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Abstract

Abstract

The rapid economic development enables a continuing expansion of both urban
population and volume of vehicles. However, the limitation of urban infrastructure and
environment capacity causes inconvenience in people’s daily commutes. Such inconve-
nience manifests in many ways, especially in traffic congestion and difficulty in getting
cabs. It leads to low traffic efficiency, high energy consumption and environmental

pollution, which have become bottlenecks of urban development.

At the same time, the wide usage of GPS embedded devices and mobile apps
has produced a variety of massive data (e.g., vehicle mobility, traffic patterns, and
online car-hailing data). The massive data collected in urban spaces contains valuable
information about a city. Analyzing such data with machine learning and deep learning
methods brings new opportunities for building a better intelligent transportation system
(ITS)!! to alleviate the traffic congestion and improve the human life quality in daily
commute. The ITS recommends better route plans to people to avoid the congested
roads, based on the prediction of traffic conditions and travel time estimation of given
path. Meanwhile, by forecasting the commute demands, the ITS can dispatch the taxis
to balance the supply-demand in advance and reduce the gas consumptions of no-load
taxis. In this thesis, we focus on solving three important prediction problems in the

ITS using spatio-temporal traffic data.

The first problem we study in this thesis is to predict the real-time car-hailing
supply-demand. This is one of the most important component of an effective schedul-
ing system. We present an end-to-end framework called Deep Supply-Demand (DeepS-
D) using a novel deep neural network structure. Our approach can automatically dis-
cover complicated supply-demand patterns from the car-hailing service data while only
requires a minimal amount hand-crafted features. Moreover, our framework is highly
flexible and extendable to utilize multiple data sources. Our model has achieved com-

petitive prediction result (No.2 among 1648 teams in Di-tech Algorithm Competition

I



Abstract

2016).

The second problem we study in this thesis is the real-time prediction of the traffic
condition. For this problem, we propose an Ensemble based Traffic Condition Predic-
tion System (ETCPS) for predicting the traffic conditions of any roads in a city, based
on the current and historical GPS data collected from floating vehicles. We observe
two useful correlations in the traffic condition time series, and propose two different
models called Predictive Regression Tree (PR-Tree) and Spatial Temporal Probabilistic
Graphical Model (STPGM) based on the two observations. Our best quality prediction
is achieved by a careful ensemble of the two models. Our system provides high-quality
prediction and can easily scale to very large datasets.

The third problem we study in this thesis is estimating the travel time estimation
for the given path. We propose an end-to-end framework for Travel Time Estimation,
called DeepTTE. Our model estimates the travel time of the whole path directly, based
on deep recurrent neural networks. In our model, we consider the spatial and temporal
dependency in the path as well as various factors which may affect the travel time such
as the driver’s habit, the day of the week, etc. Our model has achieved competitive
prediction result (No.3 among 1578 teams in Travel Time Estimation Competition in
DataCastle 2017).

Key words: Deep Learning; Machine Learning; Spatio-temporal traffic data
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% 1 % Introduction

and temporal correlation pattern at the same time is not easy.

The patterns in spatio-temporal data always vary dynamically due to different
geographic locations and time intervals. For example, in the morning the car-
hailing demand tends to surge in the residential areas whereas in the evening the
demand usually tends to surge in the business areas. Furthermore, the supply-
demand patterns under different days of a week can be extremely different. Prior
work usually builds several sub-models for different days of the week 811, Such
implementations, on one hand, make the model tedious, on the other hand, each
sub-model only utilizes a small part of data which may suffer from the lack of
training data.

Moreover, the spatial temporal data usually contains multiple attributes. For
example, in the online car-hailing supply-demand problem, order data contain-
s attributes such as the timestamp, passenger ID, start location, destination etc,
as well as several “environment” factors, such as the traffic condition, weather
condition etc. These attributes together provide a wealth of information for pre-
diction. However, it is nontrivial how to use all the attributes in a unified model.
Currently, the most standard approach is to come up with many “hand-crafted”
features (i.e., feature engineering), and fit them into an off-the-shelf learning
algorithm such as logistic regression or random forest. However, feature en-
gineering typically requires substantial human efforts and there is little general
principle how this should be done.

Finally, the spatial temporal data is usually quite massive. For example, in this
thesis, the trajectory data we use in the experiment part of the travel time estima-
tion problem (Chapter A.5) contains 9,653,822 trajectories and 1.4 billion GPS
records in total. To deal with such massive data efficiently, we usually need to
take advantages of big data platforms, such as Hadoop, Spark. Moreover, com-
pared with the traditional machine learning methods, deep learning techniques
show great potential for mining massive data. However, to the best of our knowl-
edge, there is no standard deep learning model to deal with such massive, noisy,

and multi-attribute spatio-temporal data we mentioned above.
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In this thesis, we focus on solving three important prediction problems in the
ITS using carefully devised machine learning and deep learning models to address
the above challenges. We present the concrete problems and our contributions in the

following sections.

1.2  Supply Demand Prediction for Online Car-hailing Services

In Chapter A.3, we study the problem of predicting the real-time car-hailing
supply-demand, which is one of the most important component of an effective schedul-
ing system. Our objective is to predict the gap between the car-hailing supply and de-
mand in a certain area in the next few minutes. Based on the prediction, it is possible
to balance the supply-demands in advance by dispatching the cars and dynamically ad-
justing the price. After observing the data, we find that the car-hailing supply-demand
varies dynamically due to different geographic locations and time intervals. Further-
more, the supply-demand patterns under different days of a week can be extremely

different. It is difficult to predict such heterogeneous data.

Contributions: We present an end-to-end framework called Deep Supply-
Demand (DeepSD) using a novel deep neural network structure. Our approach can
automatically discover complicated supply-demand patterns from the car-hailing ser-
vice data while only requires a minimal amount hand-crafted features. Moreover, our
framework is highly flexible and scalable. Based on our framework, it is very easy to u-
tilize multiple data sources (e.g., car-hailing orders, weather and traffic data) to achieve
a high accuracy. We conduct extensive experimental evaluations, which show that our
framework provides more accurate prediction results than the existing methods. Our
experimental results also show that embedding method can “cluster” the areas with
similar supply-demand patterns, and enable different areas to share historical records,

which improves data utilization and prediction accuracy.
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1.3 Traffic Condition Prediction

In Chapter A.4, we study the problem of predicting the traffic condition of each
road after a few minutes, when the current and historical traffic conditions of the road
network are given. Ubiquitous location based services enable us to collect a large
volume of traffic data from GPS-embedded devices. Our prediction is based on such
GPS data. Despite there exist several researches and products for traffic prediction
based on the GPS data, most of them only focused on the arterial roads and did not
consider the urban roads. After observing the data, we find that by transforming the
traffic condition time series into two different forms of time series (expectation-reality
gap and first order difference of traffic condition series), the new time series reveal
very strong autocorrelations. We hope these observations can provide useful insight in
further study of the travel condition prediction problem and related problems.

Contributions: We propose an Ensemble based Traffic Condition Prediction Sys-
tem (ETCPS) for predicting the traffic conditions of any roads in a city based on the
current and historical GPS data collected from floating vehicles. We have observed two
useful correlations in the traffic condition time series, which are the bases of our de-
sign. In order to exploit these two correlations for prediction, we propose two different
models called Predictive Regression Tree (PR-Tree) and Spatial Temporal Probabilis-
tic Graphical Model (STPGM). Our best quality prediction is achieved by a careful
ensemble of the two models. Our system provides high-quality prediction and can

easily scale to very large datasets.

1.4 Travel Time Estimation

In Chapter A.5, we study the problem of travel time estimation for a given path,
driver and start time. Although the problem has been widely studied in the past years,
providing an accurate travel time is still a challenging problem. Prior work usually
focuses on estimating the travel times of individual road or sub-paths, and then sum-
ming up these estimated travel times. However, such approach leads to an inaccurate

estimation, since the travel time is not only affected by the traffic condition, but also
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affected by the number of road intersections or traffic lights in the path, and the estima-
tion errors for individual road may accumulate. Furthermore, the travel time of a given
path for a specific driver is also affected by the driving style of the driver.
Contributions: We propose an end-to-end framework for Travel Time Estimation
called DeepTTE. Our model estimates the travel time of the whole path directly, based
on deep recurrent neural networks, which can easily process variable-length GPS tra-
jecto. In our model, we consider the spatial and temporal dependency in the path as
well as various factors which may affect the travel time such as the driver’s habit, the
day of the week etc. We conduct extensive experiment on a large scale dataset. The
experiment result shows that our model significantly outperforms the other existing
methods. To the best of our knowledge, this is the first time that the trajectory is taken

as a whole to estimate the travel time for arbitrary origins and destinations.

1.5 Organization

The rest of the thesis is organized as follows: In Chapter 1, we provide an intro-
duction to this research work giving the background, challenges and the main contribu-
tions of this thesis. In Chapter 2, we provide some background on the machine learning
and deep learning methods used in the rest of this thesis. We cover topics such as tree-
based models (including decision tree, random forest and gradient boosting), and deep
learning (including basic structure, embedding method, recurrent neural network, and
residual network). In Chapter A.2, we present a brief overview of the related work.
Applications of deep learning techniques in spatio-temporal data are also included. In
Chapter A.3, we present an end-to-end framework called DeepSD using a novel deep
neural network structure to predict the supply-demand for online car-hailing services.
In Chapter A.4, we introduce an Ensemble based Traffic Condition Prediction System
(ETCPS) for predicting the traffic conditions of any roads in a city. In Chapter A.5,
we present an end-to-end framework for travel time estimation called DeepTTE based
on deep recurrent neural networks. Our conclusion and future courses of action are

followed in Chapter A.6.
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, 2F Preliminary

In this chapter, we review some preliminary knowledge that is necessary for latter
chapters. We introduce some useful models that we use in the thesis, including the tree

based models, and deep learning models.

2.1 Tree-based Methods

Tree-based methods are widely used in spatio-temporal data analysis. As we men-
tioned in the Chapter 1, the spatio-temporal data is usually highly noisy and irregular.
The tree-based methods such as random forest and gradient boosting can be easily
used to deal with such non-structured data and obtain a reasonable performance. In
this section, we briefly introduce the decision tree method, random forest and gradient

boosting.

2.1.1 Decision Tree

The decision tree method is a non-parametric supervised learning method used for

classification and regression!!?!

. The goal of decision tree method is to build a model
that can determine the best decisions. It predicts the value (class) of a target variable

(class) by learning simple decision rules inferred from the data features.

To be more concrete, we assume the data is associated with n features. Each time,
we select one feature and partition data into small chunks according to the value of the
feature based on the certain criterions. Each chunk represents a node. The feature and
split-point are chosen to achieve the best fit. We continue partition these chunks into
smaller chunks, until some stopping rule is applied. The common criterions are Gini
Index (CART method)!!3!, Information divergence (ID3 method!'?)), Information Gain
Ratio (C4.5 method!'*)).



