, to fulfill the requirements, the first version of the transportation AI platform mainly

contains three main components, i.e. a data warehouse, a web server, and a computation center,

as shown in Figure 9.4. All three components are connected and the communications between

those components are mainly data transmission. The data warehouse hosting multiple types of

databases can manage and provide datasets for solving transportation problems. The computation

center uses computers or the cloud which contains multiple graphics processing units (GPUs)

capable of efficiently training and testing deep learning models. The web server hosts a website
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that allows users to access the developed transportation AI platform remotely and help manage

user accounts and training and testing tasks.

9.3.1.1 Data Management and Database Design

The data warehouse is capable of hosting multiple types of data, including tabular data, image

data, and structured data. The traffic state data, mainly collected from loop detector sensors and

other types of traffic sensors, are mostly stored in relational databases in the tabular format. The

image or video data normally should be traffic monitoring data for solving problems, such as

traffic flow counting or traffic detection. The data describing the traffic network’s physical or

topological structures are normally stored using various types of databases or files, depending on

the types of tasks that need to be solved. Basically, the aforementioned data is used for training

and testing models to solve specific transportation problems. However, when a model is trained

or tested on the platform, many types of metadata and result data are generated and should also

be stored.

For a specific task, the data used for the training and testing process should be identical

when different users attempt to adjust hyper-parameters or conduct the training/testing process

multiple times. Hence, in this study, the formats of the datasets used for training/testing models

are fixed and those datasets are stored as files that can be read using the same data loading

procedure. As the training/testing processes are conducted in the computation center, to reduce

data communication and efficiently load data to the models, all the well-processed training

and testing data are stored as files in the computation center. However, since different users

may conduct different tasks and the results of these tasks will be reused and visualized by the

transportation AI platform, the query process of these result data should be convenient and

flexible. Hence, the task information and task result data are stored in the database in the data

warehouse side.

9.3.1.2 Computation Center

The computation center has the ability to receive task requests from the web server and execute

the specific task. The task results will be sent to the data warehouse to be permanently stored.

Since multiple users may use the platform at the same time, multiple task requests may arrive
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Figure 9.2: Structure of the computation center.

at the computation center at the same time or in a short period of time. It is necessary for the

computation center to be able to manage all the received tasks and execute those tasks in a

reasonable order based on the amount of computation resources the computation center has.

To reasonably manage all the received tasks, the computation center is built based on several

important components, including a task manager, a thread manager, a dataset pool, a model pool,

and a computation resource pool, as shown in Figure 9.2.

The task manager is the core component of the computation center, which consists of a request

receiver, a task parser, a task queue, and a task dispatcher. The request receiver acts as a server that

monitors all the task requests via the http request technologies. When a task request is received,

the encoded context of the task request will be decoded by the task parser. After the task content

is successfully decoded without errors, the task request will be input into a task queue, which

will attempt to first launch the earliest-arrived task request. The main reason to add a task queue

in the task manager is that when the number of requested tasks is larger than the amount of

available GPUs on the platform, the task requests that arrived last need to be stored in the task

queue. When a GPU is available to be used to train or test deep learning models, the first task will
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be removed from the task queue and passed to the task dispatcher. The task dispatcher will input

the task content to the thread manager to execute the task by creating a new thread.

The thread manager manages the threads to optimize the distribution of computation resources

among the tasks. The thread manager contains a thread pool, thread counter, thread launcher, and

a thread tracker. The thread manager has a maximum amount of threads in the thread pool and

the thread counter is used to count how many threads are operating. The maximum number of

threads is based on the amount of available computation resources. After a thread is created, the

thread launcher will start to load the correct dataset and model from the dataset pool and the

model pool, respectively, to execute the task. When the thread is created, the thread launcher will

also assign a GPU from the computation resource pool to the task. The dataset will be loaded to

the memory and the model will be initialized in the assigned GPU to start the training process. At

the same time, the thread tracker will monitor the GPU’s status to help dispatch tasks.

While the task is executing, the intermediate results and final outputs will be sent back to and

stored in the data warehouse. In the end, via the thread manager and the task manager, the status

of the computation resource pool will be updated to assist with the arrangement of upcoming

tasks.

9.3.1.3 Interface

The web server is the interface that connects the platform and users. Most web applications

are designed based on the Model-View-Controller (MVC) framework. The architecture of the

transportation AI platform is also similar to the MVC framework which contains the view, the

controller, and models. However, since the transportation AI platform has the computation center,

the web server can be simplified as the computation center is responsible for the modeling and

computation jobs. Thus, the web server mainly serves for the view and controller parts.

The user interface (UI) of the transportation AI platform is designed to be simple and clear.

Thus, the whole UI of the platform is designed as a system administration console providing all

the required functions directly on the web page. The logical level of the transportation AI platform

is controlled based on the procedure for efficiently and easily creating a new task on the platform.

The procedure for creating new tasks is introduced in detail in the following section. Based on the

designed architecture and the introduced key technologies, the core functions of the transportation
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AI platform are developed in this study. In this section, three main functions are demonstrated by

showing the functions’ user interface (UI). It should be noted that the transportation AI platform

is designed as a prototype and the UI will be adjusted or redesigned with the future development

process.

9.3.1.4 Platform Demonstration

The established platform has a dashboard to display the current status of the platform, including

the running tasks, the historical tasks, and the status of the computation center. Figure 9.3 (a)

shows the UI of the dashboard. The left section of the UI is the menu of the platform and the

right section is the functional panel that displays the platform information. The top part of the

panel shows the existing tasks launched by the users and the left bottom part of the panel shows

the tasks of other users. The right bottom part of the panel shows the status of the GPUs in the

computation center. The user can also check the status of the existing task by visualizing the

training and validation loss, as shown in Figure 9.3 (b). Since this version of the Transportation

AI Platform is no longer maintained and publicly accessible, the details of core architectures,

technologies and used software will not be introduced here. For more information, the readers

can refer to (Wang et al., 2019c).

9.3.2 TraffiX.ai

The TraffiX.ai 4 platform is established by extending the first version of the Transportation AI

Platform for sharing standard datasets and evaluating state-of-the-art traffic forecasting models to

speed up the research progress in the short-term deep learning based traffic prediction research

field. The architecture of this platform is different from the first version. It focus more on evaluating

more established or published deep learning models based on the unified/standard datasets. The

tested results of different models and their related hyper-parameters will be presented on the

platform to give the users an clear overview of pros and cons of those evaluated models. The

TraffiX.ai platform is more like a website with several modules, including a online tutorials on

4 http://ai.uwstarlab.org/
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(a) Platform dashboard.

