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Abstract

PREDICTING TRAFFIC SPEED UNDER THE IMPACT OF MAINTENANCE DOWN-
TIME WITH GRAPH CONVOLUTIONAL NETWORKS

Yuanjie Lu
George Mason University, 2020

Thesis Director: Dr. David Lattanzi

In this paper, a traffic forecasting approach based on graph convolutional networks
is proposed to learn the effect of maintenance downtime on the surrounding area. Since
inappropriate construction can lead to traffic congestion, disturbance and accidents, it is
important to evaluate the work zone downtime effect. Furthermore, learning the correlation
between each roadway is essential because if construction is carried out, the upstream area
will not only block the downstream area, but also affect the surrounding areas. In order
to evaluate maintenance downtime effect on traffic roads, traffic speed predictions are used
by many researchers as the first experiment to quantify the impact of construction work
on traffic states. However, in early studies, there are many machine learning models and
time-series models used to predict the abrupt changes in the traffic speed and quantify
the impact of maintenance work, but these models cannot explain nonlinear relationships
between the speed with traffic incidents, nor can they dynamically describe the causes of
traffic speed changes, thus it is difficult to assess the impact of work zones in more complex
traffic environments. In addition, few studies based on the deep learning approaches are
used to measure the impact of traffic construction on the surrounding area, thus it is hard

to reference the latest literature based on deep learning to tackle the problem. To predict



traffic speed under the impact of construction work, we design a novel model based on the
graph convolutional neural network (GCN) to accommodate the spatial-temporal dependen-
cies among traffic states, differentiate the intensity of connecting to neighboring roads and
predict the speed under the road maintenance condition. The advantage of using a graph

convolutional network is that it can transfer real-time traffic information between each road

segment and adjacent segments, and automatically learn the non-structure features under
the impacts of traffic incidents. The more nodes and layers the network has, the more
information is involved in the calculation because each road segment represents a node and
shares its parameters throughout the network. If we use the graph model to construct a
node and find the correlation of its adjacent nodes, and then compare the predictive speed
according to historical data, we can quantify the influence of traffic incidents in the area,
making it possible to assess the economic losses in the event of traffic accidents. In the
experiment, we compare our model with four baselines on two real-world datasets which
are collected from the road sensor network around Tyson’s Corner and Los Angeles. The
result shows that our model is better than other benchmarks and proves that it is feasible to

provide more traffic information for graph-based models to improve traffic flow prediction.



Chapter 1: Introduction

1.1 Background

Road maintenance and restoration activities often involve roadway downtime with impacts
on traffic. This usually requires lane closures, disrupts traffic operation and not only causes
road congestion but also creates significant safety hazards. According to an urban mobility
report released in 2019 [1], the economic toll of traffic congestion has increased by nearly
48% over past ten years. In 2017, the average auto commuter spent extra 56 hours in the
car and wasted 21 gallons of fuel due to traffic congestion. These wasted time and fuel
costs add up to $1,080 per commuter. Moreover, the losses caused by road work zones are
nearly 10% of the overall loss and 24% of losses on the freeway in the US, which has become
the second-largest contributor to nonrecurring delay congestion [2]. Due to the economic
loss of traffic incidents, it is necessary to quantify the associated mobility impact of road
maintenance and restoration activities in order to enhance developed traffic management to
help civic engineers and research to set dot grid planner in smart transportation and help

drivers make informed choices to reduce traffic congestion.

1.2 Research problem

There are various challenges in traffic forecasting based on road maintenance. For instance,
how to distinguish between normal and abnormal traffic conditions, how to calculate the
complexity of traffic networks, how to form an efficient and intelligent methodology to
reflect the temporal and spatial correlation. Unfortunately, most traditional traffic speed
predictions are based on linear regression models since they are only characterized by traffic

speed, but fail to consider whether the speed is affected by normal traffic conditions or
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abnormal conditions. In addition, even if the normal traffic data is provided to models,
these models can only be used to predict traffic speeds that are not affected by any incidents.
Therefore, it is hard to find the correlation between traffic speed with other traffic factors
such as weather, temperature, human factors and traffic accidents, making it impossible to
provide accurate traffic information in more complex environments.

To predict the future speed under the impact of construction work, it is critical to choose
the speed data based on the construction conditions. Although there are many studies used
to predict traffic speed in the work area, they are mainly focused on traditional machine
learning methods to solve time-series problems, which require researchers to have some
expertise to perform data mining, data modeling and data analysis. In addition, these
studies only focus on the construction of the active area and upstream segments, while
ignoring the intersecting roads and the downstream surrounding area, so that they fail to
evaluate the influence of construction work in a region. Nowadays, more and more research
is based on deep learning approaches rather than traditional machine learning, however,
still few studies are used to measure the influence of construction work in regions. If we
extend the latest approach based on deep learning to measure the influence of construction
work, then in the future, we can improve the model to evaluate the influence under multiple

traffic incidents, so that traffic will be more efficient and convenient.

1.3 Contribution

We choose a model named ASTGCN as the basic model, which is the most advanced bench-
mark for predicting traffic speeds in 2019. To tackle the challenges in maintenance downtime
research, we extend the basic model and propose a framework called STGCN-WZ (spatio-
temporal graph convolution network for traffic forecasting under the work zone impact) to
evaluate the influence of construction work at every location on the traffic network. We
first identify several ideas about construction work that are not considered in the previous
literature, then we set up a new dataset that record the speed under the impact of main-
tenance downtime. After that, we use a sequence to sequence architecture based on a new

2



deep learning approach that uses historical time steps and construction work information to
predict future speed. Specifically, we feed traffic speed under the impact of work zones into
the multi-head attentions mechanisms, making our model capture spatio-temporal correla-
tions, then we utilize a graph convolution operation and a standard convolution operation
to process the speed, so that the model can learn the topological characteristics and the
temporal correlation. Finally, we make a comparison between predictive speed and the label
speed, to evaluate how much impact the work zones exert on the traffic speed. The main

contributions of this project are summarized as follows:

e We build a new real-world traffic dataset around Tyson’s Corner in Fairfax, Virginia
to record all traffic speed during each maintenance downtime event. We also have
maintenance downtime information recording the location and time of each construc-
tion work. This dataset is helpful for us to evaluate our model and other baselines

performance under the work zone condition.

e We consider several issues not involved in the construction literature. For example,
how to set the scope of the impact of construction on the surrounding area, how
to avoid the sparse data in the construction work feature map, and how to avoid
insufficient data in speed feature map and construction work feature map. To address
those issues, we build a formulation that sets the scope of impact of construction
on the construction work feature map and use a window sliding approach to obtain
the time steps during each construction work. As a result, our model proves that
the formulation is suitable for solving the problem of data sparseness and the sliding

window approach is helpful to solve the problem of insufficient data.

e We present a new learning objective to fuse multi-feature maps on the traffic network.
By setting the learnable weights for each feature map, STGCN-WZ is able to assess
how construction work affects traffic speed. In addition, we build a comparative model
that uses only historical speed to predict future speed to assess whether our model

exceeds other baselines of unused construction information. The experiment shows



that adding a new structural feature matrix can help the model gain more knowledge
on traffic network. If we continue to expand this approach, we also can capture other

traffic attributes such as traffic congestion, traffic accidents and human-factors.