%% 2 % Preliminary

2.1.2 Random Forest

Random forest!'! is an ensemble of classification or regression trees. These trees
are generated through changing the training set and feature set using the same strat-
egy as bagging. The new training sets are created by re-sampling n times from the
original data set. The new feature sets are created by re-sampling m times from the
original feature set. Prediction is made by aggregating (majority vote for classification
or averaging for regression) the predictions of the ensemble. Random forest generally
exhibits a substantial performance improvement over the single tree classifier such as
CART and C4.5.

Random forest increases the classification or regression accuracy by decreasing
the variance of the classification or regression errors. In another word, it taps on the
instability of a classifier or regression. “Instability” of a classifier or regression means
that a small change in the training samples may result in comparatively great changes

in accuracy!!3.

2.1.3 Gradient Boosting

Gradient boosting!'6~18] is also an ensemble of classification or regression trees.
For a given data set, it builds M models. Each model may be very simple (like decision
tree), which we call it weak learner. As a kind of boosting methods, gradient boosting
builds the model in a forward stage-wise manner, which is quite different from bag-
ging methods (such as random forest). In each stage, it introduces a weak learner to
compensate the “shortcomings” of existing weak learners.

To be more concrete, we define the training data as (x;, y;), where i € [1, N]. The
loss in using F'(x) to predict y on the training data is defined as L(f) = Zfi | LOis f(x0))
where L(f) is a derivable loss function. The goal is to minimize L(f) with respect to
f, where here f(x) is constrained to be a sum of trees. Forward stage-wise boosting is
a greedy strategy. In each stage 1 < m < M of gradient boosting, we assume that there
is some imperfect model f,,. The gradient boosting constructs a new weak learner 7,
that can maximally reduces the loss L(f) = f\; 1 LOiy fn(xi) + T(x;)). Then, the new

model is defined as f,,,+1(x) = f.(x) + T,,(x). To construct the weak learner 7,,(x), we
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calculate the negative gradient vector dL(y;, f(x;))/0f(x;) and fit such vector to obtain
T() 113,

2.2 Deep Learning

The deep learning method!'*?°! becomes the hottest topics in machine learning
area since 2006 and it has already been successfully applied in computer vision, speech
recognition, natural language processing etc. The traditional machine learning meth-
ods usually require a large quantity of carefully hand-crafted features. However, fea-
ture engineering typically requires substantial human efforts and there is little general
principle how this should be done. Alternatively, the deep learning methods learn to
represent the data by combining the simple features into more sophisticated features
with its deep architecture automatically. Thus, the deep learning methods are capable
of achieving more accurate results with less human effort.

Currently, most of deep learning architectures focus on the image?!-??, text!23-24]
and speech data!?-2"1, Compared with such data, the spatio-temporal traffic data has
both spatial and temporal patterns and it usually contains multiple attributes. More-
over, we usually have to handle city-level data which is in a very large scale. Due
to the characteristic of spatio-temporal traffic data, few work utilizes deep learning
methods in spatio-temporal traffic data analysis and prediction. We carefully devise
several deep architectures to solve some classical problems using such data (Chapter
A.3, A.5)281. Our results demonstrate the strength of deep learning in prediction over
massive spatio-temporal traffic data. In this section, we first illustrate the basic struc-
ture in deep learning and then continue by introducing several useful deep learning

architectures in spatio-temporal traffic data learning and prediction.

2.2.1 Basic Structure

A deep learning model is a neural network which consists of many layers of
non-linear information processing stages and hierarchical architectures?**-%_ Such

structure benefits from joint learning of representations with increased levels of ab-
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i hidden layer 1  hidden layer 2 hidden layer 3
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faofao fl(x)

Figure 2.1 Illustration of a neural network (picture from [*2))

straction and classification/regression. Formally, a layer can be viewed as a non-linear
mapping f(.). For the input data x, the layer maps it into f(x; ) where 6 is the parame-
ter of this layer. We show a simple example in Fig. 2.1. We use f;(.; 8;) to represent the
i-th layer in the model. The lower layers extract the simple features from the original
data and the deeper layers combine them into more complicated features®!. The final
output can be represented as the compound function = f; o ... o f,(x). The loss
function is denoted as E(y, y), where y is the label of input x.

We stress that all the parameters are initialized randomly. To train the model, we
first calculate the loss function E and update the parameters in the last layer 6, with

corresponding gradient gTE. We then calculate the gradient of 6,_; by the chain rule

OE _OE 86, 0f

0011—1 B a0}1 6fn—1 69}1—1

and update the corresponding parameters accordingly. We call such method back-
propagation. Moreover, to enhance the learning ability of deep learning model-
s , several improved architectures were devised, such as Convolutional Neural Net-
work (CNN)B331 Recurrent Neural Network (RNN)P** and Residual Neural Net-
work (ResNet)!®]. We introduce three useful architectures in spatio-temporal traffic

data analysis in Section 2.2.2 to Section 2.2.4.

10
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2.2.2 Embedding Method

el36371 Tt is widely used in deep

36,38,39

Embedding method is a feature learning techniqu
learning models, especially in natural language processing (NLP) tasks! I Ttisa
parameterized function which maps the categorical values to the real numbers.

Specifically, neural networks treat every input as a real value. A simple way to

[40] " For exam-

transform categorical values to real numbers is one-hot representation
ple, suppose the value of a categorical feature is 3 and the corresponding vocabulary
size (highest possible value) is 5. Then, its one-hot representation is (0, 0, 1, 0, 0). How-
ever, using such representation can be computationally expensive when the vocabulary
size is huge. Moreover, such representation does not capture the similarity between
different categories.

The embedding method overcomes such issues by mapping each categorical val-
ue into a low-dimensional space (relative to the vocabulary size). For example, the
categorical value with one-hot representation equal to (0,0, 1,0, 0) can be represented
as the form of (0.2, 1.4,0.5). Formally, for each categorical feature, we build an em-
bedding layer with parameter matrix W € R™©. Here I is the vocabulary size of input
categorical value and O is the dimension of the output space (which we refer to as the
embedding space). For a specific categorical value i € [I], we use onehot(i) € R/
to denote its one-hot representation. Then, its embedded vector embed(i) € R'? is
equal to onehot(i) multiply the matrix W, i.e., the i-th row of matrix W. We usually
have that O < I. Thus, even the vocabulary size is very large, we can still handle these
categorical values efficiently.

Furthermore, an important property of embedding method is that the categori-
cal values with similar semantic meaning are usually very close in the embedding s-
pace!l. Here we give an example of word embedding, which embeds words into real
vector, W : words — R". As shown in the figure 2.2, we visualize the embedded
words with t-SNE, a sophisticated technique for visualizing high-dimensional data.
The words with similar semantic meaning are very close, such as the words represent-
ing numbers are embedded in the left, and the words representing jobs are embedded

in the right region. Another important property word embeddings exhibit is that analo-

11
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Figure 2.2 T-SNE Visualizations of Word Embeddings. (picture from“!1)

WOMAN
QUEENS

/y AUNT
s / KINGS
UNCLE
QUEEN \ QUEEN

KING KING

Figure 2.3 Male-female Difference Vector (picture from[4?))

gies between words seem to be encoded. For example, the male-female difference
vector between “man” and “woman” seems almost the same as that between “king”

and “queen”, as shown in Fig 2.3.

In general, these properties are considered as side effects. The neural network
does not explicitly map the categorical values with similar semantic meanings to the a
similar position in the vector space. These properties more or less popped out of the
optimization process. It seems that neural networks can learn better ways to represent

data, automatically.

In our problem of supply demand prediction for online car-hailing services in
Chapter A.3, we find that if two different areas share similar supply-demand patterns,
then their area IDs are close in the embedding space. See Section 4.5 for the details.
We stress that the parameter matrix W in the embedding layer is optimized with other

parameters in the network. We do not train the Embedding Layers separately.

12
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2.2.3 Recurrent Neural Network (RNN)

Recurrent neural network (RNN) is an artificial neural network which contains
an internal state and a directed cycle between units®**. It is suitable for capturing the
temporal dependency and has been used successfully in sequential learning such as the
natural language processing, speech recognition, etc!3343#1  Egpecially, an internal
state can be viewed as the “memory” of previous time steps. When RNN calculates
a new internal state, it captures the temporal dependency with all the previous input
sequences. Unlike feedforward neural networks, RNNs can use their internal memory
to process arbitrary sequences of inputs. Formally, RNN takes a sequence {x;} as input.

In each iteration, RNN calculate the “hidden state” (memory)
h[ = O-(XIWX + ht—lWh + b)

where W, fiW, is the parameters to be learned.
However, vanilla RNN failed in processing long sequences due to vanishing gra-
dient and exploding gradient problems*!. To overcome such issue, Long Short-Term

Memory was developed .

2.2.3.1 Long Short-Term Memory (LSTM)

Long Short Term Memory network (LSTM) is a special kind of RNN, capable of
learning long-term dependencies. They were introduced by Hochreiter and Schmid-
huber!*!, and were refined and popularized by many people in following work. They
work tremendously well on a large variety of problems, and are now widely used.

An LSTM contains several LSTM units. Each LSTM unit (See Fig. 2.4 for an
illustration) contains a memory cell and three gates which are used to control the flow
of information in/out of their memory. Mathematically, given the input vector x =
{xo0, x1,...,X,}, and denoting the output as y = {yo, 1, - - . , ¥}, the expected output (the

internal states of LSTM) are updated as follows:

ip = o(Wyx; + Wyyio1 + Weiciot + b)),

Ji=oWarxe + Wypyier + Weper1 + by),

13
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—
|
Layer 1 :
|
F(x) I
Layer 2 i
.
|
H(x) = F(x)+x
Figure 2.4 LSTM Figure 2.5 Residual Network

Cr = ﬁ ® ci-1 + it ® tanh(chxt + Wyc}’t—l + bc)
0y = O(Wyox; + Wyoyt—l + WeoCro1 + bo),

v; = 0; ® tanh(c;)

where o denotes the logistic sigmoid function and ® denotes element-wise multiplica-

tion.

2.2.4 Residual Network

Many non-trivial tasks have greatly benefited from very deep neural networks,
which reveals that network depth is of crucial importance 81, However, an obstacle
to train a very deep model is the gradient vanishing/exploding problem, i.e., the gra-
dient vanishes or explodes after passing through several layers during the backpropa-
gation?%*°1. To overcome such issue in deep neural networks, He et al.[*> proposed
a new network architecture called the residual network (ResNet). ResNet makes it
possible (easier) to train a very deep convolutional neural network successfully.

The residual learning adds the shortcut connections (dashed line in Fig. 2.5) and
direct connections (solid line in Fig. 2.5) between different layers. Thus, the input
vector can be directly passed to the following layers though the shortcut connections.
For example, in Fig. 2.5, we use x to denote the input vector and H(x) to denote the

desired mapping after two stacked layers. In the residual network, instead of learning

14
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the mapping function H(x) directly, we learn the residual mapping ¥ (x) = H(x) — X
and broadcast F (x) + x to the following layers. It has been shown that optimizing the
residual mapping is much easier than optimizing the original mapping*>!, which is the

key to the success of deep residual network.