(b) Overview of the result of a training task on the platform dashboard.

Figure 9.3: Demonstration of the first version of the Transportation AI Platform

short-term traffic prediction, existing datasets, and evaluated model performance on different

traffic prediction tasks as benchmarks.
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Figure 9.4: New version of the transportation artificial intelligence platform, TraffiX.ai.

9.3.2.1 Datasets

TraffiX.ai provides several datasets that have been mentioned in the previous sections of this

dissertation. They are all network-wide traffic state (speed) datasets. The details of the four major

datasets are listed below:

• LOOP-SEA: The second data set is the loop detector data set which is collected by inductive

loop detectors deployed on the freeway system. In this data set, the loop detector data covers

four connected freeways in the Greater Seattle areas, including I-5, I-90, I-405, and SR-520.

The raw data contains three basic traffic flow characteristics, including traffic speed, volume,

and density. The time interval in the raw data is 20 seconds. 323 traffic sensing locations are

selected and integrated to form the loop detector data set. The time interval is integrated

into 5-minute intervals. This dataset is published at GitHub 5 and also Zenodo 6.

• INRIX-SEA: This dataset provided by WSDOT originates from the Federal Highway Admin-

istration (FHWA)’s National Performance Management Research Data Set (FHWA, 2019).

5 https://github.com/zhiyongc/Seattle-Loop-Data

6 https://doi.org/10.5281/zenodo.3258904
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This data set contains the speed data of roadway links in the Seattle downtown area, which

is mostly collected by probe vehicles. In this area, the road network is very complex in that

it contains principal arterials, minor arterials, one-way streets, freeways, ramps, express

lanes, etc. This dataset covers the year 2012 and the time interval is 5-minute. The roadway

network contains more than 1000 roadway links, but we select the largest connected roadway

network containing 745 segments in the experiment.

• METR-LA: This traffic dataset contains traffic information collected from loop detectors

in the highway of Los Angeles County (Jagadish et al., 2014). We select 207 sensors and

collect 4 months of data ranging from Mar 1st 2012 to Jun 30th 2012 for the experiment. The

total number of observed traffic data points is 6,519,002. This dataset is firstly published in

GitHub 7.

• PEMS-BAY: This traffic dataset is collected by California Transportation Agencies (CalTrans)

Performance Measurement System (PeMS). We select 325 sensors in the Bay Area and collect

6 months of data ranging from Jan 1st 2017 to May 31th 2017 for the experiment. The total

number of observed traffic data points is 16,937,179. This dataset is also firstly published by

Li et al. (2018) in GitHub 8.

Given that this four datasets have similar data formats, they still need to be further processed

to be the standard datasets for traffic forecasting modeling evaluation. TraffiX.ai thus provides

several online tutorials to introduce the required data pre-processing and data formulation process

prior to the training and testing procedures 9.

9.4 benchmark

One of the main targets of developing TraffiX.ai is to facilitate the research in the network-wide

traffic prediction field. Given several well-formatted standard datasets, the newly proposed models

can be evaluated and compared. Since the provided datasets are collected from different cites, the

roadway geometric structures are totally different. In addition, the four dataset covers different

7 https://github.com/liyaguang/DCRNN

8 https://github.com/liyaguang/DCRNN

9 https://zhiyongcui.com/TRAFFIX_Web/pages/tutorials/
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types of roadways, such as freeways and arterials. Hence, the four datasets have totally different

spatial coverage and temporal patterns which can facilitate the validation of newly proposed

models’ generalization property. To testing the existing traffic prediction models’ performance,

three widely used metrics are adopted, including mean absolute error (MAE), mean absolute

percentage error (MAPE), and Root Mean Squared Error (RMSE):

MAE =
1
N

N

∑
i=1
|yi − ŷi| (9.1)

MAPE =
1
N

N

∑
i=1
|yi − ŷi

yi
| × 100% (9.2)

RMSE =

√√√√ 1
N

N

∑
i=1

(yi − ŷi)2 (9.3)

where ŷi is the predicted data, yi is the label data, and N is the size of the samples for testing

various methods.

Additionally, the traffic prediction performance is not solely determined by the structure of a

deep learning model, it is also highly affected by the hyper-parameters and the training strategies.

Thus, in order to consider the tested results as the benchmark, it is necessary to test different

combinations of parameter values. To avoid outliers resulted by incidentally failed training, we

also need to train and test the existing models with fixed random seed or with different random

seeds and pick the best/average performance.

9.4.1 Performance Results as Benchmark

Given all the datasets and parameters are fixed, multiple widely used traffic prediction models

or algorithms can be tested. TraffiX.ai provided the test results of most RNN related models,

including LSTM, GRU, and graph convolutional LSTM, which has already been introduced in

Chapter 3 and Chapter 4. Figure ?? shows the test results on the four datasets. Besides the three

metric values, the model’s name, learning rate, optimizer, and the total number of training epoch

are also presented on the TraffiX.ai website as references for future research. Additionally, to
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Figure 9.5: Benchmarks of RNN-based models on TraffiX.ai.

enhance the reproducibility of existing research, the training and testing code of each model will

be published on this website. Public users can download the code and reproduce the same results

on their own machine, as long as they follow the same procedure using the identical environment

and parameters. The reproducibility of these compared methods is the most valuable asset of this

transportation AI model evaluation and sharing platform.

Deep learning based traffic prediction models have various types of model structures. Figure

9.5 shows the performance of RNN-based method. Another type of popular methods are the

sequence-to-sequence (Seq2Seq)models, which are adopted by multiple state-of-the-art models,

such as the DCRNN proposed by Li et al. (2018). Seq2Seq models have the superiority of predicting

multi-steps of traffic state ahead. Thus, TraffiX.ai also compares Seq2Seq-based models with RNN-

based models, as shown in Figure 9.6. More details of the comparison results can be found in the

Benchmark section of the platform.
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Figure 9.6: Benchmarks of Seq2Seq-based models on TraffiX.ai.

9.5 chapter summary

The emergence of novel traffic sensing, data communication, and artificial intelligence technologies

has greatly stimulated the growth of transportation data. To overcome the challenges brought on by

immense transportation data, we propose an artificial intelligence platform for solving challenging

transportation problems using large-volume high-dimensional transportation data and complex

models. The transportation AI platform is capable of providing standardized datasets and novel

deep learning-based models for solving specific pre-defined transportation problems. We also

designed a novel architecture for the transportation AI platform to enhance the efficiency of the

transportation data processing, management, and communication and increase the computational

power of the platform. For a specific problem, the platform offers standardized training and

testing procedures to assist in the evaluation of emerging novel methodologies.