1.4 Related work

In the existing literature, research on traffic speed prediction is allocated into three cate-
gories: traffic simulation approaches, statistical analysis approaches and machine learning
approaches [3].

Firstly, traffic simulation approaches are mainly used to simulate real-time traffic en-
vironment provided by the area-wide online traffic data to provide an estimation of traffic
time, cost of travel and short-term traffic predictions [4]. This method is beneficial to iden-
tify the levels of congestion of certain roads and find alternative routes. The approaches are
grouped into three modellings, which are microscopic modelling, mesoscopic modelling and
macroscopic modelling [5]. In fact, the real-time simulation solutions based in the context of
heterogeneous road networks such as urban, interurban, and rural have many challenges [6].
For example, due to the lack of detail and of flexibility in traffic simulation, researchers need
to be highly experienced with the most advanced simulation technology to make accurate
predictions. Furthermore, building this model requires a significant computing capability
under a large number of parameters such as location, traffic flow, density and shock waves.
Thus, traffic simulation approaches fail to predict the complex road networks.

Secondly, in the statistical analysis model, most of the traffic forecasting are based on
the regression functions, such as linear regression models, time series model and Kalman
filter models. Various models such as ARIMA model [7], seasonal ARIMA model [8], and
ARIMAX model[9] are used in successive time sequences of traffic variables to forecast
the traffic parameters for short-term periods. Markov chain model [10] and Kalman filter
model [11] also have been used to predict the traffic speed for short-term periods. The above

models consider the dynamic variation in the traffic state and have a convenient calculation.



However, none of these models can overcome the influence of abnormal factors or reflect
the nonlinearities and uncertainties of traffic data. Hence, it is powerless in large-scale and
abnormal data of traffic prediction.

Thirdly, in the machine learning model, most of the literature is based on the statistical
regularity of historical data, learning from the dynamic behavior of traffic system to predict
and evaluate the traffic state of future data. K-nearest neighbors algorithm (KNN) is one of
the most influential and popular methods among learning-based behavior, which uses traffic
speed as a prediction value to detect the traffic condition [12]. More advanced models such
as support vector machines(SVM) [13], online Support Vector Machine (SVM) [14] are
used to predict the accuracy according to the high dynamics and sensitivity of traffic flow.
Artificial neural network (ANNs) is also used for traffic predictions, because it can handle
multi-dimensional data and has the ability to work with flexibility and generalizability [15].
In the literature, Huang and Ran used an ANN model to predict the traffic speed during the
adverse weather conditions [16]. Moretti et al. [17] use a hybrid model combing statistical
and ANN to predict urban traffic flow . Another model called ANN-SVM, which integrates
two different machine learning methods, is used to improve the prediction accuracy further.
The ANN model is used to predict delays while the SVM model is used to predict work
zone capacities [15]. Although these traditional models only need enough historical data to
learn the statistical regularity automatically, researchers need to manually create the traffic
features, which means they need to have professional knowledge to select representative
data. In addition, these methods are limited to less complex traffic scenarios; if the traffic
data is influenced by abnormal factors, it is hard to collect and manipulate the data into a
usable and desired form.

To tackle the issues of traditional models, researchers have deployed a more advanced and
powerful model named deep learning into traffic prediction. It enables machines to learn
characteristic value automatically, not only freeing them from the limitations of human-

made manipulation features but also building the area-wide spatiotemporal dependencies.



At the beginning of research in deep learning, some methods only consider temporal de-
pendence. In [18], Huang et al. proposed a network architecture combined with DBN
and a regression model, which is used to capture the random features from multiply traf-
fic dataset. In the long short-term memory (LSTM) neural network and recurrent neural
network (RNN), Ma et al. [19] proposes a neural network named LSTM NN to capture the
nonlinear traffic dynamically and they also combine deep restricted Boltzmann machines
(RBM) with a recurrent neural network (RNN) to improve the model performance. The
above models only reflect the correlation between traffic forecasting and time but fail to
reflect the spatial structure; they cannot accurately predict the change of conditions in the
traffic network. In addition, once the spatial structure of the research area changes, the
results are not representative. To capture the spatial correlation, many researchers have
developed more efficient ways to incorporate traffic information into a spatial structure. For
example, Jo et al. [20] convert traffic datasets into an enhanced physical map as both input
and output, using a convolutional neural network to forecast the speed based on image-
to-image learning. Genders et al. [21] propose a state space to encode the discrete traffic
states as inputs to a deep convolutional neural network and abbreviate the topology of the
transportation network to a simple grid structure. Although these conversion methods can
capture the spatial relationship, before implementing the methods, complex data prepro-
cessing is required. Besides, simplifying the transportation network will cause a distortion
of the actual network shape, which results in a biased spatial correlation.

The best plausible way to incorporate the topology of a traffic network into a deep
neural network is a graph neural network (GNN), which was initially outlined in Gori et
al. [22] and further elaborated in Scarselli et al. [23] and Gallicchio et al. [24]. In road
transportation, data is mainly collected from traffic sensors, which are devices that provide
data or information to support traffic management applications such as signal control,
gathering of vehicle volume and incident detection [25]. Because sensors provide their
geographic location, multiple sensors can be linked to a matrix to effectively reflect spatial

dependencies. Compared with the previous deep learning methods, GNN requires a smaller



number of weight parameters and has a superior performance [26]. Other powerful aspects
of the graph neural network are that it redefines the irregular structure data on the graph,
stores the features in each node, and then extracts the spatial features of the topological
graph. There are many studies on graph neural networks, which are divided into three
main categories according to historical development, namely network embedding, recurrent
graph neural networks and graph convolutional network [26]. First, network embedding
is used for mapping graph nodes to vectors in a low-dimensional and more discriminative
space [27]. The advantage of this is that the data can be compressed, thereby it can
reduce the computational complexity and increase the calculation speed. However, it is
difficult to find the best dimension in actual embedding. Lower dimensions can reduce
the complexity of time and space but undoubtedly lose the information in the original
image. In addition, the model mainly lacks the generalization ability. Whenever a new
node is added in the data, it needs to retrain the model to represent this node. Therefore,
this model is not suitable for a dynamic graph. To solve the limitation, Kang et al. [28]
introduce a model that use graph self-attention layers with Gumbel-Softmax technique to
learn graph-level spatial embedding. Zheng et al. [29] propose a graph multi-attention
network based on embedding the original data to learn spatial correlations and non-linear
temporal correlations. Second, recurrent graph neural networks (RecGNNs) are essential
to the development of graph neural networks. The design is based on traditional recurrent
neural networks as models of sequential data and the purpose is to continuously learn a
target node’s representation by propagating information with neighboring nodes around a
central node until stable equilibrium is reached [26]. Implementations of graph recurrent
architecture can be found in [30], [23], focusing on several expansion methods of recurrent
graph neural and process general types of graphs such as acyclic, cyclic, directed, and
undirected, etc. However, using RecGNNs is computationally expensive; it only transmits
the information of each node clustering and updates the state of its own node, which
cannot capture the spatial relationships in the traffic network. Inspired by the success

of convolutional neural networks in computer vision, many researchers have attempted to



find the operation of convolution in graph data. Cui et al. [31] propose a framework that
using CNN to capture spatial structures and using LSTM to capture temporal structures to
learn the interactions between each road and predict the traffic state. Li et al. [32] introduce
a framework named DCRNN to incorporates both spatial and temporal dependencies in the
traffic flow, where the spatial dependency is obtained by bidirectional random walks on the
graph. Those methods mentioned above belong to the most notable branch of the GNN
methods, called graph convolution networks (GCNs).