15
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. 3E Related work

In this chapter, we review the existing related work for the three problems that
we study in this thesis respectively. There is a large body of literature on learning
and prediction over massive spatio-temporal data and we only mention a few closely
related ones. At the end of this chapter, we review the existing work which study the

prediction with spatio-temporal data using deep learning.

3.1  Supply Demand Prediction for Online Car-hailing Services
3.1.1 Taxi Route Recommendation

The taxi route recommendation aims to predict the best routes for drivers in order
to maximize their utilization. Yuan et al.!! presented an algorithm to suggest the taxi
drivers with locations towards which he/she is most likely to pick up a passenger soon.
They used a Poisson model to predict the probability of picking up a passenger for
each parking place. In their work, the pick-up locations are fixed in advance. Our work
aims to predict the supply-demand gap in every area. Wang et al.[’! investigated the
problem of recommending a cluster of roads to the taxi drivers. They used a single
hidden layer neural network with carefully selected hand-crafted features. Our work
uses a deep neural network with little hand-crafted features. Ge et al.[>!l provided a
cost-efficient route recommendation algorithm which can recommend a sequence of
pick-up locations. They learnt the knowledge from the historical data of the most
successful drivers to improve the taxi driver utilization of remaining ones. However,

such problem setting is much different from ours.

3.1.2 Taxi Demand Prediction

The taxi demand prediction studies the problem of forecasting the demands in
every pick up location. Moreira-Matias et al.’?l combined the Poisson Model and

AutoRegressive Moving Average (ARMA) model to predict the demand in each taxi
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stand. Again, they only considered the demands in several fixed locations. Moreover,
in their work they treated the data in each taxi stand separately. Such implementation

suffers from the lack of training data. In a recent work, Chiang et al.[!"]

proposed a
generative model, called Grid-based Gaussian Mixture Model, for modeling spatio-
temporal taxi bookings. Their approach was able to predict the demand of taxis in
any time interval for each area in the city. Nevertheless, on one hand, they treated the
orders in weekdays and weekends separately. On the other hand, in their approach, the
total amount of taxi bookings was decided by a Poisson model in advance. When the
real-time taxi demand changed rapidly, their approach may lead to a large prediction
error.

We stress that prior work only studied the demand prediction but ignored the sup-
ply. In the real applications such as taxi route recommendation, taxi dispatching etc, it
is important to predict the equilibrium of the supply-demand. Moreover, none of these
work studied incorporating the environment data such as the weather or traffic condi-
tions to enhance the prediction accuracy. In Di-tech Prediction Competition 20169,
the champion team proposed an accurate algorithm based on Gradient Boosting De-
scent algorithm @ and 1534 carefully hand-crafted features. Besides the basic features
(such as the area ID, day of week, the previous gap and corresponding statistics), they
also considered very detailed features such as average/standard deviation of waiting
time, calling time of different passengers during different time intervals, the ratio of
car-hailing supply/demand of different areas etc. Despite the proposed model achieves
a remarkable performance, designing such features are highly non-trivial and requires

enormous amount of human effort.

3.2 Traffic Condition Prediction

Most of prior works use the probabilistic models to predict the traffic conditions.
Hunter et al.’3 formulated the traffic condition prediction in the arterial network to a

maximum likelihood problem and estimated the travel time distributions based on the

@ http://research.xiaojukeji.com/competition/main.action?competitionld=DiTech2016&&locale=en
@ https://github.com/Microsoft/Light GBM/
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observed route travel times. Yeon et al.l>*! estimated traffic conditions on a freeway
using Discrete Time Markov Chains (DTMC). However these works assumed that the
travel times on different road segments are independent without considering the cor-
relation between the traffic conditions on different roads which may lead to incorrect

prediction in the urban area!,

To capture the correlations between road segments, Hofleitner et al.!*%! formulat-
ed the transitions between states among adjacent road segments as a dynamic Bayesian
network model and predicted the traffic conditions by an EM approach. However, it
did not consider the efficiency on the large scale data.Yuan et al.!”! built a landmark
graph based on the trajectories of taxis, where each node (entitled a landmark) indi-
cates a road segment each edge indicates the aggregation of taxis’ commutes between
two landmarks. They formulated the correlations and estimated the edge travel time
distributions based on the landmark graph. However, as the landmarks are selected
from the top-k frequently traversed road segments, many of road segments with sparse

records can not be predicted.

The most related work with our model was proposed by Yang et al.’”!. They pro-
posed an algorithm called STHMM which is a spatio temporal hidden markov model.
They further presented an effective method to deal with the sparsity in the data. How-
ever, they did not consider the heterogeneity of transition patterns in different time
intervals. In our experiment section (Section 5.8), we show that our model outperform
STHMM in both the efficiency and accuracy. We stress that Chu et al.!>®! considered
the transition patterns in different time intervals and proposed a time-vary dynamic net-
work. However their goal is to reveal the causal structure in a ring road system which

differs from ours.

Furthermore, we stress two recent related works!>>°!, Wang et al.>®! presented an
efficient algorithm to estimate the travel time of any path, based on sparse trajectories
generated by taxi in recent time slots and in history, by using the tensor decomposition.
Instead of predicting the traffic conditions, they studied the estimation of travel time
for given travel paths in the current time slot. Asghari et al.>! estimated the travel time

distributions based on the historical sensor data. As their work studied the algorithm to
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find the most reliable route for the travel planning, it has a related but different scope.

3.3 Travel Time Estimation

3.3.1 Road Segment-Based Travel Time Estimation

[60-621 However, these works

Estimating travel time has been studied extensively
estimated the travel time of individual road segment without considering the correla-
tions between the roads. Yuan et al.">”! used a spatial-temporal Hidden Markov Model
to formalize the relationships among the adjacent roads. Wang et al.[%*] improved this
work through an ensemble model based on two observed useful correlations in the traf-

fic condition time series. Wang et al. 64!

proposed an error-feedback recurrent Convolu-
tional neural network called eRCNN for estimating the traffic speed on each individual
road. These studies considered the correlation between different roads. However, they
focused on accurately estimating the travel time or speed of individual road segment.
The travel time of a path is affected by various factors, such as the number of road
intersections and the traffic lights in the path. Simply summing up the travel time of

the road segments in the path does not lead to an accurate result(®>,

3.3.2 Path-Based Travel Time Estimation

Rahmani et al.[%] estimated the travel time of a path based on the historical data
of the path. However, the historical average based model may lead to a poor accuracy.
Moreover, as new queried path may be not included in the historical data, it suffers
from the data sparse problem. Yuan et al.®! built a landmark graph based on the histor-
ical trajectories of taxis, where each landmark represents a single road. They estimate
the travel time distribution of a path based on the landmark graph. However, as the
landmarks are selected from the top-k frequently traversed road, the roads with few
traveled records can not be estimated accurately. Furthermore, Wang et al.!>®! estimat-
ed the travel time of the path, based on the sub-trajectories in the historical data. They
used the tensor decomposition to complete the unseen sub-trajectory and such method

enhance the accuracy effectively. Nevertheless, it still suffers from the data sparsity

19



# 3 % Related work

problem since there are many sub-trajectories which were visited by very few drivers.
Dai et al.[®”! proposed a new paradigm for path cost distribution estimation. Given a
departure time and a query path, they showed how to select an optimal set of weights
with associated sub-trajectories that cover the query path and compute the cost distri-
bution of the query path using the joint distribution. As they focused on estimating the
uncertainty of travel cost, it has a related but different scope. In a very recent travel
time estimation competition @, the champion team used a series of standard machine
learning models such as the random forest, the multi-layer perceptron, the LASSO etc.,
as the base estimators. They use Gradient Boosting method to combine the estimation
results of different estimators and use the combined result as the final result. However,
we stress that in practice, devising many machine learning models is very tedious and

hard to maintain. Instead, we only use a single end-to-end framework.

3.4 Deep Learning in Spatio-temporal Data

Recently, the deep learning techniques demonstrate the strength on spatio-
temporal data mining problems. An increasing number of researchers studied applying

68-711 " However, few work stud-

the deep learning technique to prediction problems!
ied the prediction with spatio-temporal data using deep learning. Lv et al.!”?! studied
predicting the traffic flow with deep neural networks. They adopted a stack autoen-
coder to train the network layer by layer greedily. They showed that the deep model is
more accurate comparing with the baseline methods. Zhang et al.!”3! designed a novel
architecture called DeepST to predict the crowd flow. Their model learned the spatio-
temporal patterns by a sequence of convolutional neural networks. They proposed
improved DeepST to ST-ResNet in!’#! by using residual learning to construct a much
deeper networks, and proposing a parametric-matrix-based fusion mechanism for mod-
eling both spatial and temporal dependencies. Song et al.!”>! built an intelligent system

called DeepTransport, for simulating the human mobility and transportation mode at

a citywide level. Dong et al.[’® studied characterizing the driving style of differen-

@® The competition information and data can be found in https://github.com/DeepTTE/DeepTTE
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t drivers by a stacked recurrent neural network. Ma et al.!”’! proposes a CNN-based
method that learns traffic as images and predicts large-scale traffic speed. To the best
of our knowledge, applying the deep learning technique to enhance car-hailing supply-
demand prediction accuracy has not been studied so far, and no prior work studies

estimating the travel time of the whole path based on the deep learning approach.
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Figure 4.7 Historical supply-demand vector H,y

t

the real-time supply-demand vector Vi’i”O. If we can estimate ij”o accurately, we

can easily predict the currently supply-demand gap.

In our model, we use the empirical estimations Ei’; , E‘;j“o and the real-time
supply-demand vector Vi’l’ to estimate Vi’; 19 We first use the Fully-Connection Lay-
ers to project these three vectors onto the same low-dimensional space (in our experi-
ment we fix the dimensionality to be 16). We denote the projected vectors as Proj(Vi}’ ),
Proj(Efj) and Proj(Efj”O). Instead of estimating Vi’f 10 directly, we estimate the pro-
jection of ij”o. We denote the estimated projection as PFOj(ij“O) and we have

that,
Proj(V4*1%) = Proj(V%/) — Proj(E%!) + Proj(E%!*19).

Finally, we concatenate Proj(ij), Proj(Ei’l’), Proj(Ef[’;“O), PFoj(Vi’[“O), with a
Concatenate Layer and pass it through two Fully-Connected layers FCg4 and FCs,. We
use the output of FCj3; as the output of the extended supply-demand block. See Fig. 4.8

for an illustration.

We explain the reason that we estimate V419 4n such way. The vector Proj(Vi’f) -

sd
Proj(Ei’;) indicates how the real-time supply-demand of [t — L,t) deviates from its
empirical estimation. We thus estimate Proj(Vi}’”o) by adding such deviation to the
projection of empirical estimation Proj(Efj“O). Moreover, the projection operation on
one hand reduce the dimension of each supply-demand vector from 2L to 16. On the

other hand, we find that using the projection operation in our experiment makes our
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Figure 4.8 Extended Supply-demand Block

model more stable.