In the future, we will focus on displaying the best performance of each model for each specific

task on the platform to reduce researchers’ duplicated modeling work and stimulate the emergence

of novel technologies.

10

10 This chapter is a partially from the tech report "An Artificial Intelligence Platform for Network-Wide Congestion

Detection and Prediction using Multi-Source Data" published by Connected Cities for Smart Mobility toward Accessible

and Resilient Transportation Center (C2SMART) and extended based on the new progress of the traffix.ai project. (National

Transportation Library: https://rosap.ntl.bts.gov/view/dot/49166)
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10
M E A S U R I N G N E T W O R K - W I D E T R A F F I C P E R F O R M A N C E U S I N G T R A F F I C

P E R F O R M A N C E S C O R E

10.1 overview

Traffic performance measurement is incredibly beneficial to both transportation agencies, who

use this data as a source of strategy for operations and management, and to the general public,

as traffic patterns impact daily life. Many classical traffic performance metrics, including speed,

volume, travel time, etc., provide relatively intuitive information about the traffic status of a

roadway segment or a specific corridor. However, there are few existing metrics that can indicate

network-wide traffic performance. This is especially true when the traffic network scale is large

enough to cover an entire city. Further, because most existing traffic metrics only measure one

element of traffic stream characteristics, they have difficulty distinguishing complicated traffic

scenarios. For example, two roadways with the same traffic speed, one with a high volume and

one low volume, at two different times, indicates two entirely different traffic scenarios. Therefore,

to overcome the shortcomings of these classical traffic metrics, this study attempts to develop a

measurement metric to indicate the network-wide traffic performance in a more comprehensive

way.

The first COVID-19 case in the United States was reported in January 2020. Since that time,

cases have occurred in all 50 U.S. states. By the end of May, 2020, the U.S. has more than

1,800,000 confirmed cases and more than 100,000 deaths (David, 2020). This pandemic has not

only dramatically influenced the social and economic activities, but also hugely affected the

transportation system. Traffic patterns in most cities have been entirely reshaped since January,
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Figure 10.1: The web interface of the traffic performance score platform.

due to COVID-19. For example, historical traffic data indicates that the traffic volume in the

Greater Seattle, Washington, area started to decline four weeks before the Washington State’s

stay-at-home order on March 23. On the week the stay-at-home order was released, traffic volume

dropped significantly. Many other aspects of the traffic have also been affected by COVID-19,

such as dramatic decreased in public transportation, traffic safety and traffic congestion. Since

the pandemic reached the U.S., its influence on transportation has been extensively studied

by agencies, researchers, and private companies. Although aspects of the impact have been

quantitatively and qualitatively analyzed based on massive data, few studies have been able to

measure the impact of COVID-19 on urban mobility from both a road segment level and a traffic

network level. One of the targets of this study was to build and release a big data-based traffic

performance measurement platform to assist in COVID-19 related analysis.

To observe changes in traffic patterns due to COVID-19, interested parties can utilize public

map services, such as Google Map and Apple Map, or review performance metrics from public

agencies. However, in most cases, these traffic performance measurements only provide fine-

grained (i.e. road segment-level) real-time traffic information or coarse-grained (i.e. network-level)
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long-term traffic analysis. During the COVID-19 pandemic, segment-level, long-term analysis

and network-wide, real-time traffic performance information are vital to guide personal travel

activities and support agency transportation operation management. The network-wide lane-

level traffic as well as the traffic performance score are good data sources for enhancing traffic

forecasting performance. To this end, this study analyzes both segment-level and network-level

traffic performance based on a proposed traffic performance score and other existing traffic

metrics, such as vehicle miles of travel (VMT). To measure the impact of COVID-19 on traffic, both

short-term and long-term mobility patterns are analyzed.

10.1.1 Contribution and Organization of the Chapter

The contribution of this paper can be summarized as follows:

1. A traffic performance score (TPS) for measuring network-wide traffic is proposed. The TPS

is also implemented on a public accessible TPS platform 1 for the Greater Seattle area, as

shown in Figure 10.1.

2. The network-wide traffic performance under the influence of COVID-19 in the Greater

Seattle area is analyzed based on the proposed TPS and other metrics. The variations of TPS

and VMT show that responses to the pandemic greatly affect urban traffic.

3. The traffic changes of different road segments in the traffic network are analyzed from

both travel demand and driving behaviour perspectives, to investigate how COVID-19 is

reshaping the urban mobility.

In the following sections, we first introduce the existing traffic performance metrics and COVID-

19 related analysis in Section 10.2. Section 10.3 introduces the proposed TPS and describes the

design principles and techniques used to develop the TPS platform. Then, Section 10.4 presents

the traffic performance changes in response to COVID-19 from network-scale perspective. Finally,

Section 10.5 summarizes this chapter.

1 TPS Platform: http://tps.uwstarlab.org/
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10.2 related work

10.2.1 Existing Traffic Performance Metrics

Traffic performance metrics are based on various essential traffic parameters such as speed, travel

time, delay, volume, density, and vehicle miles traveled (VMT). This section summarizes several

traditional traffic performance metrics and discusses some recent related studies.

• Travel Time Index (TTI) (Bharti et al., 2013): compares peak (investigated) travel time and

free-flow travel time, as defined by:

TTI =
Peak Period Travel Time
Free-Flow Travel Time

(10.1)

A large TTI value indicates a state of congested traffic. One of the limitations of TTI is that,

while it has a lower bound, it does not have any upper bound.

• Level of Service (LOS): one of the most popular traffic performance metrics. The Highway

Capacity Manual (HCM) (Manual, 2016) divides traffic operations into six levels based

on traffic density: A (free flow), B (reasonably free flow), C (stable flow), D (approaching

unstable flow), E (unstable flow), and F (forced or breakdown flow). While LOS is easy to

understand, it also has the following limitations: (1) it is hard to measure traffic density; and

(2) LOS is not a continuous metric.

• Lane Mile Duration Index (LMDI) (Rao and Rao, 2012): calculated by summing over the

product of congested segment length and congestion time, as shown in the following

equation:

LMDI =
m

∑
i=0

Li ∗ ti (10.2)

where Li is the length of the segment i, ti is the congestion time of segment i, and m is the

total number of segments. One of the limitations of this metric is that it is not scaled and

thus can not be used to compare the performances of different traffic networks, due to the

fact that the total number of segments may be different in each network.
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Recently, He et al. (2016) proposed a framework to evaluate traffic performance of road segments

and network. This basic metric is named speed performance index which simply averages speed

divided by the free flow speed. To aggregate segment-based metrics to network scale, segment

lengths were used as weights for aggregation. Lee and Hong (2014) proposed a traffic performance

metric called Traffic Congestion Score (TCS) based on link travel speeds. The TCS is calculated as:

TCSi =



100% vi ≤ 0

0% vi ≥ vl

(1− vi
vl
)× 100% otherwise

(10.3)

where vi is the average travel speed of link i, vl is the speed limit.