Instead of iterating states and propagating information from a sequence of nodes, GCNs
attempt to support a graph with a fixed structure and build convolutional layers to extract
essential features. As GNNs are more convenient to extract the spatial feature from the
topological map, many new frameworks such as graph attention network [33], Variational
Graph Auto-Encoders [34] and spatio-temporal graph neural networks [35] are based on this
theory for graph modeling. GCNs fall into two types: spectral-domain and spatial-domain.
Firstly, spatial-based approaches inherit the theory from RecGNNs, it is used to sum the
neighboring vertex around a center vertex, in other words, the embedding of nodes is the
aggregation result of all the neighbor nodes embedding including self-embedding. In 2009,
Micheli et al. [36] use the idea of message passing from RecGNNs, using a constructive
neural network named NN4G to address the graph dependency, which is the pioneer for
subsequent spatial domain research. Secondly, spectral-based approaches use algebraic and
spectral graph theoretic concepts to process the signal on graphs[37]. In 2013, Bruna et al.
[38] first introduce a graph convolution based on spectral graph theory. In fact, most of the
researches in the traffic prediction are based on the spectral domain, because the spatial-
based domain needs to initialize a central vertex as the starting point of the sequence, then
propagate and update the vertex state based on its neighbors. However, the neighborhood
of each node is structured differently and therefore it is unfeasible to define a standard
convolution in the graph.

To design a convolution in the graph, researchers turn to spectral-domain approaches,

which relies on a graph Fourier basis generalize to new undirected graphs and study the



influence of the eigenvalues of the Laplacian matrix and the corresponding eigenvectors on
the topological properties of the graph. Since the Laplacian matrix is a symmetric matrix,
it can be decomposed and its spatial characteristics can be obtained through the Laplacian
operator. More details of graph convolutional network theory will be described in a later
section. In spectral research, Yu et al. [35] pioneered a model that predicts traffic speeds
by combining the GCN and the GRU model, where the GCN is used to learn topological
structures for capturing the spatial correlation and the GRU is used to learn variations of
each tensor for capturing the temporal dependencies. Guo et al. [39] first attempt to apply
attention method into the model to reflect the dynamic spatio-temporal correlations of traf-
fic data. Zheng et al. [29] propose an encoder-decoder architecture and apply a transform
attention mechanism, where both the encoder and decoder consist of the multi self-attention
in the network. Zhou et al. [40] design a new policy gradient to update the model param-
eters in order to alleviate the bias in the attention-based graph convolution neural model.
Nowadays, most existing methods mainly combine graph convolutional networks with other
most influential methods such as recurrent neural networks, natural language processing
to solve various traffic flow problems. However, these advanced methods are rarely used
to evaluate the spatial and temporal dependencies under the effects of traffic construction
downtime.

Based on the background, we propose a new neural network approach based on a state-
of-the-art baseline to capture the spatial and temporal dependencies under the impact of
construction work in the surrounding region. The rest of the paper is shown as follows. In
Chapter 2, we introduce some preliminaries concepts about graph convolutional networks
and formalize the traffic prediction problem. In Chapter 3, We describe the framework
of the spatio-temporal graph convolution network for traffic forecasting within the work
zone (STGCN-WZ). Then in Chapter 4, we discuss the experiment about the three model

components. In Chapter 5, we review our related work and summarize our project.



Chapter 2: Preliminaries

This section not only states the definition of a road network structure from graph neural
networks by using basic terminology and mathematical expression but also introduces the
background about the network such as Laplacian matrix, Laplacian operator and Fourier

transform. Table 2.1 summarizes the used notations in this paper.

2.1 Traffic network structure

We denote a road network as graph G = (V, E), given the road segments V and road
distance F between the pairs of each sensors. Then, we define a weighted adjacency matrix,

represented by:

A= (Avur, Avyoss -+ 5 Avy,) € RV, (2.1)

where N is the number of road segments and A,,,, represents the correlation (usually

measured by the road distance) between vertex v; and vertex v;.
In traffic, useful information includes traffic speed, traffic flow and some other external
conditions like the number of lane closures, weather, etc. For those facts, we can define

those we need as feature maps, represented by:

X = (letlaX’Ultzy T 7X’Uit]'; e ,Xyntk) S RNXT (22)

where N is the number of road segments, T is the length of historical time series, X,
represents the value in the road ¢-th and at the j-th time step. In this project, speed is
the main feature of our research, which named X®. We also add an external feature map

X ¢ which is related to the maintenance downtime conditions. We denote that if there is a
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Table 2.1: Frequently mathematical notations

Notation Description
G directed sensor network
Vv road segments/ sensors
E road distance for each pairs of sensors
AW /Ay, weighted adjacency matrix of G
X/ Xt feature map
Xr traffic speeds over past P time steps
U the matrix of eigenvectors ordered by eigenvalue
D/L undirected degree matrix / Laplacian matrix
go/* a learnable convolution kernel / graph convolution operation
N/n the number of road segments / the n-th road segment
T/k the length of historical time series / the k-th time step
H/h the number of time steps for training / h-th time step
P/p the number of time steps for predicting / p-th time step
v; traffic speeds measured in road segment ¢
tj traffic speeds measured at time j
A a hyper-parameter of setting the influence of construction work
Ui,Uz,Us,b the parameter of temporal attention
Wi, Wy, W3, b the parameter of spatial attention

construction work happened in the road NN; and at the time 7}, we have ngitj =1, but at

the same time, if other roads do not have work zone conditions, we set it to 0.

2.2 Data construction

Speed modeling is based on the time series forecasting, which predicts values over a period

of time based on the historical data. In the traffic forecasting, the speed X7 ;. of vertex
v; during time ¢; is related to the speeds X7y, i of all road segments including itself

during time ¢; to t;_;. Although the task of modeling future speed X;

scve. predictions
RA2

s

based on entire previous speeds seems feasible, the last term in predicting XUEV7ti

using
S

previous speed Xvthj,l still requires conditioning on j — 1 times, which is impossible to

model because of the complicated calculations. To figure out the problem, we use sliding

window method over the historical time series to generate the training set and predicting
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Sliding windows:

‘[8:15 AM,|8:20 AM, ..., 9:15 AM“9,20 AM, 9:25 AM, 9:30 AM, ..., 9:50 AM, 9:55 AM, 10:00 AM]

[8:15 AM, 8:20 AM, ..., 9:15 AM] —_— [9:20 AM, 9:25 AM, ..., 9:50 AM]

[8:20 AM, 8:25 AM, ..., 9:20 AM] - [9:25 AM, 9:30 AM, ..., 9:55 AM]
[9:30 AM, 9:35AM, ..., 10:30 AM] ————> [10:35 AM, 10:40 AM, .., 11:05 AM]
Time steps for training Time steps for predicting

Figure 2.1: Data construction by using sliding window

set. For the entire set of time series Xp = (1,t2,- - ,tx), we set two hyper-parameters H
and P as the number of time steps for training and the number of time steps for predicting.
Similarly, we also use the same approach in the construction feature map X¢. Fig 2.1 shows

how to set the input.