4.4.2 Last Call Block and Waiting Time Block

In this section, we present two additional blocks, called the last call block and
the waiting time block. Note that the order data contains multiple attributes. However,
when calculating the supply-demand vector, we did not consider the attribute o.pid.
Thus, the supply-demand vector Vi’f does not contain any “passenger information”.
From Vd’t,

sd
did not get the rides in the last 5 minutes” or “how many passengers waited for more

we can not answer the questions such as “how many unique passengers

than 3 minutes” etc. However, we find that the passenger information is also very
important to supply-demand gap prediction. For example, if many passengers failed on
calling the rides or waited for a long time, it reflects that the current demand exceeds
the supply significantly which can lead to a large supply-demand gap in the next few
minutes. We use the last call block and the waiting time block to provide the passenger
information. Both of these two blocks have the same structure as the extended supply-
demand block. In another word, we just replace the real-time supply-demand vector
Vi’; in the extended supply-demand vector with the real-time last call vector and real-

time waiting time vector.

For the last call block, we define the last call vector as follows.
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Definition 6 (Real-time last call vector)  For a specific area a at timeslot ¢ in the d-
th day, we first pick out the last call orders in [t — L, t) for all passengers, (i.e. for a
specific passenger pid, we only keep the last order sent by pid), and denote the order

set as S 4

. Then, the real-time last call vector VZ_’t is defined as a 2L-dimensional
vector. We denote the first L dimensions as VAfc’t. For the ¢-th dimension of VAfc’t, we

have that

Val(6) = l{pid | o € S 1" s.t. 0 is valid A o.pid = pid

Ao.ts =t — "L}

V(0% describes the amount of passengers whose last call is at ¢ — £ and she/he suc-
cessfully got the ride. Similarly, we define VB;lc’t which corresponds to the passengers

who did not get the rides. O

We explain the reason that we define the real-time last call vector. In our data, we
find that if a passenger failed on calling a ride, she/he is likely to send the car-hailing
request again in the next few minutes. Especially, the last calls near timeslot ¢ are
highly relevant to the supply-demand gap in [¢, ¢ + 10).

Based on Vldc’t, we can further obtain the empirical last call vector E;lc’t with the
same way as we obtain Ei’; . We thus construct the extended real-time last call block
with the same structure as the extended supply-demand block.

For the waiting time block, we define the real-time waiting time vector V%' € R*

in the same way as we defining V4" and V4,
sd le

Definition 7 (Real-time waiting time vector)  For a specific area a at timeslot 7 in the
d-th day, we define the real-time waiting time vector as Vfi’f . The ¢-th dimension in
the first part V4% (first L dimensions) is the total number of passengers who waited
for £ minutes (from her/his first call in [t — L, t) to the last call) and did get the rides at
last. Similarly, we define the second part VBCVIV’,’ which corresponds to the wait time of

passengers who did not get the ride.

We thus construct the extended waiting time block with the same structure of the

extended supply-demand block.
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Figure 4.9 Incorporating extra feature

Finally, we connect the supply-demand block, the last call block and the waiting
time block through residual learning, as shown in Fig. 4.6. These three blocks together
form the extended order part in the advanced model. We use the extended order part to
replace the original order part and we thus obtain the advanced version of DeepSD.

4.4.3 Extendability

Finally, in this section we present the extendability of our model. In real appli-
cations, it is very common to incorporate new extra attributes or data sources into the
previous model. For example, imagine that we have already trained a model based on
the order data and the weather data. Now we obtained the tdata and we want to
incorporate such data to enhance the prediction accuracy. Typically, we have to discard
the already trained parameters and re-train the model from beginning. However, our
model makes a good use of the already trained parameters. In our model, such scenario
corresponds to that we have trained a model with the order block and the weather block.
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segment 7; in the #-th interval is defined as the average speed of all the GPS records
observed in this road segment during the ¢-th interval, denoted as of. Note that for
some road segments, there may not exist any GPS record in the #-th interval and thus
we can not define the corresponding traffic condition. We explain how we deal with
such case in Section 5.8 . Currently, we simply assume o' is well-defined for all i and
t. Moreover, we use Orgi = {Oli, e, oiT} to denote the traffic condition time series of

road segment r;.

Expected Traffic Condition Note that the traffic conditions usually have the “dai-
ly pattern”. For example, a road segment is usually in a jam during 6:00-9:00 each
day whereas from 9:00 to 11:00 it is usually light. For the #-th interval, we define
t mod M as its daily index, i.e., it is the t mod M-th interval in its corresponding day.
For example, if we set M = 96, then the 226-th interval represents the time period
from 8 : 30-8 : 45 in the third day and its daily index is 226 mod 96 = 34. Let
A§ = {0;'/ ¢ = t mod M} be the set of traffic conditions observed in road segment r; dur-
ing the t mod M-th interval for all days. For example, in Table 5.2, the 34-th interval
is a time period from 8 : 30 to 8 : 45 on the first day. Then, Ag 4 18 the set of traffic
conditions of the road segment 7; in all days from 8 : 30 to 8 : 45. We call the mean
of Al the expected traffic condition of r; in time interval ¢, denoted as @’ = Y aial |AL].
Essentially, the expected traffic condition @' indicates the value that traffic conditions
are usually around, in the r mod M-th interval of a day. We use Avg' = {a"l, cees aiT} to
denote the expected traffic condition time series of the road segment r;. Note that Avg'
is a periodic series and once we have the training data, a! is always available for all

te’Z.

Problem Definition Given the historical traffic conditions before time interval T,
Org' = {o',..., 0"} for all i, our goal is to predict the traffic condition on the T + 1-th
interval oiT ., or even longer for each road segment r;. For convenience, for any 7, we

use p, to denote the predicted traffic condition in the time interval ¢.
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Figure 5.3 o; andog; Figure 5.4 g; andg.+1 Figure 5.5 ACF of Di (Org)
5.3 Useful Observations

Most of prior works predict the future trac conditions directly based on the
tra c condition time series. However, it is dcult to extract the patterns in the tra
condition time series Ofg We nd that by transforming the Ofgnto two di erent
forms of time series, the new time series reveal very strong autocorrelations. We hope
these observations can provide useful insight in further study of the travel condition
prediction problem and related problems.

Expectation-reality gapThe tra c condition time series of the same road seg-
ment in each day usually exhibits strong periodic pattern which we refer to as the
“daily pattern”. We eliminate the daily pattern from the tracondition series by sub-
tracting the corresponding expected tacondition from each of the trac conditions.

Intuitively, if g < 0O, it means that the trac condition in the time interval is more
congested than usual. We nd that there exists a strong correlation betygeand
0. Fig. 5.3 and Fig. 5.4 show the scatter diagranmogfdi.1) and @; gi+1) of a speci ¢
road segment respectively. As we can see, by transforming the tandition series
Ord to the gap series Gapve essentially extract the “pattern” of the tra condition
series.

First order di erence of tra ¢ condition seriesWe use | = 0, 0} , to repre-
sent the rst order dierence of tra ¢ condition series, denoted as DOrg). We use
ACF (Auto Correlation Function) to analyze the autocorrelation in the time series of
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we thus obtain two time series Org and Avg as defined in Section 5.2. The details are
presented in the experiment part (Section 5.8). In Section 5.3, we illustrate two useful
observations. Next, in Section 5.5, we use a regression tree based model called PR-Tree
to predict the future traffic conditions based on our observed correlations. We further
adopt a probabilistic graphical model called STPGM in Section 5.6 which captures both
our observations and the correlations between the road segments. Finally, we combine
two models in the ensemble stage as shown in Section 5.7. We show that combining

two different models enhances the accuracy of the prediction in Section 5.8.

5.5 Predicting The Traffic Condition with PR-Tree

In this section , we define a regression tree based model called PR-Tree to predict
the traffic condition of each road segment individually. We first describe the structure
of PR-Tree in detail and how we predict the traffic condition on this tree in Section

5.5.1. Then in Section 5.5.2, we present the training algorithm of PR-Tree.

5.5.1 Description of PR-Tree

Recall that the time series Gap shows a strong autocorrelation as we claimed in
Section 5.3. We can thus approximate g,;; by an estimation g,.; based on g, and
predict the traffic condition in the ¢ + 1-th interval by p;.; = a;41 + &:41 (the expected
traffic condition a,; is always available as we claimed in Section 5.3). From Fig.
5.4, it is reasonable to set g,,; = 6 - g; since the scatter diagram shows a nearly linear
correlation. However, we find that the ratio g,, /g, varies when g; takes different values.
For example, if g; is close to —10, g;,; is usually around 1.2 times g; whereas if g; is
close to —8, g;+1 1s usually around 1.4 times g,;. Motivated by this, instead of estimating
g:+1 by 0 - g;, we use a proper function R(g;) and estimate g;,; by g; - R(g;).

Structure To learn a proper function R, we propose a regression tree based model
called PR-Tree. Specifically, PR-Tree splits the input space into several subspaces.
Each subspace is associated with an output parameter 6. Given the input g,, we find the

subspace corresponding to g, and return the corresponding 6 as R(g;). Formally, each
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Figure 5.7 An example of PR-Tree

inner node of PR-tree has a splitting value and each leaf node has an output parameter
6. To find the corresponding subspace of g;, we search on PR-Tree as follows. Initially,
the current node is the root of PR-Tree. If g, is less than or equal to the splitting
value of the current node, we search the left child recursively. Otherwise, we search
the right child. We perform such search until it reaches a leaf node and returns the
corresponding € on the leaf node as R(g,). For simplicity, we use R to represent the

corresponding PR-Tree.

We show an example of a PR-Tree in Figure 5.7. The PR-Tree contains four inner
nodes (the splitting value of these nodes are {4, 11, 16,23}), and five leaf nodes (their
values are {0.4,0.7,0.6,1.1,0.7}). We take g; = 5 as the input. As the splitting value of
the root node is 16 and g, < 16, we search its left child recursively and finally reach a

leaf node with output parameter 6 = 0.7.

Prediction To predict the traffic condition in the time interval ¢ + 1, we simply set
841 = R(gy) - g, and predict 0,41 by p;s1 = a;41 + R(g,). Fig. 5.7 shows an example.
Given the current traffic condition o, = 45, assuming the expected traffic condition on
tand r + 1 are a; = 40, a,. = 43, we get g, = o, — a, = 5. By taking g, as the input of
PR-Tree, we get R(g;) = 0.7. Then, we estimate 0,1 by a;+| + R(g;) - g = 46.5.

5.5.2 Training PR-Trees

First, we present the objective for training PR-Trees. Recall that we predict o,
as pir1 = am1 + R(g) - g Given the training set Org' = {o},..., 0}, our goal is

to minimize the squared error ¢y 7y (Pr+1 — 0:1+1)>. Equivalently, we need to find an
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Algorithm 1 PR-Tree Splitting (Split)

Require: Node root, Training sequence TR, cross validation sequence CV

Ensure: Update the PR-Tree.