To summarize, there are several important limitations for the existing traffic performance

metrics: (1) they consider only single, simple metrics such as speed or travel time, which cannot

fully capture the state of traffic; (2) most of the performance metrics can only investigate individual

segments rather than corridors or entire traffic networks; and (3) the above summarized methods

have not incorporated VMT to reflect the total travel demands. In this work, to overcome these

limitations, a metric to measure network-wide traffic performance is proposed.

10.2.2 Impact of COVID-19 on Transportation

Since COVID-19 first appeared, most cities around the world have implemented varying degrees

of lock-down policies for their residents, which has had a direct impact on human mobility.

Accordingly, many recent studies have sought to investigate the impact of COVID-19 on trans-

portation. Further, many organizations and companies, such as INRIX, TomTom, Google, and

Mapbox, have provided significant amounts of data and tools for COVID-19 related research.

Most research that investigates COVID-19’s impacts on human mobility is based on traffic

volume or VMT. Mescheder (2020) shows how traffic data can help inform policy decisions by

visualizing residual mobility along side new cases of COVID-19, based on data from TomTom.

This work asserts that traffic data suffices as a measure of the policy because of its time and space

attributes. Another report (Marchant, 2020) investigating the effect of the COVID-19 lockdown
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on mobility reveals that the top ten cities with the highest traffic reductions worldwide all saw

reductions of over 80%. Shi and Fang (2020) examined the time-lagged effect between outbound

traffic from Wuhan, China, and the status of the COVID-19 pandemic.

Other COVID-19-related research has focused on traffic safety metrics such as incident numbers

and implications of social distancing. C2SMART, University Transportation Center at New York

University, released a white paper (Gao et al., 2020) on the impact of COVID-19 on the trans-

portation system, which uses the New York metropolitan area as a case study to analyze transit

ridership, subway turnstile entries, traffic on bridges and tunnels, travel time, and the number of

crashes during COVID-19. Zhang et al. (2020) developed an interactive COVID-19 Impact Analysis

Platform introducing nine metrics related to human mobility and social distancing, and fifteen

metrics on COVID-19 and health at the nation-, state-, and county-levels. The social distancing

index introduced in this research provides meaningful support for decisions on travel and social

distancing policies.

Other recent research explores the impact of COVID-19 on traffic congestion. A congestion index

(Clarke, 2020) based on the traffic index from TomTom was introduced to compare congestion

during peak hours in 2019 and 2020. After the COVID-19 lockdown policies were announced,

the congestion indices of cities around the world declined to varying degrees. Hurley (2020) also

proposed a traffic congestion index defined as the percent difference between drive times and the

average baseline drive time. Based on the data collected from Google Maps Distance Matrix API,

the daily and hourly congestion levels were analyzed. This study found that reduced congestion

is also related to the weather. Finally, Maricopa Association of Governments in Arizona, released a

report (Governments, 2020) tracking traffic congestion during COVID-19 stay-at-home restrictions

based on traffic volumes from INRIX data.

Based the work described above, it appears traffic metrics are affected by the COVID-19

pandemic from multiple perspectives. Based on this assertion other research has investigated

changes in travel patterns due to changing traffic scenarios. Grosso et al. (2020) analyzed changes

in public transit, bicycling and scootering, air travel, driving, ride-hailing, and delivery vehicles

based on stay-at-home policies. Baruchman (2020) compared traffic patterns from January 13 to

April 27 in Seattle based on GPS mobile device data collected by Mapbox. This work finds that

traffic on major highways and freeways declined, while traffic on neighborhood streets increased.
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However, the methods employed were not sufficient to show detailed data and the trend of the

change.

Beyond the present, COVID-19 is likely to have long-term effects even as cases and deaths wane.

INRIX published a United States National Activity Re-Emergence Map to track the trend of city

activities recovering from COVID-19 (INRIX, 2020). Hu et al. (2020) analyzed the travel mode shift

effect on traffic caused by COVID-19. This work predicted travel time, post pandemic, across the

United States with an interactive Rebound Calculator. It analyzed shifts from transit commuters

to single occupancy, from carpool to single occupancy, job loss, and shifts to remote work. The

findings indicate that the long term effects of the pandemic on travel may result in increased

travel time as communities reopen. Tardivo et al. (2020) published work on COVID-19’s impact on

railway system. This paper illustrates the effect on global travel manners and the possible rebound

of traffic activities after the COVID-19.

In summary, many studies have analyzed the impact of COVID-19 on transportation from

various aspects, including impacts on average speed, traffic volume, traffic congestion, traffic

patterns, the future effects and so on. However, few researchers have developed indices to

intuitively show traffic variation. Those who have developed indices, narrowly focused on one

aspect of the impacts but not comprehensive changes to the network. Thus, this study proposes

a traffic performance score to measure traffic conditions, and also analyzes how COVID-19 is

reshaping urban mobility from road segment and network perspectives.

10.3 traffic performance score

Performance monitoring is critical for roadway operations, including real-time applications and

operational planning, and transportation planning. According to Turner et al. (2004), travel time

is the basis for defining mobility-based performance measures. To that end, many performance

measures have been designed, such as average travel speed, travel time, travel rate index, and delay

per VMT. However, most of the existing performance measures are road segment or trip-based

measures. These existing metrics cannot measure performance over a complicated road network.

In this section, this paper outlines a traffic performance score to measure performance from the

road network perspective.
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Figure 10.2: The spatial distributions of the loop detector sensors in the Greater Seattle area.

10.3.1 Data Source

The TPS is calculated based on data collected from roughly 8000 inductive loop detectors deployed

on the freeway network in the northwest region in Washington State. The freeway network mainly

includes several major freeways, such as I-5, I-90, I-99, I-167, I-405, and SR-520. The raw data

comes from the online Washington State Department of Transportation (WSDOT) Traffic Data

Archive Folder 2. Representative detectors are shown by blue dots in the map in Figure 10.2.

The raw data contains lane-wise speed, volume, and occupancy (density) information collected

by each loop detector. Each detector’s meta data includes detector category, route, milepost,

director, direction, address. Based on the consecutive detectors’ location information, freeways

can be separated into tiny road segments, each of which contains one loop detector per lane. A

road segment’s length is then considered as the corresponding detector’s covered length. The time

interval of the data is one-minute.