2.3 Graph convolution in spectral-domain

This section introduce three concepts in the spectral-domain: Laplacian matrix, Laplacian
Operator and Fourier transform. Because the convolution operation in the CNN model
cannot directly be applied in the graph, it is necessary to redefine a convolution operation in
the spectral-domain and then convert it back to the spatial domain through the convolution
theorem. We first design a Laplacian matrix of the graph to derive the Laplacian operator

and then perform eigendecomposition by Fourier transform.
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2.3.1 Laplacian matrix

In graph theory, the Laplacian matrix is also called the graph Laplacian or discrete Lapla-
cian[41]. It is widely used in the field of machine learning such as dimensional reduction,
classification, clustering, etc. There are three kinds of Laplacian matrix, which are simple
Laplacian, Symmertric normalized Laplacian and Random walk normalized Laplacian.

Given a simple graph G with n vertices, the simple Laplacian matrix L, yx, is defined
as[42]:

L=D-W, (2.3)

where D is the degree matrix and W is the adjacency matrix of the graph. The Symmertirc

normalized Laplacian of a graph is defined as :
L™ =D 2LD 2 =]-D WD 2, (2.4)
where [ is an identity matrix. The Random walk normalized Laplacian is describe as:
L'"=D'L=1-D'Ww (2.5)

2.3.2 Laplacian operator

Laplacian operator is mainly used to explore the divergence of Euclidean space, however,
it is also useful to find the divergence in the graph. The physical meaning of the Laplacian
operator (Af) is the second-order derivate in the Euclidean space, which is the divergence
(V) in the gradient (V f) of a scalar field, where V- indicates the strength of the divergence
of the vector field at each point and f is a twice-differentiable real-valued function. The

divergence of the gradient of Laplacian can be defined as:

Af=V2if=V-(Vf), (2.6)

13



where V = (8%1’ cee %). Equivalently, Af is the sum of all the unmixed second partial

derivatives in the Cartesian coordinate system x;, represented by:
n
Af = + +'“+7227 (2.7)

In traffic speed, since we have N road segments and E edges in the graph, the function f
defined above is the N-dimensional vector, shown as f = (f1, -+, fi,--+, fn), where f; is
the function value of f at node ¢ in the graph. Then the Laplacian of f for each node i can
be formulated as: Af; = ZjeNz- Wii(fi — f;), where N; denotes the set of points of road
segments except node i, W;; represents whether node 7 and node j are adjacent. If W;;=0,

then node j is not a neighbor of node i. To derive the above formula, we can obtain that:

Afi= Y Wi(fi—fi) =Y Wiifi— > Wijf;=difi — wif, (2.8)
JEN; JEN; JEN;
where d; = Zj€N¢ Wij, wi: = (Wit in)s [ = (f1,-+ ,fv)T and w;.f denotes the inner

product of two vectors. Finally, for all Laplacian operators A f, they are represented by:

Afi difi —wr.f dy -+ 0 wy;

AfN dnfN — wn. f 0 -+ dn Wy

= diag(d;)f —Wf=(D-W)f=Lf
Deriving from the above formula, the function (D — W) called the simple Laplacian matrix
is used to find the graph divergence. The i row of the matrix actually reflects the gain

accumulation of the disturbance generated by the ¢ node to other adjacent nodes. In other

words, the equation can infer the relationship between each node and its neighbors. More

14



information about Laplacian operator can be found in [43].

2.3.3 Fourier transform

The key to graph convolutional networks is to use Fourier domain by computing the eigen-
decomposion of the graph Laplacian[44]. This require to review the idea of an orthogonality
of Fourier transform[45]. According to the Laplacian matrix L, we first define the decom-

position as

L=D-A=UANU"'=U U1, (2.10)

where U € RV*N is the matrix of eigenvectors ordered by eigenvalues and A is the diagonal
matrix of eigenvalues. Next, the graph Fourier transform to z is described as f(z) = Ulx
and the inverse Fourier transform to z is defined as f~1(#) = U#, where 2 is the output
generated from the original input x by the graph Fourier transform[44]. Then, using the

graph Fourier transform with the multiplication of  and a filter ¢ € R", the convolutions

in the graph are defined as:

zxg=f"(fx)® flg) =UUTzoUyg), (2.11)

where * is graph convolution operation and ©® defines the Hadamard product. Finally, we

define UTg as gy, which is a learnable convolution kernel. The graph convolution is written
as:

(x*g)e = UgeU'x. (2.12)
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2.3.4 The correlation between Laplacian operator and Fourier

This section explains how the Laplacian operator used in graph Fourier transform. Given

a function F', the Fourier transform F is defined as[46]:
F(w) = Flf@)] = [ f@) e (213)

where w = 2mv. By default, the F obtained by the Fourier transform of the f is actually

the integral of the f and the basis function e™*?. As the Laplacian operator is defined
as Ag =Y. %, which is used to sum the second-order partial derivatives. We substitute

wWT 2

e~ ™7 into the characteristic equation to obtain the function Ae™ ™% = —w2e~"™? then use

this function on the convolution of the graph.
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Chapter 3: Methodology

In this chapter, we focus on the methodology of the model. Fig 3.1 presents the overall
framework of the STGCN-WZ model. Firstly, we build a traffic network structure, set a
speed feature map and a construction work feature map using sliding window approach.
For each feature map, we establish learnable weights corresponding to each feature map,
and then use the fusion method to set these maps as new inputs, called the speed wave.
Secondly, we feed the speed wave into the graph convolution network, which is operated
by attentions and convolution operations in two layers. Thirdly, the output of the graph
convolutional network is sent to a simple convolution neural network, bidirectional RNN

and linear operation, making the output has the same dimension as the predicted label.

3.1 Construction Work Feature Map

We introduce more details about feature maps than Chapter 2.1. In terms of a construction
feature matrix X¢, if there is a construction work happened in the road IN; and at the

time T}, we can set Xgitj = 1, otherwise we set 0. However, setting 0 and 1 will cause the

feature matrix to be sparse. Meanwhile, for those roads that are not under construction
work, since they are all set to 0, there is no difference between these roads, especially some
roads are very close to the construction road, while other roads are very far away from the
construction road.

We build a construction work feature map X¢ to help the model learn traffic attributes
better. If there is a construction work happened in the road N; and at the time T}, we can

set X7 = 1, otherwise we set 0. However, setting 0 and 1 will cause the feature matrix

to be sparse because there are few work zones happened at the same time. In addition,

setting roadway to 0 means that even if the roadway is close to the work zone, it will not
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Figure 3.1: The framework of STGCN-WZ

be affected by the work zone, which is wrong fact. Thus, before importing the model, we

modify it as:

dis(v,v;)\2
. max(0, 1 — (£0d)2),
veVt; = ’
0, if there is no construction work X7,

if there is construction work Xoit;
(3.1)

where A is a hyper-parameter, dis(vi, v;) defines the distance between node v; and node v,
which is calculated from the weighted adjacent matrix. For any node v € V at any time
t € T, X, represent a parameter affected by the construction area. If Xgitj = 1, it means
the construction work takes place at the road ¢ and at time j.