1

2

3

4:

5:

a

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

: ergr = f(TR,0ut(TR))

D €min = 0
fori=1,...,|TR|—1do

TR, < first i elements in TR
TR, « T\TR,

emin = f(TR;, 0ul(TR))) + f(TR,,0ul(TR,))
TR; =TR;,TR; = T\TR;
end if
end for
If e,,;, > es — y return
root.lc < a new node corresponds to TR;
root.rc < a new node corresponds to TR;
if bestcy > Q(CV) then
bestcy = Q(CV)
Split(root.lc, TR;, CV), Split(root.rc, TR}, CV)
set the splitting value of root as MaXgeR: S.U
else
root.lc = None, root.rc = None
set the output value of root as out(TR)
return
end if

it #(TR,,0Ut(TR))) + f(TR,,0Ut(TR,)) < €min then

> update the best TR,

> split root
> split root
> qualify the splitted PR-Tree
> update the global best value

> inner node

> leaf node

op

timal PR-Tree (function R*) that

R =argmin )" (g1 —R(2)- 2 (5-1)
R

te[1,T)

Our training algorithm is slightly different from the standard regression tree train-

ing algorithm. To train the PR-Tree, given the time series Gap = {g"l, cees giT}, we
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construct another sequence S = {(u,v)lu = g,v = g1,Vt = [1,T)}. Each ele-
ment s € S indicates a pair of values (g, g;+1). We use s.u to denote the first val-
ue in pair s and s.v to denote its second value. We sort § by increasing order of
s.u. For any subsequence S, C S and any PR-Tree R, we define the cost of S, as
O ) = Yes, (5.v—R(s.u) - s.u)?. which represents the squared error if we use PR-
Tree R to fit the set S ,.

Our training algorithm works as follows. During the training phase, each node
corresponds to a subsequence of S, C S. For a specific node, if it is an inner node, we
use S, S, to denote the corresponding subsequences of its left child and its right child
respectively. Then, its splitting value is max,eg, s.u. Otherwise, it is a leaf node. We
define f(S,, @) = Zsesx(s.v—a-s.u)z. The output 6 of this leaf node is argmin, (S, @),
denoted as out(S ,).

Initially, we have a singleton tree. There is the only one node which corresponds

to §. We split the PR-Tree recursively. For each node, there is a best splitter S7, i.e.,
§7 = argmin {f(S;,0ut(S)) + f(S\S, out(S\S )}
Sy

We enumerate the first i elements of S, as §; (S, = §\§)) to search the best splitter §;
(line 3 to line 10 in Algorithm 1). Note that since S is sorted and f(S;, @) is the sum of
quadratic terms which is still quadratic. To obtain the best splitter S}, we can maintain
the coefficients of f(S;, @) and the minimum of the quadratic term can be calculated
in O(1) time. Each time when we enumerate a new subsequence, we only need to
update the coefficients. Thus, we can obtain the best splitter in O(|S|) time efficiently.
We denote S, = §,\S;. If f(S;,0ut(S))) + f(S;,0ut(S;)) < f(Sxout(Sy) — vy, we
split the current node into two child nodes with subsequences S; and S respectively
where vy is a threshold to be specified (line 12 to line 13). Otherwise, we terminate the
recursion (line 11).

The readers may notice that such splitting procedure may cause a serious over-
fitting problem, i.e., the PR-Tree keeps splitting until each node only contains a very
short subsequence. To remedy this issue and reduce the generalization error, we split

S into two parts, the training part 7R and the cross validation part CV. We use TR to
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train PR-Tree, each time when a node is split, we qualify the current PR-Tree on the
cross-validation set CV and check whether if Q(CV) decreases (line 14). If the qual-
ification on CV does not decrease, we undo the splitting operation (linel9 to line21)
and terminate the recursion. Otherwise, we continue the splitting operation (line 15
and line 17) and split its children nodes recursively (line 16). See Algorithm 1 for the

pseudo code.

5.6 Predicting Traffic Condition with STPGM

Despite that the PR-Tree performs well in most of our data (which we show in
Section 5.8), it does not consider the correlations between the road segments. Some
roads are easily affected by its neighbors, the congestions of its neighbors usually lead
to the congestion of itself in the next few time intervals. For such roads, PR-Tree does
not perform well. Motivated by this, we propose a probabilistic graphical model called
STPGM which is used in combination with the PR-Tree in our system.

We first construct a spatial temporal probabilistic graph (STPG) G, which corre-
sponds to a road network G. If a vehicle can travel from the road segment 7; to the road
segment r; (or from r; to r;) directly, we say that r; and r; are adjacent. We construct a
vertex v; in G, which corresponds to a road segment 7; in G. We add an edge between
v; and v; if and only if the road segments r; and r; are adjacent. For a specific v;, we use
Neib(v;) to denote all the adjacent vertices of v;. Intuitively, the adjacent road segments
affect each other much more significantly than the other road segments. Thus, each

edge in G, represents a “‘strong effectiveness” in the road network.

5.6.1 States of STPGM

We first discretize the traffic conditions into different states. Recall that as we
claimed in Section A.4.1, the traffic conditions and the transition patterns are very dif-
ferent not only at different road segments, but also at different time intervals. However,
for a specific road segment, we find that the traffic conditions and transition patterns
are usually similar for the time intervals with the same daily index. For example, if the

traffic is congested in 8 : 00, it usually stays congested in next several time intervals.
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However, if the traffic is congested in 10 : 00, the traffic becomes light in the next few
minutes with a large probability. Motivated by this, we consider different time intervals

separately and use the same state sets for the time intervals with the same daily index.

For a specific road segment r;, instead of clustering all of its traffic conditions in
series Org' (which are widely used in the prior works®~%37:81) 'we consider the traffic
conditions under different daily index separately. Formally, we consider a specific daily
index [ € [M]. Recall that A;' = {oilt = [ mod M}. We cluster the traffic condition set
A; into k clusters with K-Mediods where k is a parameter to be specified (see Section
5.8 for details). For example, if the daily index / corresponds to 8 : 30-8 : 45 in a
day, then we cluster the traffic conditions for all days during 8 : 30-8 : 45. We use
the center ci,l of each cluster to represent a state, and denote the set of the centers as
C) = {c"1 s ci ;J. The state of the traffic condition in the time interval 7 is represented

by its nearest center in C! denoted as s!. We show an example of a random

[t mod M)’
selected road segment r; where C’25 = {44,48, 52,58} and C§4 = {15, 25, 32,38} (km/h).
The time interval 25 corresponds to 6 : 00-6 : 15 where the traffic is usually light and

the time interval 74 corresponds to 18 : 30-18 : 45 where the traffic is usually heavy.

5.6.2 Parameter Learning

We predict the traffic condition of a specific vertex (corresponds to a road segmen-
t) v; based on the historical traffic conditions of itself and its neighbors. We assume that
the traffic condition of v; in the time interval 7 + 1 is only related with the traffic condi-

tions of v; and Neib(v;) in the time interval .

Formally, consider a vertex v;. Let {v;} U Neib(v;) = {v;,,...,v;,} and the corre-
l| 12
sponding states in time interval 7 are {c' Coit> Coyy > o+ 0 cx ¢} Our goal is to learn the
transition probability for all the possible states in C( 141) mod M * 1-€-5
_ A i _ in _ _in
P(St+1 x t+1|st Cxil > St ) > 8¢ Cx,»,, t)
=N in_ i i iy
P(s;,, = Ciaar1> 51 = Coyposn o8 = € )
= i _ i i i (5-2)
P(s;' = Cy oo 8 = €1 0)
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For the prediction, it is unnecessary to compute the the denominator, which we
show in Section 5.6.3. As for the numerator, the state space in Equation 5-2 explodes
exponentially whereas the training data is relatively limited. It is not sufficient to esti-

mate the numerator precisely. Thus, we approximate the numerator of Equation 5-2 by

P(s), = c ,,+1>HP<s = ¢ I8l =€) (5-3)

where P(s! = |s = ci' .+1) indicates that given the observed state in the time
J is

t+1

. ey . . Xi;
interval t + 1, the probablhty that the previous state of v;; is cl.,’t.

We define the indicator function I(s’, ¢:. ) which indicates that whether the state of

1 xt
the road segment r; in the time interval 7 equals c;’ Weuse N =3 moa m 1 (s,,, cx’t) to
represent the total days that the state of the road segment r; in the  mod M-th interval
of each day is ¢’,. Then, we calculate the probability P(s; = ') by the frequency

P(si = ¢'.,) = N/D. Similarly, for the term P(s = c 'l ;I_J .1), we have

+1

Zt’ ¢t mod M(I(St’+1’ X; t+1) I(Sl‘" jij’t))

= Clpt) = (-4

P(sfj = c |s

t+1 — j
Zt’zz modMI(st{H’ Xi; t+l)

Thus, we get the approximation of the numerator of Equation 5-2.

5.6.3 Prediction

Suppose the traffic conditions of the road network in time interval ¢ are observed.
We first construct the states for each road segment r;. To predict the traffic condition
of a road segment r;, after obtaining the states of v; and Neib(v;) in the time interval
t, we use Equation 5-2 to infer the probability of each state for v; in the time interval
t + 1. Then, we select the state with the largest probability as the predicted state and
the corresponding cluster center as the predicted traffic condition. Note that as the
denominator of Equation 5-2 is a constant value when the states of v; and Neib(v;) in

the time interval ¢ are given, it is actually unnecessary to compute this denominator.

66



%5 5 ¥ Traffic Condition Prediction System

5.7 Model Extensions

Ensemble We find that in the experiment, the performances of PR-Tree and
STPGM differ in different roads. Some roads are rarely affected by their neighbors,
such as the arterial roads. For such roads, PR-Tree outperforms STGPM. However, as
PR-Tree does not consider the correlations of the roads, STPGM performs better than
PR-Tree for the roads which are highly affected by its neighbors, especially the road-
s that only few GPS records are observed. Our prediction for traffic condition in the
t+1-thinterval is a linear combination of the previous traffic condition of, the prediction
obtained by PR-Tree and STPGM. The weights of the linear combination is obtained
by linear regression. We show that in the experiment, by combining the models, our

system achieves a higher accuracy for the prediction.

Alternate of the input series In fact, both the PR-Tree and STPGM are the mod-
els which capture the correlations in a time series. Recall that in the PR-Tree model,
we use the time series Gap as the input. In STPGM, we use the traffic condition time
series Org as the input. Essentially, we can use the any time series related with the
traffic as the input of both models and predict the traffic condition in a proper way. For
example, if we use the Org as the input of a PR-Tree, we actually try to approximate

i

i, by 0} - 6(0}) and we predict the traffic condition directly use 6(0}). Similarly, we

0
can use the Gap as the input of STPGM. Besides the proposed two series, we can also
use the first order difference of Org (i.e., Diff(Org) as defined in Section 5.3) as our
input or the traffic conditions filtered with Kalman filtering. The details are presented

in Section 5.8.