Other data sources includes public agencies, public accessible datasets, and official COVID-19

related datasets. In this study, the COVID-19 datasets come from the Wikipedia page of COVID-19

pandemic in Washington 3.

2 Website: http://data.wsdot.wa.gov/traffic/
3 https://en.wikipedia.org/wiki/COVID-19_pandemic_in_Washington_(state)
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10.3.2 Definition

Normally the physical properties of road segments are invariant, but the traffic stream parameters

on each segment, including volume (Q), speed (V), and density (K), keep changing. In order

to measure the traffic performance of the traffic network, these traffic parameters at each road

segment should be taken into account. Since volume, speed, and density are all related to each

other, only two of them need to be incorporated. Thus, 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, which (Q · L) basically

represents the vehicle miles of travel (VMT) of the road segment. Then, the TPS is defined as:

TPSt =
∑n

i=1 Vi
t ·Qi

t · Li

∑n
i=1 Vf ·Qi

t · Li
× 100% (10.4)

where Vi
t and Qi

t represent the speed and volume of each road segment 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, the TPS 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%.

10.3.3 System Design

Based on multi-source real-time data, the network-wide and segment-level traffic performance

measurement analytical functions and applications are implemented on an interactive publicly

accessible web-based traffic performance score platform (http://tps.uwstarlab.org/). This plat-

form integrates real-time data streaming, data source pre-processing, data storage, data modeling,

and analytical data visualization using the Streamlit tool 4 which is typically employed to build

highly interactive machine learning and data science web applications. The architecture of the

platform contains three primary layers is shown in Figure 10.3.

The first layer is the data streaming and pre-processing layer. The real-time inductive loop

detector data from WSDOT API is cleaned, archived, and processed in parallel to calculate

4 https://www.streamlit.io/
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Figure 10.3: Architecture of Traffic Performance Score Platform

network-wide and segment-level traffic performance metrics. The second layer of the platform is

mainly responsible for storing traffic raw data and calculated intermediate traffic performance

metrics into the database, and building the connections between different datasets based on their

spatial-temporal properties. Specifically, each road segment’s traffic data is linked to the segment’s

geospatial properties based on the roadway segment’s GIS information, i.e. the WSDOT 24K map

5. In the third layer, advanced interactive spatial-temporal data visualization tools are employed to

demonstrate a variety of network- and segment-level traffic performance measurement analysis

results.

10.4 traffic changes in response to covid-19

In this section, the impact of COVID-19 on traffic changes reflected by different traffic perfor-

mance metrics is discussed. Firstly, government responses to COVID-19 in Washington State are

5 https://www.wsdot.wa.gov/mapsdata/geodatacatalog/maps/NOSCALE/DOT_TDO/LRS/WSDOT_LRS.htm
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Figure 10.4: COVID-19 cases in Washington State and network-wide traffic performance score in the Greater

Seattle area.

investigated, as well as some responses from large employers in and around Seattle, listed as

follows:

• March 6: Major tech companies ask Seattle employees to work from home. Amazon and

Facebook shut down individual offices as well.

• March 9: University of Washington (UW) suspends on-site classes and finals.

• March 13: Washington state governor announces statewide school closures, expansion of

limits on large gatherings.

• March 16: Washington state governor announces statewide shutdown of restaurants, bars

and expanded social gathering limits.

• March 23: Washington state governor announces "Stay Home, Stay Healthy" order.

• April 2: Washington state governor extends "Stay Home, Stay Healthy" through May 4.

10.4.1 Impact of COVID-19 on TPS

Since the first death from COVID-19 in the U.S. was announced in Kirkland, an east-side suburb

of Seattle, on February 29, 2020, the traffic pattern in the Greater Seattle area has gradually
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Figure 10.5: Weekday rush hour TPS of freeway general purpose (GP) lanes.

changed along with the public response to COVID-19. COVID-19 cases and the calculated daily

network-wide TPS are displayed on the TPS platform, as shown in Figure 10.4. The red, yellow,

and black dotted lines shows cumulative confirmed cases, daily new cases, and cumulative deaths,

respectively. Although the values of TPS on weekends generally approach 100%, it can be observed

that the TPS dramatically increased on weekdays in March. The weekday TPS reached its peak in

early April and then gradually decreased, though it still had not recovered to its pre-COVID-19

status as of early June 2020.

In Figure 10.5, the government and major employer responses to the pandemic are illustrated

in order to demonstrate their influence on the TPS. Figure 10.5, only shows the weekday rush

hour TPS on freeway general purpose (GP) lanes. Based on the preliminary analysis, the average

weekday TPS during the rush hour was 83.5% before COVID-19 (from Jan. 21 to Feb. 28). By March

2, the TPS began to increase, implying that residents started to decrease or stagger their traveling

activities. After tech companies shut down offices on March 6 and UW moved classes online on

March 9, the TPS increased to 92.7%. The orders of statewide school closure and restaurants/bars

shutdown led the further increase of the TPS to 95.9%. Finally, once the governor’s stay-home

order was announced, the TPS leveled out at its highest point around 98%.
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Figure 10.6: Daily VMT changes on weekdays.

10.4.2 Impact of COVID-19 on VMT

VMT is another important metric measuring the amount of travel for all vehicles in a geographic

region over a given period of time. Given the lane-level loop detector data, the VMT of the

freeway system in the Greater Seattle area can be calculated. Figure 10.6 shows the variations of

daily VMT on weekdays before and during the presence of the COVID-19 pandemic. Before the

outbreak, VMT on the freeway system in the Greater Seattle area was steadily around 16 million

per weekday. In correlation with rises in new cases and deaths, and the government and large

employer responses, the VMT began to decrease. When Gov. Inslee announced the stay-home

order on March 23, the daily VMT dropped by more than half compared to the daily VMT before

COVID-19. On March 30, the daily VMT reached the lowest value around 7.1 million.

While the variations of daily VMT are small, weekly VMT clearly reflects the impact of the

government and large employer responses to COVID-19. Figure 10.7 shows the percentage of the

weekly VMT change with respect to the week prior from early February to late April 2020. It is

apparent that weekly VMT remained relatively constant before March, but began to noticeable

decline in early March. When the stay-home order was announced in the week starting from

March 23, the weekly VMT decreased by its largest single drop, showing a 28.5% decline w.r.t. to

that of the previous week. It continued to decline until early April. The weekly VMT started to
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Figure 10.7: Weekly VMT changes with respect to that of the previous week.

increase from the week of April 6, but the growth rate is relatively low compared to the rate of

decrease through the month of March, staying around 7%.