At the initial stage of model, we create a learnable parameter weight W, that has the
same dimensions as the speed input. Then we use the fusion approach to combine the
construction feature map and speed feature map as speed wave X=W,0X5+W,0X c,

where © is Hadamard product.
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3.2 Spatial-Temporal Attention

The spatial-temporal attention model is widely used in natural language processing, image
recognition and speech recognition, and is one of the important technologies of current deep
learning[47]. Some studies such as [48] and [40], have used attention to capture the dynamic
spatial and temporal relationships on the traffic road. In this project, we first use the
spatial-temporal attention mechanism and the multi-head attention mechanism both. The
attention mechanism divides the traffic speed information into shorter pieces of information
X, and then integrates the correlation of each piece. In other words, it helps the model
to assign different weights to each part of the input X, and then extracts more important
information, so that the model can make more accurate judgments. At the same time, it
does not bring too much overhead to the calculation and storage of the model. Multi-head
attention mechanism is one of the branches of attention approach, it is equivalent to the
ensemble of multiple different self-attentions, where each attention does not share weights.
The advantage of this approach is that it allows the model to jointly attend to information
from different representation subspaces at different positions, so that the model can handle

more complex spatial problems in the traffic.

3.2.1 Temporal attention

In the temporal attention, there is a correlation between traffic conditions in different time
periods. Usually the current traffic situation is influenced by the situation of previous time.
Because the dimension of traffic feature map is X € RN*TXC where N is the number
of sensors, 1" is the number of time step and C' is the number of channels, the temporal

attention mechanism can be written as[39]:

E=V.-o{(XT-U)) Uy (X -Us) +b}, (3.2)

where Uy € RNV, Uy € RE*N Uz € RC,V € RNV*N b e RT™*T E € RT*T | sigmoid o is the

activation function. After using the function, then we use softmax to normalize the matrix
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E, which is represented as:

exp(FEij)

Eij = T
>0 exp(Ei)

(3.3)

where E;; denotes the dependencies between the time 7 and the time j. Finally, we get a

new X, which is calculated by (X1, Xo, -+, X7 ,)E.

3.2.2 Spatial attention

After using temporal attention, we turn to use spatial attention to capture the dynamic
correlation between nodes in the spatial dimension. Similar to temporal attention, the

spatial attention mechanism is defined as:
S=V.o{(X W) - Wy (W3-X)T +b}, (3.4)

where W, € RT, Wy € RT W3 € RT,V € RV*N b € RT*T S € RT*T. Then use

softmax function to calculate the attention weights:

exp(Si;)

Sij = =
>0 exp(Eyj)

(3.5)

where S;; denotes the dependencies between the node 7 and the node j. Finally, we compare

S with the adjacency matrix A to update the weight in the graph.

3.2.3 Multi-head Spatial-temporal attention

Another approach to capture spatial and temporal dependencies is to use multi-head atten-
tion [49]. Given the X as the traffic speed, we calculate three matrix, key K, Values V and

queries ). The matrix of outputs is represented as:

MultiHead(Q, K, V) = Concat(head,, heads, - - - , heady) W, (3.6)
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Figure 3.2: The RMSE of the models in Tyson’s Corner (left) and Los-loop dataset (right)

where head; = Attention(QWiQ, KWX VW) and these parameter.

In this project, we mainly use multi-head spatial-temporal attention to capture the

correlations. The advantage of using multi-head attention is that it has fewer parameters

to train faster and also has good performance, even if the sequence is too long, multi-head

attention can grasp the key points well without losing important information. In addition,

because it allows models to learn information in different subspaces, it can help models learn

spatial relevance in more complex spatial structures. Fig 3.2 shows how to use multi-head

attention to get the result. More details of using multi-head approach in the network can

be found in [29].
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3.3 Spatial-Temporal Convolution

3.3.1 Spatial convolution

To learn the topological properties in the traffic network, we adopt a graph convolution
operation in the model. As the equation 2.12 mentioned above, the convolution operator
based on spectral and Fourier transformer is defined as (f * g)g = UgeU " f. Although this
approach is theoretically feasible, the computational cost is very expensive, because each
sample needs feature decomposition, and each forward propagation needs to be calculate the
product of U, gg and UT. Thus, a new method is proposed in [50], which uses Chebyshev
polynomials to fit the convolution kernel to reduce the computational complexity. In [51],

Hammond et al. mention that gy can be expanded by Chebyshev polynomials, which is

defined as:

K
go(A) = Y 0Tk (), (3.7)
k=0

where A = % — IN, Amaz 1S the spectral radius, 6 is the vector of Chebyshev coeflicient,
Ty is defined as Ty(x) = 22T;—1 — Tp—o(x), where Ty(xz) = 1 and T7(x) = . Thus, the

graph convolution operation is denoted as:

K

(@*g9)c = OkTx(L)x, (3.8)
k=0

where L = % —In=U AUT. Compared with the previous graph convolution operation

with complexity of O(N?), the complexity of this approach is O(K|E|), which greatly
improves the calculation speed. To further improve the efficiency of calculation based on
Chebyshev model, we use a layer-wise linear model[52], which is also called first-order

ChebNet. Based on the previous work, this method has officially become the pioneering
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work of GCN. In this project, we set K =1 and A4 = 2, then the function is written as

(% 9)c =box — 1D ZAD 2z (3.9)
then we set § = 6y = —6; to avoid overfitting. Finally, the simple function is defined as:
(¢ g)c = 0(Iy + D"2AD 2z) (3.10)

Because the range of Iy + D 2AD™ 7 is [0, 2], using the discrete Laplacian operation in the
network will cause the gradient to explode and disappear. To figure out the problem, we

use a renormalization trick, the function is shown as:
IN+D 2AD 2 =D 2AD 2, (3.11)
where A = A + Iy, ﬁ” = Zj KZ] In the end, the GCN model can be expressed as:

HEY = f(1', 4) = o((x  g)g) = o( D2 AD "3 1'6)) (3.12)

where H' is the output of I layer, 6 is a learnable weight, o is the sigmoid function.

3.3.2 Temporal convolution

In the previous research, zhao et al. [53] capture the temporal dependences based on the
traditional recurrent neural network. Zhou et al. [40] use GRUs as the base architecture in
the encoder-decoder framework to learn the temporal correlation. In this project, we use a
standard convolution operation to merge the information at the time slices, so the output

after the spatial-temporal convolution as an example is written as:

XD = 5@ % (o((2 # g)aX V) € RONXT, (3.13)
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Figure 3.3: After the spatial-temporal convolution, the speed information is fed into Bi-
LSTM and Linear function

where ® is a parameter of temporal convolution kernel, the first x is a standard convolution
operation, (z * g)g represents using graph convolution operation and first o is an activation
function which is ReLLU.