5.8 Experiments

In this section, we evaluate the effectiveness and efficiency of the proposed mod-

els.
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5.8.1 Experiment Setting

Data Set In all experiments, we use the real dataset which consists of GPS records
collected from 12,000 taxis from November 1st to December 31st in 2012 © .The GPS
data are map matched ¥ to road network @ of Beijing. During our experiment, all
the driver id were anonymized by recoding. We evaluate our algorithms on the data
of November and December respectively. For each month, we divide the data set into
the training set (1st - 24th), and the test set (25th - the last day). We distinguish two
cases in our experiments: the standard case and the sparse case. For the standard case,
we select 10812 road segments which contains more than 140 GPS records per day in
average. In the sparse case, we select 101672 road segments in which the GPS records
occurred in more than 10 time intervals per day in average. In all experiments, we
focus on the time period from 6 : 00 to 24 : 00 in each day since there are only few
GPS records observed during 00 : 00 to 6 : 00.

Measurement We evaluate the performances of our models on the test data set
by Mean Absolute Error (MAE), Mean Relative Error (MRE) and Mean Squared
Error (MSE), ie, MAE = L3\ 37, |pi - oil, MRE = Lyl ST |pi—oll/ol,
MSE = |1le|£|1 Zthl (p! — 0%)%. Recall that we evaluate our algorithms on the datasets
of November and December respectively. For convenience, for each model, we use
the mean of the errors on the two months as the final error. All the experiments are
implemented parallelly with Python 2.7 and run on a service on Open Stack (Intel X-
eon E312 CPU of 16 cores with 2.1GHz for each core and 32GB memory on Ubuntu

14.04LTS operate system).

5.8.2 Pre-processing

Data Cleaning In the data cleaning phase, we eliminate the GPS records for taxis
which slow down or even stop for picking or attracting passengers. We distinguish
two cases of such records. One is boarding, 1.e., the passengers get on or get off the

taxi. The other is balling, i.e., the taxis slow down or stop to attract guests who need

@® This data can be downloaded in http://www.datatang.com/data/45888
@ This data can be downloaded in http://www.datatang.com/data/45422
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taxis. For the boarding state, the speed of the taxi usually varies sharply in a short time.
Therefore, once we detect such sharp variation of the speed, we eliminate such GPS
records. To handle the balling state, for a specific road, we check the speeds of all taxis
in this road in a specific time ¢. If the speeds of most taxis are relatively high, only few
of the taxis are driving at a very low speed , we think such taxis are on the balling state
and we eliminate the corresponding GPS records.

Deal with Sparsity Recall that as we claimed in Section 5.2, some road segments
may not contain any GPS record during the time interval ¢ for some ¢ € [T]. Thus,
the corresponding traffic condition o' is not defined. To solve this issue, for the road
segment r;, if the GPS record set observed in the time interval ¢ is not empty, we define
0! as the average speed of the GPS records in the #-th interval. Otherwise, we have
o = —1. Let X; = {0.] = t mod M A 9/, # —1} indicate the traffic conditions
during the t mod M-th interval in each day. We define @ as the mean of X; and the
series Bias = {b;, = 5; - a;’|v(3;' # —1}. Then, for each pair of adjacent elements in
Bias, we perform the linear interpolation to obtain the undefined b;. For example, if
Bias = {by = 3,bs = 4.5, b7 = 10.5}, we obtain a series {b; = 3,b, = 3.5,b35 = 4,b4 =
4.5,bs = 6.5,b¢ = 8.5,b7 = 10.5} after performing linear interpolation. Finally, we

have that the traffic condition o' is obtained by 0! = @' + b,.

5.8.3 Performance Evaluation

Performances of different models We present the evaluations of our models. We
first compare our model with the baseline Avg, i.e., predict the traffic condition o by its
expected value a!. Furthermore, in the recent work, Yang et al.!*”! proposed STHMM
for traffic condition prediction which is based on a spatial temporal hidden markov
model. We compare STHMM with our models as well.

The results are shown in Fig. 5.8(a) and Fig. 5.8(b). As we can see, the baseline
(Avg) performs worst in both cases. Despite that STHMM outperforms Avg in both
cases, both of our models PR-Tree and STPGM perform better than STHMM in our
data set. Moreover, in the standard case, PR-Tree performs better than STPGM as

shown in Fig. 5.8(a) whereas in the sparse case STPGM performs better. By combining

69



5a Tra c Condition Prediction System

(a) All models (standard) (b) All models (sparse) (c) PR-Tree (standard)

(d) STPGM (standard) (e) STPGM (sparse) (f) Predict longer

Figure 5.8 Performance Analysis.

PR-Tree and STPGM, our system ETCPS achieves the best performance in both two
cases.

Verifying the Observed PatternsRecall that as we claimed in Section 5.7, any
time series related with trac can be taken as the input of both PR-Tree and STPGM,
and predict the trac condition in the proper way. To illustrate theexts of the obser-
vations which we proposed in Section 5.3, we design fouent experiments with
di erenttime series and evaluate each experiment on PR-Tree and STPGM respective-
ly. The rst two time series are Org and GapOrg Avg, as we used in Section 5.5
and Section 5.6. Then, we use the rst ordera&lience of Org as the input time series,
denoted as Di(Org). Thet-th element in Di (Org) isoi1 0. Furthermore, since
the raw GPS records usually contain the noise such as the GPS drift, we use Kalman
ltering to process the tra c condition series Org. We take the rst order drence of
the processed time series as the input as well, denoted &K ).

We show the experimental results in Fig. 5.8(c), Fig. 5.8(d) and Fig. 5.8(e). Both
PR-Tree and STPGM perform badly if we use Org as input directly. However, by using
Di (Org) and Gap instead, the performances improve signi cantly which veri es our
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on deep recurrent neural networks. The primary contribution of this chapter can be
summarized as follows:

e We design an end-to-end framework for Travel Time Estimation, called
DeepTTE, based on deep recurrent neural networks. We incorporate various fac-
tors which may affect the travel time (e.g., the driver, the day of the week, and
the time interval, etc.) in a unified model, instead of building several sub-models
manually.

e We devise a novel neural network architecture which can easily process variable-
length GPS trajectories. Furthermore, by carefully designing the input sequence,
our model effectively captures the spatial and temporal dependence in the trajec-
tory simultaneously without much information loss.

e We further extend our model to a multi-task learning model by introducing an
auxiliary component. The auxiliary component estimates the travel time between
each pair of adjacent GPS points which we take as the auxiliary output. We show
that the auxiliary component effectively improves the model performance.

e We conduct extensive experiments on a large scale data set which consists of
GPS points generated by over 14, 684 taxis collected in one month in Chengdu,
China. Our model achieves a high-quality prediction result with the error rate
of 12.74% which significantly outperforms several other off-the-shelf machine
learning algorithms, as shown in Section 6.4.

This chapter is organized as follows. In Section A.5.2, we formally define our
problem and present several preliminaries of our model. In Section A.5.3, we de-
scribe our model architecture in detail. We conduct extensive experiments to show
the strength of our model in Section 6.4. Finally, we present some related work and

conclude this chapter in Section A.2.3 and Section 6.5.

6.2 Problem Definition

Definition 8 (Historical Trajectory)  We define a historical trajectory T as a se-
quence of consecutive historical GPS points, i.e., T = {py,..., pjrj}. Each GPS point
p; contains: the latitude (p;.lat), longitude (p;./ng) and the timestamp (p;.ts). Further-

77



%% 6 ¥ Estimating Travel Time Based on Recurrent Neural Networks

more, for each trajectory we record its corresponding driver ID which we denote as

driverID.

We then illustrate the our objective.

Definition 9 (Objective) ~ Given the path S, the corresponding driver ID and the start
time, our goal is to estimate the travel time from the source to the destination through
S. We assume that the travel path S is specified by the user or generated by the route
planing apps. S to a sequence of location points by sampling. Each location is repre-

sented as a pair of longitude and latitude.

Remark: In our experiment, we remove the timestamp in the historical trajectories
and use such trajectories as the test data. During the training phase, we learn how to
estimate the travel time of the given path, based on the historical trajectories as we
defined in Definition 10. During the test phase, to make the testing data consistent with
the training data, we convert the path S to a sequence of location points by sampling.

In this chapter, we do not consider how to optimize the path S.

6.3 Model Architecture

We first describe the architecture of our model as shown in Fig. A.6. Our model
consists of four parts: the attribute component, the sequence learning component, the

residual component, and the auxiliary component.

The attribute component processes the attributes of the driver ID, the current day
of the week, and the timeslot of the start time. The sequence learning component
processes the GPS location sequence. The residual component utilizes the outputs
of the first two components to estimate of the given path. Finally, we introduce an
auxiliary component which estimates the travel times between consecutive GPS points

and helps improve the model performance.
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Figure 6.3 Overview of DeepETT.

6.3.1 Attribute Component

In the attribute component, we first process the attributes of the driver ID, the day
of the week and the timeslot of travel start® . We use driverID, weekID and timelID to
denote these three attributes respectively. Since these attributes are categorical, to feed
the attributes into the neural network, we need to transform them into real values. We
use the embedding method*®! to process each categorical attribute. The embedding
method maps each categorical value v € [V] to a low-dimensional space RE*! by a ma-
trix W € RV*E (we refer to such space as the embedding space). An important property
of embedding method is that the categorical values with similar semantic meaning are

usually very close in the embedding space. Thus, the embedding method helps us dis-

@O We divide one day into 1440 timeslots.
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cover the similarities in the data*®!. In our case, for example, for some specific paths,
driving at 7:00 A.M. usually takes similar time with that at 18:00 P.M. since they are
both peak hours. Thus, we use the embedding method to reduce the computational cost
and help us discover such similarities in the data automatically.

We further consider the attribute of travel distance. We denote Ad,, _,,, as the
travel distance from GPS point p, to p,,i.e., Ad, _,,, = Zf’;al Dis(p;, pi+1) where Dis is
the geographic distance between two GPS points. Then, we concatenate the embedded
vectors of driverID, weekID and timelD together with the travel distance Ad), _,,, to

form the output of the attribute component, which we denote as attr.

6.3.2 Sequence Learning Component

In this part, we demonstrate how the sequence learning component extracts the
compressed information from the trajectory using a novel architecture.

Recall that each trajectory T is represented by a sequence of GPS points
{pP1.....pm}. Since different trajectories have different lengths, to handle the sequences

with variable lengths, we propose two candidate processing methods.