The TPS platform also provides a comparison function to contrast the daily VMT with a baseline,

i.e. the averaged VMT on each day of the week during a specific period. Figure 10.8 shows the

daily VMT by the blue line and VMT changes w.r.t. the baseline from January 19 to February 22

by the green line. The VMT variation in Figure 10.8 shows a similar trend to that in Figure 10.6,

where the VMT dropped rapidly at the beginning of COVID-19 and gradually increased after the

stay-home order was announced. However, the green line in Figure 10.8 also shows greater detail

with regard to weekdays vs. weekends. Namely, weekends showed a much larger drop in the

VMT as compared to weekdays, which suggests that weekday traffic during COVID-19 was closer

to normal, pre-COVID-19 traffic as compared to weekends. One potential explanation may be that

non-essential trips over the weekend reduced significantly during COVID-19, but the necessary

trips taken on weekdays for supporting essential social and economic operations, remained more

consistent with pre-COVID-19 patterns.

10.4.3 How is COVID-19 Reshaping Urban Mobility?

Although TPS and VMT reflect different aspects of traffic performance characteristics, they both

measures the network-wide traffic performance. The traffic performance changes reflected by
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Figure 10.8: VMT changes with respect to baseline. The baseline is the averaged VMT on each day of the

week from Jan. 19 to Feb. 22, 2020.

these two metrics show similar trends during the COVID-19 pandemic. However, because road

segments in the traffic system distribute vehicles in different spatial regions and have differing

functional properties, the impacts on road segments might differ from one another. Thus, to

better get at more detailed traffic changes, it is also beneficial to analyze road segment-level traffic

performance.

In the Greater Seattle area, four major connected freeways, including I-5, I-90, I-405, and SR-520,

form a large network connecting the City of Seattle, the City of Bellevue, the Seattle-Tacoma

International Airport, and many other important functional areas. To analyze segment-level traffic

performance, this traffic network, consisting of more than 180 miles roadways, is separated into

small road segments with the length of two miles. In this way, traffic performance metrics for

each segment can be calculated. In this section, the traffic changes of different road segments are

analyzed to investigate how COVID-19 is reshaping urban mobility.
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Segment 01-19 to 02-29 03-01 to 03-07 03-08 to 03-14 03-15 to 03-21 03-22 to 03-28 03-29 to 04-04 04-05 to 04-11 04-12 to 04-18 04-19 to 04-25 04-26 to 05-02 05-03 to 05-09 05-10 to 05-16
5, SB, 179 to 181 1190 1174 1125 947 717 652 684 726 766 813 908 938
5, SB, 163 to 165 1176 1166 1072 893 688 622 651 683 722 765 846 861

405, NB, 8 to 10 1169 1157 1082 927 699 614 648 682 725 772 867 894
405, NB, 6 to 8 1153 1147 1091 942 711 626 661 697 744 795 888 921

405, SB, 6 to 8 1150 1139 1079 906 695 613 644 683 721 772 857 870
5, SB, 165 to 167 1124 1126 1054 893 674 609 627 667 702 744 830 831
405, SB, 8 to 10 1095 1093 1035 876 673 593 624 658 693 744 831 842
5, SB, 175 to 177 1078 1066 1013 851 648 588 617 654 688 728 812 836
5, SB, 161 to 163 1060 1044 957 796 605 545 542 537 566 603 664 680

405, SB, 0 to 2 1055 1041 963 793 600 545 566 597 630 666 736 744
405, NB, 28 to 30 1047 1011 966 826 628 566 574 630 673 708 798 818

405, NB, 18 to 20 1047 1009 944 793 594 521 559 591 623 666 764 785
5, NB, 167 to 169 1046 1021 918 746 549 492 494 536 565 601 679 693
405, NB, 0 to 2 1041 1053 983 827 640 578 577 627 658 692 760 773

5, SB, 169 to 171 1033 1058 996 819 610 551 582 612 649 689 776 793
405, SB, 24 to 26 1029 999 982 853 645 575 618 655 694 741 838 862

5, NB, 161 to 163 1028 1037 1004 857 683 628 605 704 745 783 855 895
5, SB, 167 to 169 1000 1000 928 758 562 508 518 552 584 622 702 709
5, SB, 171 to 173 998 1007 936 764 561 504 520 564 601 678 766 788
5, SB, 173 to 175 995 988 924 767 577 519 526 568 601 636 714 735
90, WB, 11 to 13 988 978 916 765 533 465 469 512 542 581 695 716

90, WB, 13 to 15 983 956 885 736 513 448 439 493 520 554 659 676
5, SB, 157 to 159 981 964 879 723 533 472 473 504 529 559 622 635

5, NB, 165 to 167 980 966 915 776 571 506 514 558 591 630 702 772
5, SB, 153 to 183 976 969 900 748 563 506 519 551 582 617 694 706
405, SB, 26 to 28 972 940 909 781 585 521 558 591 629 669 757 781
5, NB, 169 to 171 970 958 869 711 526 471 460 517 545 581 659 674
5, NB, 153 to 155 969 951 894 751 575 511 526 556 591 625 689 721

5, NB, 179 to 181 963 924 867 731 547 494 516 550 581 618 693 709
5, SB, 159 to 161 949 934 850 701 516 455 466 487 512 541 604 619

5, SB, 177 to 179 939 914 859 721 552 497 522 560 589 624 698 719
5, NB, 157 to 159 928 903 856 722 536 478 488 517 543 575 614 659
405, SB, 0 to 30 921 893 844 711 534 470 499 529 559 599 680 697
405, NB, 12 to 14 920 882 804 663 480 414 440 466 496 532 615 635
5, NB, 153 to 183 916 897 839 702 527 472 478 515 544 575 641 664

405, SB, 18 to 20 913 873 826 695 521 456 489 520 547 587 673 690
405, NB, 26 to 28 911 883 834 708 529 470 504 528 565 597 678 696

90, EB, 13 to 15 902 851 751 611 419 362 375 404 425 458 554 561
5, NB, 171 to 173 901 884 806 663 493 443 440 486 511 534 606 621
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Figure 10.9: Road segment rank based on volume per lane per hour (VpLpH) of the freeway network in

the Greater Seattle area. The header shows the time periods, in which the first period (01-19

to 02-29) is considered as the baseline. The values in table cells indicate a segments’ VpLpH

during each respective period.

214



10.4.3.1 Reshaping Travel Demand

As articulated in the previous section, the traffic volume over the entire freeway network decreased.