After we use two block layers in spatial-temporal convolution, we utilize a 1 x 1 con-
volutional layer to reduce the output channel size to 1 in order to merge the temporal
features of traffic data. Then we append a bidirectional recurrent neural network to learn
the dynamic behavior in the time sequence for each node. Finally, we add a linear function
to make sure the output has the same dimension with the prediction. Fig 3.3 shows the
process that using Bi-LSTM and a linear function, the input X € RN*H represents the

speed information after merging the traffic features where H is the length of historical time

series and X € RN*P s the speed prediction which has the same dimension P and N as

the traffic label.
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Chapter 4: Experiment

4.1 Datasets

In our experiment, the time steps that need to be predicted are 3, 6, and 12. If the time
interval is 5 minutes, we can predict the future speed in 15, 30 and 60 minutes. We create a
new dataset near Tyson’s Corner in Fairfax, Virginia, and use a traffic speed dataset named
Los-loop which is provided by [53] in Los Angeles County. Fig 4.1 shows the study area
of two datasets. The difference between the two datasets is that the traffic speed provided
by the Tyson dataset is limited to the construction work at most and the traffic speed in
Los Angeles is affected by multiple traffic factors such as traffic congestion and collisions.
Besides, compared with Los Angeles dataset, we have to record many cases of construction
work, so the speed and construction work feature map information in our dataset are usually
discontinuous, while the speed in the Los Angeles loop is not. Moreover, because of the
missing data, the dataset in Los Angeles is filled by the linear interpolation method. The
advantage of using these two datasets is to test our model’s generalization ability for the
abnormal traffic speed and to detect whether our model will achieve better experimental
results even if we do not use the construction feature map.

The Tyson dataset includes 1) historical traffic speed recorded by traffic sensors in the
Tyson’s Corner region ranging from January 1st, 2019 to December 31st, 2019 in Tyson’s
Corner, Fairfax, the United States; 2) Raw data which includes some attributes such as
traffic standardization type, location, duration, start date and end date; 3) Tyson’s Cor-
ner traffic sensor information such as location, the distance on the road segments. Data
preprocessing in traffic can be divided into five steps. Firstly, the original has many traffic
categories like collision, disable vehicle, traffic congestion, road constructions, etc. We unify

the above data into three categories: work zones, collisions and other facts. Secondly, we
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Figure 4.1: Tyson’s Corner on google map (left) and Los Angeles County on google map
(right)

handle null values, duplicate values and missing values in the original data. Third, we clean
up road construction data and keep work zone data that has no traffic accidents in order to
make sure our data is only related to construction work. Fourth, we use Min-Max normal-
ization to train traffic speed to prevent data imbalance and collect the traffic speed readings
of sensors every 5 minutes. If there is an hour duration of construction work, 12 consecutive
fragments are collected. Fifth, for each road construction data, we collect traffic speeds for
131 sensors during road construction. Furthermore, we shuffle the traffic speed data to
make sure our data is balanced and use 70% of the data for training, 10% for validation
and 20% for testing. Finally, our dataset includes normalized traffic speeds related to the

construction work X7 ; , a construction matrix which is used to record whether there are
’

road construction data in the traffic road Xy, t; and a road segment matrix S € RNVXN that

records the relationship between each sensor.

The Los Angeles dataset is provided by [53], which is based on the highway of Los
Angles County. It has 207 sensors and only provides traffic speed is from Mar.1 to Mar.7,
2012 with the 5 minutes interval of the time step. Thus, we use this dataset to test whether
our model has good performance on traffic speed forecasting without using the construction

work feature map.
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4.2 Baselines

We compare our model with the following baseline methods like traditional machine learn-
ing methods and some graph neural network methods that have a good performance on the
traffic speed. The difference between our model and these baselines is that our model not
only uses the latest methods in transportation such as multi-head attentions, graph con-
volution operation to capture spatio-temporal correlations, but also uses additional feature
map to provide more information to the model. In our project, we divide the model into
two parts, STGCN-WZ and STGCN-WZ (No), which means that one part uses historical
speed and construction work feature maps to predict speed, while the other part uses only

history speed to predict speed.

e TGCN]J[53]: It uses a graph convolutional network to learn complex topological struc-

tures and uses gate recurrent unit to learn dynamic traffic flow.

e STGCN][35]: A ”sandwich” structure that using two gated sequential convolution
layers and one spatial graph convolution layer to capture the spatial-temporal corre-

lations.

e GraphWaveNet[54]: It uses an adaptive dependency matrix and node embedding
to capture the hidden spatial dependency in the data, and then feeds the information

to dilated casual graph convolution.

e ASTGCN]J[39]: Based on attention mechanism, it adopts Chebyshev polynomials
into graph convolution network to capture the dynamic spatial changes and uses a

standard convolution neural network to capture the temporal correlations.

4.3 Evaluation Metrics

We use three metrics to evaluate the traffic speed prediction performance of the STGCN-
WZ: Root Mean Squared Error (RMSE), Mean Absolute Error (MAE) and Mean Absolute

Percentage Error (MAPE). RMSE and MAE are used to measure the error between the
27



prediction with label speed. If the RMSE in our model is 4, it means that the speed we
predict is 4 mph different from the real speed. MAPE considers not only the error between
the prediction and the label speed, but also the ratio of the error to the true value. The

smaller the value, the better the prediction performance.

4.4 Hyper-parameters

Following the previous work such as [40], [48], [53], the number of historical time steps for
training H is 3, 6 and 12, and the number of time steps needed to be predicted P is also
3, 6, 12. In the optimizer, we use Adam optimizer with the initial learning rate of 0.001 in
order to improve the efficiency of convergence. In the construction work feature map, we

initially set A = 2 as the hyper-parameter of setting the influence of construction work.

4.5 Experimental Research

In this section, we will evaluate the model and other baselines performance on both datasets.
There are the following five research questions and solutions in the experiment. Q1, for

example, is the solution corresponding to the question 1.

e Q1: Which model is the base model and why should we use it?

Q2: What is the difference between our model and the base model?

Q3: Compared with the baselines, how does STGCN-WZ and STGCN-WZ(No) per-

form in Tyson dataset?

Q4: How does the model perform in other dataset without using the work zone feature

map”?

Q5: Can STGCN-WZ provide reasonable explanations about the experiment results?
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4.5.1 Basic model(Q1)

The model we use is based on [39], named attention based spatial-temporal graph con-
volutional network (ASTGCN) model. It mainly uses the attention approach to capture
the spatial-temporal dependencies and uses one of the graph convolution operations named
Chebyshev and a standard convolution layer to merge the traffic information to predict the
speed. The reason we use is that the approach in spatial-temporal attention is the latest
and model performance exceeds the state-of-the-art baselines in 2019. Furthermore, it also
provides a good method that integrates the output of three components, which is hourly-
period component, daily-period component and weekly-period component, with learning
parameters to predict traffic speed. For example, it uses three learning parameters W, Wy,
W, to reflect the degree of influence of the three time components, which correspond to the
speed per hour, the speed from 8:00 AM to 9:00 AM per day, and the speed from 8:00 AM

to 9:00 AM per Monday. The final prediction result can be written as:

S=WrLOS, +Wg0 85+ Wy, © Sy, (4.1)

where © is the Hadmard product, Wy, W, and W,, are learning parameters and .S represents
the traffic speed. Interestingly, this approach does not improve the traffic forecasting model.
However, it provides a way that incorporate multiple attributes in the traffic. In order to
evaluate the traffic performance based on the construction work, we integrate multiple

attributes as the input to provide more traffic information in the model.