6.3.2.1 Sampling Method

We randomly sample each trajectory to a fixed length m, as shown in Fig. 6.4. We
denote the indices of the sampled points as an ordered list L and the sampled trajectory
as T’. Furthermore, to make sure that the source and the destination are included in 7",
we have that L; = 1 and L,, = |T|. Thus, the sampled trajectory 7’ can be represented
as{pr,s---» PL,}-

Recall that the trajectory contains both the temporal and spatial dependencies. To
capture the spatio-temporal dependency, we use two stacked LSTM layers to process
the GPS point sequence. A direct way is to take the longitude and the latitude of point
pr, to the LSTM layers at each time step i. However, discovering the relative position
and the distance between two GPS points is not easy for neural networks. Instead, for
each time step i, we concatenate the coordinates of two consecutive points py,, pr,,,, the

travel distance between p;, and py,,, (which we denote as Ad), —,,, ) and the output
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Figure 6.4 Samplingn Points from Trajectory.

feature vectoattr obtained from the attribute component. We use such concatenation
X = (latj; lon; lati1; lon+q; dpLi! IDLi+1;attr) as the input of LSTM layers.

We pass the input sequence to two stacked LSTM layers and obtain the output se-

layers to map each to a hidden state vectbr. A time-distributed fully-connected lay-

er takes a sequence of vectors and maps each vector to an output vector using the same
into a vectorH, whereH indicates the representation vector of the trajectory.

6.3.2.2 Pooling Method

Alternatively, since the recurrent neural network can process the variable length
sequences, we can also use the original trajedatirectly without sampling. In such
implementation, instead of using the concatenate layer, we useaa poolingayer

P..
1 iT 1

as our merge layer, i.e = T isl h; and obtain the representation vector in the

81






%% 6 ¥ Estimating Travel Time Based on Recurrent Neural Networks

neuron with linear activation to obtain the estimated travel time of the given path.

6.3.4 Auxiliary Component

In fact, the residual component is already available to estimate the travel time
of the given path. However, it only considers the “global information”of the whole
trajectory but ignores the travel time of sub-trajectories which we refer to as the “local
information”. Note that during the training phase, since the time stamps of all the GPS

points p.ts are available, we can easily infer the local information of the trajectory.

To utilize the local information, a feasible way is to estimate the travel time be-
tween each pair of consecutive GPS points and sum up the travel time of all pairs.
However, on one hand, the travel time between the consecutive points is usually very
small but has a large variance. Estimating such small values is difficult and leads to a
very inaccurate result. On the other hand, since we only care the estimation accuracy
of the whole trajectory, it is not necessary to accurately estimate the travel time of each

individual pair.

Instead, we introduce an auxiliary component to make use of the local informa-
tion, and we take the estimated travel time between the point pairs as the “auxiliary
output”. Formally, we denote the travel time of a sub-trajectory p, — p; as At,, _, .
For convenience, suppose we adopt the sampling trick in the sequence learning compo-
nent. Based on the first three components, the auxiliary component receives the hidden
state sequence {hy,...,h,_1} from the sequence learning component. Then it maps
the hidden state sequence into a real value sequence {e;,es,...,e,_1} using a time-
distributed fully-connected layer. Each real value e; corresponds to the estimated travel
time Afp, _,, ~Where L is the indices of sampled points as we defined in Section 6.3.2.
We use the estimated travel time sequence {ej, es,...,e,_1} as the auxiliary output of
our neural network. The auxiliary output is trained together with the estimated travel

time of the whole trajectory. See Section 6.3.5 for more details.
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6.3.5 Model Training

Our model is trained end-to-end. We use the mean absolute percentage error
(MAPE) as our objective function. Formally, suppose we adopt the sampling trick
in the sequence learning component. Then, the loss function of sequence learning

component is defined as
lossseq = le - Alpl_’PLml/AtPl_’PLm'

For the auxiliary component, the loss function is the average MAPE loss of each time

step, i.e.,

|
i+1

. (6-1)
m—1 i=1 Atpli_’me t€

m—1
1 le; — AtPLi —pL

losS ux =

Note that in Eq. (6-1) we use a small factor € to prevent the exploded loss values when

At

PL7PLyy, — 0.

The loss function we used during the training phase is defined as the weighted

sum of 10ssg, and 10ssy, i.e.,

loss = 1088, + @ - 10884, (6-2)

where « is the weight factor which is specified in the experiment section. Note that the
auxiliary loss is just used to improve the accuracy, we still use lossy,, to evaluate our
model performance.

Thus, we can train our model by the standard backpropagation and gradient de-

scent method.

6.3.5.1 Discussion

Learning to estimate the travel time of the whole trajectory and the travel time
sequence of consecutive location pairs at the same time is one of the advantages of
using deep learning model. Even though our original problem is to estimate the travel

time of the whole path, we convert it to a multi-task learning problem, and optimize
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multiple objectives with a shared neural network architecture. This technique allows
us to fully utilize the information contained in the training data. Multi-task learning
has been widely studied in the computer visions and the natural language processing
problems®'=31. 1t is unclear how to implement such multi-task learning using tradi-
tional machine learning techniques such as the random forest, or gradient boosting, in

our setting.

6.4 Experiments

In this section, we report our experimental results on the real world dataset. We
first describe the experimental setting and the details of dataset in Section 6.4.1. We
then compare our model with several baseline methods in Section 6.4.2. In Section

6.4.3 to Section 6.4.5 we present the effects of different components and parameters.

6.4.1 Experiment Setting
6.4.1.1 Data Description

Our dataset consists of 1.4 billion GPS records of 14864 taxis from 2014/08/03
to 2014/08/30 in Chengdu, China® . Each record contains three attributes: the longi-
tude, the latitude and the corresponding time stamp. During our experiment, all the
driver id were anonymized by recoding. The total number of trajectories is 9, 653, 822.
The shortest trajectory contains only 11 GPS location points (2km) and the longest
trajectory contains 128 GPS location points (41km).

We use the last 7 days (from 24th to 30th) as the test set and the remaining ones

as the training set.

6.4.1.2 Parameter Setting

We present the parameter settings of different components.
Attribute Component: We embed driverID to R'™!6, weekID to R and timeID to
R1X4

@® The dataset and the corresponding code can be downloaded at https://github.com/DeepTTE/DeepTTE
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Sequence Learning Component: We set the dimension of each LSTM internal state
as 128 and the dimensions of two time-distributed fully-connected layers as 128 and
64 respectively. We use leaky relu function (LReLU)B!! as the activation of the time-
distributed fully-connected layers. Moreover, we test our model under different sam-
pling rates (i.e., the number of sampled points) when we adopt the sampling trick. See
Section 6.4.3 for more details.

Residual Component: We set the dimension of all three residual layers as 128. The
activation functions of the residual layers are all leaky relu function.

Furthermore, in the auxiliary loss in Eq.(6-1), we set € = 10. In Eq. (6-2), we
set the weight factor a as 3.0. We fix the batch size of our model as 512 and we adopt
Adam'®? optimizer with learning rate 0.001 to train our model. Our model is trained
by 40 epochs.

To evaluate our model, we use 5-fold cross-validation in the training set. For
each fold, we select the best model based on the validation. We thus obtain 5 best
models. To estimate the travel time on the test set, we use each selected model to
obtain an estimation respectively and average the estimations as our final result. The

final estimation is evaluated by MAPE as we mentioned in Section 6.3.5.

6.4.1.3 Experiment Environment

Platform: Our model is trained on the server with one GeForce 1080 GPU. We
implement our model with Keras 0.8.2 (Theano backend), a widely used Deep Learning

Python library.

6.4.2 Performance Comparison

To demonstrate the strength of our model on estimating the travel time, we com-
pare our model with several popular machine learning methods. Since part of the
baseline methods cannot process the sequences with variable lengths, to make a fair
comparison, we first sample each trajectory to a fixed length of 30. The methods are

shown as follow:
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Table 6.1 Performance Comparison of Baseline Methods

Model MAPE
Gradient Boosting 20.32%
MLP-3 layers 16.17%
MLP-5 layers 15.75%
Vanilla RNN 18.85%
DeepTTE 13.14%

1. Gradient Boosting Decision Tree (GBDT): Gradient Boosting Decision Tree is a
powerful and widely used ensemble method!'?!. To estimate the travel time using
GBDT, we concatenate the all the attributes contained in our attribute component
and the input sequence in our sequence learning component. We use the concate-
nated vector as the input of GBDT. In our experiment, we use XGBoost, a widely
used GBDT library!”®!. The optimal parameters are achieved by the grid search.

2. Multi-Layer Perceptron (MLP): A multi-layer perceptron is a fully-connected
neural network with multiple hidden layers. We test our data with a 3-layer MLP
(with 3 hidden layers) and a 5-layer MLP respectively. The input vector of MLP
is the same as the input of GBDT. The dimension of each hidden layer is fixed as
128 and the activation is leaky relu.

3. Vanilla RNN: We further compare our model with a vanilla RNN architecture.
Each time step, the vanilla RNN receives the coordinates of p;, and py,,, as well
as the corresponding travel distance between them. Similarly, we build an at-
tribute component. We concatenate the output the attribute component and RN-
N, and we pass the concatenation to a 3-layer perceptron to obtain the estimated

travel time.

We show the experiment result in Table 6.1. As we can see, the GBDT results
in a large error of 20.32%. We stress that although GBDT is a powerful and widely
used method, it cannot capture the temporal dependency in the data. Furthermore,
GBDT relies on carefully hand-crafted features. However, extracting useful features

from the GPS point sequence is not easy. For vanilla RNN, it considers the temporal
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Table 6.2 Performance of Different Sampling Capacity

Sampling Capacity MAPE Time (per epoch)
DeepTTE-10 15.45% 674s
DeepTTE-30 13.14% 1729s
DeepTTE-70 13.02% 3879s

DeepTTE-100 12.74% 5484s
DeepTTE-Var 12.87% 5841s

dependency between GPS location points but it failed to process the long sequence due

to the gradient vanishing problem, as we mentioned in Section A.5.1.

6.4.3 Effects on the Sampling Rate

We compare the performances of DeepTTE when we use different sampling rates
(i.e., the length m of sampled trajectories as we defined in Section 6.3.2). We use x to
denote the lengths of sampled trajectories and DeepTTE-x to denote the corresponding
model. We further compare the performance of DeepTTE if we use the pooling trick,
which we denote as DeepTTE-Var. The experiment result is shown in Table 6.2.

The result shows that enlarging the sampling rate increases the estimation accura-
cy of our model. When the sampling rate is 100, our model achieves the best perfor-
mance of 12.74%. However, using large sampling rate also increases the training time.
For DeepTTE-100, it takes about 1.5 hours to train a single epoch. Choosing a proper
sampling rate is a trade-off between the speed and accuracy.

DeepTTE-Var achieves the estimation accuracy of 12.85% which is slightly worse
than DeepTTE-100. Although it utilizes all the information of the original trajectory T
(recall that the max length of T is 128), it causes the information loss when we simply

averaging the hidden state by the mean pooling layer.