However, because each road segment serves different functions, the volume of some segments

during COVID-19 reduced more dramatically, while others did not. To quantify the relative volume

changes of road segments during COVID-19, the volume per lane per hour (VpLpH) of road

segments is caluclated during a specific period and then ranked. Figure 10.9 shows 40 segments,

using different colors to visual their respective rank during the time period from January to May

2020. The value in each cell represents the VpLpH of the corresponding segment during a specific

period, and the headers show the time periods, where the first period, or column, (from Jan. 19 to

Feb. 29) is considered the baseline. It can be observed that the ranking is in order from red to green

in the first column (the baseline) but then does not stay constant throughout each time period. This

shows that although the VpLpH of all the segments decreased, the ranks did not remain constant.

The ranks of several segments noticeably increased while the ranks of several others decreased,

which is why columns other than the baseline column do not maintain the clear gradient from

red to green. The relative increase in VpLpH suggests an increased importance of those road

segments marked with red color. Conversely, those road segments (rows) that move to a darker

green suggest those segments are less important during the COVID-19 pandemic. The change of

ranks, or say the relative importance of road segments, results due to the change of travel demand

under the influence of COVID-19. The stay-home order caused many residents to reduce daily

travel. But the trips made by the people who maintain essential services likely did not see the

same drop. As Figure 10.9 shows, the decreased travel demand is not evenly distributed across the

traffic network. This presents an opportunity to further analyze the functional role of each road

segment. Interestingly, the VpLpH changes of road segments at I-5 from milepost 161 to 163 in

each direction, which located between the City of Seattle and the Sea-Tac Airport, flip; where the

southbound segment gets greener over time, suggesting it is of less importance during COVID-19,

while the northbound segment gets redder, suggesting it is of more importance. The rank of the

northbound segment increased from around 20 to top 2, but the rank of the southbound segment

gradually decreased from around 10 to around 30. These significant rank changes reflect the shift
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in the respective roles of each road segments on the network during COVID-19 as compared to

normal traffic scenarios.

10.4.3.2 Reshaping Driving Behaviour

01-19
01-26

02-02
02-09

02-16
02-23

03-01
03-08

03-15
03-22

03-29
04-05

04-12
04-19

04-26
05-03

05-10

Starting Date of a Week

0.00%

0.50%

1.00%

1.50%

2.00%

2.50%

3.00%

Pe
rc

en
ta

ge
 o

f S
pe

ed
in

g 
Ve

hi
cle

s Speed > 65mph
Speed > 70mph
Speed > 75mph
Speed > 80mph
Speed > 85mph

(a) I-5, Northbound, Milepost from 154 to 181

01-19
01-26

02-02
02-09

02-16
02-23

03-01
03-08

03-15
03-22

03-29
04-05

04-12
04-19

04-26
05-03

05-10

Starting Date of a Week

0.0%

1.0%

2.0%

3.0%

4.0%

Pe
rc

en
ta

ge
 o

f S
pe

ed
in

g 
Ve

hi
cle

s Speed > 65mph
Speed > 70mph
Speed > 75mph
Speed > 80mph
Speed > 85mph

(b) I-5, Northbound, Milepost from 154 to 181
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(c) I-405, Northbound, Milepost from 0 to 30
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(d) I-405, Southbound, Milepost from 0 to 30

01-19
01-26

02-02
02-09

02-16
02-23

03-01
03-08

03-15
03-22

03-29
04-05

04-12
04-19

04-26
05-03

05-10

Starting Date of a Week

0.00%

0.50%

1.00%

1.50%

2.00%

Pe
rc

en
ta

ge
 o

f S
pe

ed
in

g 
Ve

hi
cle

s Speed > 65mph
Speed > 70mph
Speed > 75mph
Speed > 80mph
Speed > 85mph

(e) SR-520, Eastbound, Milepost from 0 to 1
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(f) SR-520, Westbound, Milepost from 0 to 1

Figure 10.10: Percentages of speeding vehicles on major freeways in the Greater Seattle area before - and

during - COVID-19.

Because travel demand during COVID-19 has changed, the traffic scenarios for drivers has

also changed. Thus, an individual’s driving behavior might also be influenced by COVID-19.

News (Kaji et al., 2020; SULLIVAN, 2020) reported a rise in speeding in many States in the U.S.
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These conclusions in the news are traditionally drawn from officers’ observations or based on the

statistics of fatal crashes. In this section, we analyze and compare the speeding rates before, and

during, COVID-19.

Here, the percentage of speeding vehicles on a specific corridor or the road network based on

the lane-level loop detector data is calculated with one-minute time interval using the following

equation

SpeedingRate =
∑Vi>VTH

Qi

∑ Qi
(10.5)

where Vi and Qi are the detected speed and volume of a loop detector and VTH is the speeding

threshold. Figure 10.10 shows the percentages of speeding vehicles on three major freeways, I-5,

I-405, and SR-520, in the Greater Seattle area during each week before, and during, COVID-19

(from Jan. 19 to May. 10). Each sub-figure plots the time-varying percentage curves with different

speeding thresholds ranging from 65 miles per hour (mph) to 85 mph. The percentages of speeding

vehicles on I-5 and I-405 on both directions, as shown by Figure 10.10 (a) to (d), have similar

trends. The speeding rates reached a peak before COVID-19 around mid-February. In March, the

speeding rates gradually reduced and reached their lowest points at the end of March. Since then,

the speeding rates have started to increase. Ultimately, Figure 10.10 clearly shows that speeding

rates during COVID-19 were significantly less than those before COVID-19. The reduction in

speeding rates on SR-520, as shown in Figure 10.10 (e) and (f), are even dramatic than those for I-5

and I-405 after the stay-home order, as they suddenly reduced close to zero and did not rebound

like the percentage curves on I-5 and I-405.

It is important to note here, that when using loop detector data, the speed values of different

vehicles within the one-minute time interval observed by a loop detector are averaged. Thus it is

possible that one vehicle passing a detector may be driving at excessive speeds, but the observed

averaged speed of the detector within one minute does not capture this outlier. While a small

number of drivers may have driven at much higher speeds, the analysis results indicate that the

overall speeding rate of freeways in the Greater Seattle area during COVID-19 is noticeably less

than that before COVID-19.
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10.5 chapter summary

In this chapter, the traffic performance score to measure network-wide traffic performance is

proposed. Based on real-time loop detector data and other data sources, a traffic performance

score platform to display both network-level and segment level freeway traffic performance in the

Greater Seattle area is developed. Based on real-time traffic data and the calculated traffic metrics,

the impact of COVID-19 on traffic before and during COVID-19 are analyzed. The results show

that both TPS and VMT have similar patterns. Namely, that the urban traffic has been greatly

influenced by COVID-19, especially after the governors stay-home order was announced. The

road segment-level travel demand changes and driver behavior changes are also measured, which

reflects the ways COVID-19 is reshaping urban mobility.