4.5.2 The difference between ASTGCN and STGCN-WZ(Q2)

Differing from the dataset in ASTGCN, the Tyson dataset consists of a speed feature
and a construction speed, so historical traffic speed mainly comes from the traffic speed
when construction work occurs. In the model structure, there are three main differences

between ASTGCN and our mode. First, ASTGCN use spatial-temporal attention described
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in chapter 3.2 and a traditional graph convolution operation

K

(z*g9)c =Y OTk(L), (4.2)
k=0

where K = 3. While in STGCN-WZ, we set two learnable weights as speed weight W

and construction weight W, using Hadamard product to add these together as speed wave:

X, =W, ® X5+ W,® X Second, ASTGCN model use a simple attention approach in
spatial-temporal correlation and use Chebyshev as a graph convolution operation, but our
model compares the attention with multi-head attention to find which attention is better.
At the same time we use 1stChebNet operation to improve computational efficiency. Third,
in the temporal convolution layer, ASTGCN use a standard convolution to fit the predicted
dimensions, but we use a 1 x 1 convolution layer and use bidirectional RNN to decrease the
dimension of output and learn the time series of each node, then we use a linear function to
fit the same dimension with the prediction. The reason we use bidirectional RNN is that the
trend of traffic speed are not only related to the previous state, but also to the future state,
we can predict not only the future according to the current speed, but also use the current
speed to predict the speed that has occurred before. Unless the speed of traffic is affected
by abnormal factors, each road section of traffic has its own certain trend of change. After
using Bi-LSTM, we use simple linear function to adjust the output dimension to make it

equal to the traffic label.

4.5.3 Performance Comparison between STGCN-WZ and baseline(Q3)

We divide our model into two parts: STGCN-WZ represents that we use speed and work
zone feature map to predict the speed and STGCN-WZ(No) denotes that we only use
speed as input to predict the speed. For the baselines, it is noted that these only use
traffic speed as input to traffic forecasting due to the lack of construction work information.

The purpose of comparison is to evaluate whether our model can effectively predict traffic
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and whether adding new feature maps can improve the results of traffic prediction. The
overall performance evaluations of the baselines and our model are reported in Table 4.1.
From the results, we can see that our model achieve the best performance in all evaluation

metrics. In addition, we also have following findings: First, the longer the predicted time

steps ¢, the worse the model’s result, especially in GraphWaveNet model and T-GCN
model, because GraphWaveNet is the autoregressive generative model, thus the accuracy of
predicting long-term will decrease sharply, and T-GCN uses the traditional GRU model to
learn temporal features and use graph convolution operation to learn spatial dependence,
so the performance of the model cannot connect the previous time sequence and capture
adjacent nodes correlations. Second, compared with the models such as T-GCN, STGCN
and GraphWaveNet, our model and ASTGCN model show that the attention mechanism
can help the model predict traffic speed more effectively. This is because the attention
mechanism is the same as the human visual system, which focus limited attention on key
information, thereby it helps the model obtain effective information quickly. Also, it helps
the model that each step of the calculation does not rely on the previous calculation results,
thus the problem related to sequential data can be handled with recurrent neural network
in parallel. Third, compared with ASTGCN and STGCN-WZ(No), the performance of
STGCN-WZ(No), which use speed as the input to predict, is slightly better than ASTGCN,
this is because STGCN-WZ(No) uses first-order ChebNet as a graph convolution operation
and Bi-LSTM in the last step, thereby greatly reducing the parameters and extracting
spatial-temporal sequence features in parallel. When we compare ASTGCN and STGCN-
WZ, the result shows that our model has significant improvement. For example, at 3 time
steps, STGCN-WZ improves over the model ASTGCN by 0.14 and over the model STGCN-
WZ(No) by 0.06 with respect to RMSE. Fourth, intuitively, the addition of construction
feature map designed from Chapter 3.1 can effectively help the model to analyze analyze
the relevance of traffic. But the challenge is that how do we design a suitable and exactly
construction feature map. To better predict traffic road conditions, we need not only to

involve more appropriate models, but also to collect and process traffic data more accurately.
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Table 4.1: Performance of the baselines and our model on the Tyson’s Corner dataset

models 15 min(t' = 3) 30 min(t" = 6) 60 min(t = 12)
RMSE MAE MAPE (%) | RMSE MAE MAPE (%) | RMSE MAE MAPE (%)

T-GCN 536 3.39 9.90 6.04  3.56 11.21 6.82  4.32 12.57
STGCN 510 3.30 10.01 5.64  3.42 11.07 6.58  4.25 13.32
GraphWaveNet | 4.53  2.92 9.04 582 3.52 11.68 6.90 435 13.87
ASTGCN 414 275 8.65 512 3.16 10.37 595  3.57 11.21
STGCN-WZ(No) | 4.06  2.68 8.37 4.96  3.09 10.79 588  3.56 10.93
STGCN-WZ 3.99  2.60 8.20 4.87  3.08 9.54 5.73  3.51 10.65

4.5.4 Performance comparison in Los-loop dataset(Q4)

Table 4.2 shows traffic flow prediction performance in Los-loop dataset. Because the dataset
provide the speed information, we use STGCN-WZ(No) to compare other models. Unlikely
with Tyson dataset, Los-loop dataset is primarily focused on a short period of traffic speeds,
and the traffic speeds provided are basically less affected by natural disasters, car accidents,
and human factors than Tyson’s environment. Hence, we aims to evaluate our model
with baselines to check whether our model well predict the traffic speed under less traffic
incidents. According to the results, we find that the ASTGCN model and STGCN-WZ(No)
model are better than other baselines due to the spatial and temporal attention. For
example, for the 15-min traffic speed, the MAE errors of the ASTGCN model and the
STGCN-WZ(No) model are nearly 1.4 lower than T-GCN and STGCN, and for the 60 min,
the MAE of the best models are 1.7 lower than the worst models. Compare each model in
MAE horizontally, we find that the MAE increased by 0.6 at a time in the T-GCN model
when time steps go from 3 to 6 and 6 to 12 while our model only increase 0.4 at a time. In
terms of the ASTGCN model and the STGCN-WZ(No) model in Los-loop dataset, we find
the performance of our model which only use speed as input is also better than the based
model. This proves that our model has excellent performance in predicting traffic speed

regardless of the traffic environment.
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Table 4.2: Performance of the baselines and our model on the Los-loop dataset

models 15 min(t” = 3) 30 min(t" = 6) 60 min(t’ = 12)
RMSE MAE MAPE (%) | RMSE MAE MAPE (%) | RMSE MAE MAPE (%)
T-GCN 6.18  4.16 11.04 6.93  4.82 13.74 8.26  5.41 15.04
STGCN 6.27 418 11.92 6.88  4.74 12.53 7.99 537 14.14
GraphWaveNet | 537  3.00 09.77 6.65  3.72 12.35 7.90  4.71 14.00
ASTGCN 520  3.04 07.87 6.13  3.51 10.11 757 442 12.89
STGCN-WZ(No) | 4.97 2.94  07.76 5.84 3.28  09.07 7.28  4.38 12.71
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Figure 4.2: The RMSE of the models in Tyson’s Corner (left) and Los-loop dataset (right)