The traffic patterns, travel demands, and driving behaviors in different segments of the region

have greatly changed following the outbreak of the pandemic. These impacts could be considered

temporary. However, many large, regional employers, such as technology companies, have begun

planning to allow employees to work from home permanently. If COVID-19 ultimately results in a

work-from-home revolution as many are hypothesizing, urban mobility will likely not return to

pre-COVID-19 patterns. Thus, the newly developed methods described in this work will be vital

for quantifying changing traffic patterns into the foreseeable future. Because the TPS platform is

built for scalability, it can easily be extended to cover more cities and regions across the country

and the globe, and can facilitate more comprehensive analysis functions. It will be an important

tool for agencies as they consider new policy directions moving forward.
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Part IV

F I N A L R E M A R K S



11
S U M M A RY A N D F U T U R E D I R E C T I O N S

This dissertation has introduced a series of deep learning-based models for solving the short-

term network-wide traffic forecasting problems under two scenarios, i.e. traffic forecasting with

and without missing values. The introduced traffic forecasting research can be categorized into

two types, ( ) learning traffic as a matrix using RNN-based networks and ( ) learning traffic

as a graph using graph-based neural networks. Furthermore, it has also introduced a set of

methodologies, applications, and platforms to process, integrate, and formulate transportation

data for enhancing prediction performance, testing existing traffic forecasting models, and sharing

experimental results as benchmarks to facilitate future research.

11.1 research findings and contributions

The main findings and research contributions can be categorized based on three parts of the

dissertation. Specifically, the following work has been completed, documented, and discussed:

• Part i: Prediction

– To deal with spatiotemporal traffic state data and fulfill short-term network-wide

traffic forecasting tasks, Chapter 3 ( ) attempted to stack bidirectional RNN with

unidirectional RNN to capture the bidirectional dependencies in time series data. It is

found that stacking RNNs can improve the traffic prediction performance. However,

the interpretability of RNN-based models should be improved.
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– To better characterize spatial properties of traffic data and extract localized topological

features from the road network, We learn the traffic network as a graph. In order to

incorporate roadway physical properties into the deep learning model, Chapter 4 ( )

presents the traffic graph convolutional operation, which incorporates traffic speed and

roadway length information, and combine it into the LSTM structure. It is shown that

the feature selection is more comprehensive and interpretable.

– To dynamically capture the localized features in road network-based graph, Chapter 5

( ) moves one step further to incorporate graph wavelet operation into the recurrent

neural network structure. The sparsity of the graph wavelet weight matrices can help

identify the most influential vertices in the road network-based graph and thus can

relatively interpret the model.

• Part ii: Prediction with Missing Values

– To deal with missing values in traffic prediction, Chapter 6 ( ) presents a new neural

network structure, LSTM with an imputation unit, to infer the missing values during

the prediction process.

– To solve missing values in the graph structure, we defined the traffic state transition

process as a graph Markov process. Based on the graph Markov process, Chapter 7

( ) proposes a graph Markov network incorporating the spatial dependencies between

neighboring links and those links’ temporal relationship between different time steps.

This new neural network structure is proved to fulfill imputing missing values and

predicting future traffic states at the same time.

• Part iii: Integration and Platforms

– To overcome the challenges brought on by immense transportation data, Chapter 8

describes a multi-source traffic data integration framework whose generated integrated

data can be a source of traffic prediction tasks.

– To facilitate future deep learning based network-wide traffic prediction research, Chap-

ter 9 ( ) introduces an open source platform, TraffiX.ai, which shares datasets, pub-

lishes source code, and posts evaluation results of existing deep learning-based traffic
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prediction models. Those results as benchmarks can benefit further deep learning-based

traffic prediction research.

– As a representative traffic prediction application, a network-wide traffic data based

performance measurement platform, TPS, is presented by Chapter 10. The TPS plat-

form has the capability of analyzing traffic performance under special conditions and

applying the proposed traffic prediction models into real applications.

11.2 challenges and opportunities

Future extensions of this work include carrying out more in-depth studies on efficiently learning

features from network-wide traffic network. The impact of missing values in historical traffic state

data will be further evaluated. To further facilitate traffic forecasting related research, the datasets

and models supported by the transportation AI platform will be expanded, and traffic forecasting

performance of more novel models will be tested and updated on the platform.

However, according to the research work and findings in this dissertation, we may expect new

challenges in the transportation data mining and traffic prediction research fields, especially

considering AI is continuously and acceleratively introduced into modern smart city development.

The challenges can be described from at lease three perspectives:

• Data: The challenges include but not limit to (1) do we have enough data for traffic prediction

task? (2) Are the datasets correctly selected? (3) What is the role of data integration and

fusion in traffic prediction? (4) Can we reach a consensus about what are the standard

datasets for traffic forecasting problems?

• Model: Developing and evaluating traffic forecasting models are also challenging in terms

of (1) designing effective feature selection modules, (2) properly tuning parameters in

complicated neural networks, and (3) developing customized physics-informed neural

networks to meet the intrinsic law of transportation systems.

• Application: We may need to answer several questions that are not technical but related to

the broad traffic prediction area as well: (1) is the model design the most critical component

for a successful traffic prediction application? (2) How to properly transfer the learned
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knowledge to apply existing model to different heterogeneous cities’ scenarios? (3) When

applying deep learning-based traffic forecasting models into real practice, how to combine

the strengths of agencies, private companies, and researchers?

In light of these challenges, we see great opportunities to leverage modern advances in artificial

intelligence to conduct promising research to fill the observed and potential gaps. As such, we

describe several research directions. Firstly, as we are entering the connected and autonomous

vehicles era, we can expect the types and volume of data generated from urban area, not only

related to transportation, will dramatically increase. Establishing a thorough spatial-temporal

data processing and fusion framework will be beneficial for urban data mining research. As for

traffic state estimation and prediction research, including estimating and predicting traffic volume,

speed, travel time, origin-destination, etc., developing customized advanced deep learning models

by combining urban/roadway properties will be promising. We also need to keep it in mind that

traffic state estimation and prediction is only a component of intelligent transportation systems.

Since the future state of traffic will affect the current drivers’ behaviors, combining traffic control

with traffic estimation and prediction and further estimating their interactive impacts will also

be promising research directions. Lastly, traffic prediction has been widely studied over the past

several years. How to apply the proposed model into real practice to benefit the public is still

deserved to be explored. A good example is the collaboration between Deep Mind and Google

for improving the accuracy of estimated times of arrival (ETAs) by using graph neural networks

(Lange and Perez, 2020). It will be promising for researchers to leverage the computation power

and datasets from private companies and agencies to solve real-world traffic problems.
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