4.5.5 Model evaluation and analysis (Q5)

We show several figures to compare our model with other baselines. First, Fig 4.2 shows
the RMSE of the models mentioned above at different time steps in Tyson and Los dataset,
where STGCN_WZ(NO) means that only the speed is fed into the model to predict the
traffic speed. From the bar chart, it is intuitively found that our model in Tyson performs
better than others and our model which only using speed to predict speed is similar to the
base model in Los dataset. Second, we compare the performance of the model at different
time steps. Fig 4.3 shows the results of training RMSE and validation RMSE, where (Val)P
= 3 means that the predicted time steps is 3, and the validation RMSE during the training

epoch. As we can see, short-term time prediction using STGCN-WZ method is better
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than long-term time prediction, and our model converges faster than other benchmarks and
performs best during training. Next, we show the result of speed prediction in three road
segments named ’110-0475°, '110+04177°, ’110P04611" on two days, which is from 11:00
AM to 5:00 PM, 2019-11-19 and 8:20 AM to 5:00 PM, 2019-11-22 in Fig 4.4, 4.5, 4.6.
From those figures, it is obviously found that our proposal model accurately captures the
trend of traffic speed, the shorter the time step, the much similar the traffic speed to the
real speed, this means that our model has more accurate results in processing short-term
traffic speed prediction. In Figure 4.4, the result shows that, when time step is 3, 6 and
12, there is no much difference between the predicted speed and the real speed. However
in rush hours of Figure 4.5 and Figure 4.6, the difference between the predicted speed and
the real speed gradually increases when the time step is longer. Since we have 131 road
segments in Tyson, we use a heat map to evaluate the performance of each road segments
using MSE as evaluation metrics. Due to limited pictures, we only show the heat map
of some roads. From Fig 4.7, the y-axis represents the name of a road segment in the
real-world and the x-axis represents the prediction of the i-th time period. The far right
represents the error line, using MSE as the evaluation metrics. The darker the color and the
larger the number, the worse the prediction. In this figure, we find that the performance of
highway prediction is not good as the speed prediction of non-highway, especially for some
intersections, this is because there are many uncontrollable factors on the highway. For
example, the results of the road segments named ”110+04174” and ”110P04177” on the
1-66 highway are worst than the result of road segments named ”110+05695” on Virginia’s
7th congressional district. Also, different highways have different prediction performance,
for example, the performance of 1-495 highway is better than I-66 highway, for the reason
that the traffic flow of I-66 is much heavy than that of 1-495, especially during peak times.
Furthermore, the performance of the model gradually weakens as the predicted time period
is longer, in other words, the performance of the first period predicted by the model is much

better than that of the last time period.
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Figure 4.3: RMSE in the STGCN-WZ model training set (left) and RMSE in the STGCN-
WZ model validation set (right)

4.6 Ablation Studies

In the ablation studies, we use different parameters to effectively find the best performance
in our model. We construct four studies, mainly about setting the construction work feature

map, speed wave in, spatial-temporal attention and temporal convolution operation. The

studies are summarized as follows:
e STGCN-WZ-I use A = 5, 7 described in the chapter 3.1

We build a function that setting the influence for each construction work X¢, written as:

max(0,1 — (M)Z), if there is construction work X
c 1
veVE; —

0, if there is no construction work ngitj

where X is a hyper-parameter, dis(v;,v;) defines the distance between two nodes v; and
v;. This helps the model understand the maximum impact of construction on the road.
If X is 3, it means that the construction will not have any impact beyond two miles. The
closest to the construction, the most affected by the construction work. Table 4.3 shows

the evaluation of our model using A = 5,7. In the result, we find that A = 3 is better
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Table 4.3: The ablation of finding the best influence factor on construction work by setting
different A

RMSE | MAE | MAPE
A=3| 4.87 | 3.08 | 9.54%
A=5] 498 3.18 | 11.83%
A=T| 512 3.21 | 12.18%

Table 4.4: The ablation of two speed wave X, function to check whether building a learnable
parameter is useful to traffic prediction

RMSE | MAE | MAPE

W0 X5+W.0 X | 4.87 | 3.08 | 9.54%
X+ W, X° 4.89 3.08 | 9.85%

Table 4.5: The evaluation of using a simple convolution method compared with linear
function

RMSE | MAE | MAPE

Linear function 4.87 | 3.08 | 9.54%
1 x 1 Convolution | 4.98 3.10 | 10.99%

than others, which proves that when X is 3, the effect is more accurate. Thus, a well-design

feature map can significantly improve the performance of traffic prediction.

e STGCN-WZ-II use a new speed wave function described as X°® + X¢©® W,

For the speed wave X, =W, ® X* + W, ® X mentioned in Chapter 4.5.2, we do not

use the weight of learning speed Wy and show the result is in Table 4.4. As we can see,

speed wave function X s = Ws® X® + W, ©® X¢ is slightly better than another function.

o STGCN-WZ-III use Chebyshev polynomials described in chapter 3.3.1 instead of
first-order ChebNet.

In Fig 4.8, we show the training time in STGCN-WZ which use first-order ChebNet
and the training time in ASTGCN which use Chebyshev polynomials. As we can see, the
training time of ASTGCN dropped from nearly 450 seconds per epoch to 300 seconds per

epoch, however, the training time of our model only need 38 seconds per epoch to train. It
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is obviously found that using first-order ChebNet can dramatically speed up the running

speed of the model.

o STGCN-WZ-1IV use 1 x 1 standard convolution rather than a linear function

In Chapter 3.3.2, we use a linear function to match the dimension of output with the
label. Here we use a standard convolution to evaluate the performance, shown as Table 4.5.

We find that using a linear function is better than using a 1 x 1 convolution method.
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Figure 4.4: Traffic speed on road segment '110-04175’ , 11/19/2019, t = 3 (left), 6 (middle),
12 (right)
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Chapter 5: Conclusion

In this project, we propose a graph convolutional network based on the impact of construc-
tion work to predict traffic speed. Unlike previous traffic speed studies, this project uses
multiple regression feature maps to study the impact of construction work on the surround-
ing area. From the experiment based on two datasets and four baselines, there are four
following aspects we find in this research:

First, according to the result on two datasets, we show that our model has better
performance than other baselines in terms of predicting traffic speed regardless of the traffic
environment and prove that adding a new feature matrix can effectively help the graph
neural network learn the traffic speed under the influence of the work zone area better.

Second, according to historical literature and model analysis, graph neural networks have
powerful advantages in the transportation field compared to other deep learning methods.
It can not only capture the traffic spatial-temporal correlations, but also handle time-
series problems. The combination of convolutional neural network and natural language
processing approaches can help models predict data in irregular datasets. Third, according
to the heap map, the prediction result based on the highway speed is not good as other roads
in long-term prediction, which can be explained that highway speed are affected by multi
abnormal events, especially at traffic intersections. Furthermore, due to the different results
of two highway, we found that not all roads will be affected by construction. Quantifying
the impact of construction on the surrounding area depends on whether the data is clean,
detailed and whether the traffic characteristics are accurate.

Fourth, although sliding windows is used to cut time series to obtain data input and
output, there will inevitably be a phenomenon, that is, the input speed information is
normal, but the label speed is abnormal. In other words, when we train a sequence that has

T time steps and use P time steps as label speed, the sequence for training is not effected
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by construction work while the data in the label sequence is effected. However, based on
the model, the normal speed is used to obtain the output, which will be very different from
the label speed. This explains why each model cannot accurately predict the future traffic
speed.

In the future work, we will design a more detailed and representative construction feature
map to help the model predict traffic speed. Then we are going to predict traffic speed under
multiple factors such as weather conditions and accidents occur simultaneously to find that
whether multi feature maps will cause the better results and better simulations of road
conditions. In terms of neural network, we will design a better network based on the latest

method based on natural language processing to handle the time-series problem better.
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