6.4.4 Effects of the Auxiliary Component

Recall that in our model, we introduce an auxiliary component to estimate the

travel time between consecutive GPS points. To verify the effectiveness of the auxil-
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Table 6.3 Effects of Attribute Component

Experiment Setting MAPE
DeepTTE-30 13.14%
Eliminate driverID 13.37%
Eliminate weekID 13.58%
Eliminate both 13.59%

iary component, we eliminate the auxiliary component in DeepTTE-30 and train our
model under the same condition. The experiment result shows that the estimation error
increases from 13.14% to 13.95% dramatically.

Furthermore, if we directly predict the travel time between the consecutive GPS

points and use the summation as our estimation, the MAPE is as high as 28.44%.

6.4.5 Effects of the Attribute Component

To show the effects of the attribute component (driver ID, day of the week), we
compare the performance of DeepTTE-30 under three different settings. In the first
setting, we eliminate the day of the week in the attribute component. In the second
setting, we eliminate the driver ID. In the last setting, we eliminate both two attributes
and only keep the start time and the travel distance in the attribute component. The
experiment result is shown in Table 6.3.

The result shows that eliminating any attribute in our model leads to a reduction
of estimation accuracy. As we can see, dropping out the day of the week increases
the estimation loss dramatically. Moreover, if we eliminate the driver ID, the MAPE
loss increases from 13.14% to 13.37% which verifies that the driving habits affects the

travel time estimation, as we mentioned in Section A.5.1.

6.5 Conclusion

In this chapter, we study estimating the travel time of a given path. We propose an

end-to-end framework based on deep recurrent neural networks. Our model effectively
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captures the spatial and temporal dependencies in the given path at the same time.
Furthermore, our model considers various factors which may affect the travel time
such as the drivers, the day of the week etc. We conduct extensive experiments on
a very large scale real-world dataset. The experimental result shows that our model
achieve a high estimation accuracy and outperforms the other off-the-shelf methods

significantly.
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. 7E Conclusion

Currently, the wide usage of location based services and GPS embedded devices
have changed people’s life style. For example, people use their smart phones to plan
their routes, call for car-hailing services, find the trip partners and search the destina-
tions etc. A variety of massive spatial temporal data is generated routinely (e.g., vehicle
mobility, traffic patterns, online car-hailing data and geo-tagged check-in data etc). The
rapid expansion of both urban population and volume of vehicles has lead to the com-
mute demands in these cities increase sharply. People suffer the traffic congestion and
the difficulty in getting cabs. Analyzing the large volume of location based data brings
new opportunities for discovering valuable information. It enables the governments to
do the traffic analysis and urban planning, which in turn can alleviate the traffic con-
gestion and difficulty in taking cabs. Motivated by this, an increasing number of papers
empowered recently.

In this chapter, we will first summarize the contributions of this thesis, and discuss
how the frameworks/systems provided in this thesis can be applied to problems outside
the scenarios considered. Then, we will talk about the future research directions of the

prediction over massive spatio-temporal traffic data.

7.1  Summary of the Thesis

In this thesis, we focus on learning and prediction over the massive spatio-
temporal traffic data. Three specific problems are investigated, including car-hail supply
demand prediction, traffic condition prediction and travel time estimation. These three
problems are quite related, but different. They are the base of building a better intel-
ligent transportation system (ITS) to alleviate the traffic congestion and improve the
user experience in daily commute. The ITS recommend people better route plans to
avoid the congestions roads, based on the prediction of traffic conditions and travel

time estimation of given path. Meanwhile, by forecasting the commute demands, the
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ITS can dispatch the taxis to balance the supply-demand in advance and reduce the gas

consumptions of no-load taxis.

In the Chapter A.3, we study the problem of predicting the real-time car-hailing
supply-demand. We propose an end-to-end framework called Deep Supply-Demand
(DeepSD), based on a novel deep neural network structure. Our approach automatical-
ly discovers the complicated supply-demand patterns in historical order, weather and
traffic data, with minimal amount of hand-crafted features. We presented two versions
of DeepSD: a basic version and an advanced version. The basic version simply use
the real-time car-hailing order data whereas the advanced version further incorporate
the historical car-hailing data with a more complex structure. We conduct extensive
experiments on a real-word dataset from Didi. The experimental results show that our
model outperforms the existing methods significantly. Furthermore, our model is high-
ly flexible and extendible. We can easily incorporate new data sources or attributes into

our model without re-training.

In the Chapter A.4, we study the effective and scalable methods for traffic condi-
tion prediction. We propose an Ensemble based Traffic Condition Prediction System
(ETCPS) which combines two novel models called Predictive Regression Tree (PR-
Tree) and Spatial Temporal Probabilistic Graphical Model (STPGM). Our model is
based on two useful observed correlations in the traffic condition data. Our system
provides high-quality prediction and can easily scale to very large datasets. We con-
duct extensive experiments to evaluate our proposed models. The experimental results
demonstrate that comparing with the existing methods, ETCPS is more efficient and
accurate. In the future, we plan to infer the traffic conditions by incorporating more
features from heterogeneous data sources, such as the weather condition, POI informa-
tion etc. Next, we will focus on the efficient way to deal with road segments which
have extremely sparse trajectory records. Furthermore, we plan to try different ensem-
ble methods to combine the different models in order to enhance the performance of

the prediction.

In the Chapter A.5, we study estimating the travel time of a given path. We pro-

pose an end-to-end framework for Travel Time Estimation called DeepTTE based on
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deep recurrent neural networks. Our model effectively captures the spatial and tempo-
ral dependencies in the given path at the same time. Furthermore, our model considers
various factors which may affect the travel time such as the drivers, the day of the
week etc. We conduct extensive experiments on a very large scale real-world dataset.
The experimental result shows that our model achieve a high estimation accuracy and

outperforms the other off-the-shell methods significantly.

Note that, the frameworks/systems provided in this thesis can be easily applied to
problems outside the scenarios we considered. For example, in the Chapter A.3, we
proposed an end-to-end framework called Deep Supply-Demand (DeepSD) to predict
the supply-demand for online car-hailing services. In fact, supply-demand prediction
is widely studied in many fields, such as the logistics transportation, the commodity re-
tailing, the photovoltaic power generation. To be more concrete, we take the logistics
transportation as an example. The logistics companies, such as UPS, FedEX, and EMS,
need to maintain networks of warehouses for each city, to pick-up or deliver packages.
Each warehouse is responsible for a certain area. However, the number of packages
need to be handled varies dynamically due to different warehouses and time intervals.
For example, some large warehouses deliver at least 10, 000 packages each day, where-
as some warehouses in small-scale only deliver at most 50 packages. Furthermore, the
number of packages need to be handled under different time intervals of a day can be
extremely different. Obviously, an accurate prediction of the number of packages to
be handled for different warehouses and time intervals helps scheduling the employees
efficiently, which can greatly improve productivity and save cost. In fact, such problem
is quite similar to the supply-demand prediction for online car-hailing services. Cur-
rently, we are cooperating with a major logistics transportation company in China. We
help them to predict the number of packages to be handled for different warehouses in
each time intervals a month in advance. The framework we propose in the Chapter A.3

seems also quite useful in this project.
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7.2 Future Directions

There are still a few aspects which can be further optimized. For example, more
data sources should be involved in the prediction framework/system. The spatio-
temporal traffic data is affected by the complex environments, especially the unex-
pected events (e.g. extreme weather, traffic accidents, activities, etc.). Event detection
based on the search data or the social network data should be added to the prediction
system to improve the prediction accuracy in the exceptional situations.

Another interesting avenue would be to explore the feature vectors we extract from
trajectories with recurrent neural network. In the chapter A.5, we discuss using the
recurrent neural network to represent the whole GPS trajectories as a high dimension
feature vector. Although, in that work we use the vector to estimate the travel time
of the path, we think the information that the feature vector contains is far more than
that. For example, the feature vector may contain the information of driving style
of the driver, habit of the trajectory owner, and traffic condition of the roads that the
trajectory passed etc. Based on the trajectory feature vector, we can learn the similarity
between different trajectories to detect the social relationships between the owners of
trajectories.

Finally, in this thesis, we focus on the prediction in the spatio-temporal data. In
general, the prediction results provide a reference for decision making. In the next
step, we plan to using deep reinforcement learning models to help make decision in
the spatio-temporal field. For example, in chapter A.3, we can design a deep reinforce-
ment learning based architecture to decide how to schedule the drivers or recommend

a suitable price for dynamic pricing.

94



o
+

[1]

(2]

(3]

[4]

[5]

[6]

[7]

(8]

(9]

[10]

[11]

[12]

A X

Papadimitratos P, De La Fortelle A, Evenssen K, et al. Vehicular communication systems:
Enabling technologies, applications, and future outlook on intelligent transportation. IEEE

Communications Magazine, 2009, 47(11).

TTI. Texas Transportation Institute: 2015 Urban Mobility Scorecard and Appendices. https:
//mobility.tamu.edu/ums/report/, 2015.

Zheng W, Lee D H, Shi Q. Short-term freeway traffic flow prediction: Bayesian combined
neural network approach. Journal of transportation engineering, 2006, 132(2):114-121.

Kim W, Natarajan S, Chang G L. Empirical analysis and modeling of freeway incident
duration. Proceedings of Intelligent Transportation Systems, 2008. ITSC 2008. 11th Inter-
national IEEE Conference on. IEEE, 2008. 453—457.

Asghari M, Emrich T, Demiryurek U, et al. Probabilistic estimation of link travel times in
dynamic road networks. Proceedings of Proceedings of the 23rd SIGSPATIAL International
Conference on Advances in Geographic Information Systems. ACM, 2015. 47.

Liu W, Zheng Y, Chawla S, et al. Discovering spatio-temporal causal interactions in traffic
data streams. Proceedings of Proceedings of the 17th ACM SIGKDD international confer-
ence on Knowledge discovery and data mining. ACM, 2011. 1010-1018.

Xu J, Deng D, Demiryurek U, et al. Mining the situation: Spatiotemporal traffic prediction
with big data. IEEE Journal of Selected Topics in Signal Processing, 2015, 9(4):702-715.

Hu H, Li G, Bao Z, et al. Crowdsourcing-based real-time urban traffic speed estimation:
From trends to speeds. Proceedings of 32nd International Conference on Data Engineering.
IEEE, 2016. 883-894.

Yuan N J, Zheng Y, Zhang L, et al. T-finder: A recommender system for finding pas-
sengers and vacant taxis. IEEE Transactions on Knowledge and Data Engineering, 2013,
25(10):2390-2403.

Chiang M F, Hoang T A, Lim E P. Where are the passengers?: a grid-based gaussian mixture
model for taxi bookings. Proceedings of Proceedings of the 23rd SIGSPATIAL International
Conference on Advances in Geographic Information Systems. ACM, 2015. 32.

Lichman M, Smyth P. Modeling human location data with mixtures of kernel densities. Pro-
ceedings of Proceedings of the 20th ACM SIGKDD international conference on Knowledge
discovery and data mining. ACM, 2014. 35-44.

Quinlan J R. Induction on decision tree. Machine Learning, 1986, 1(1):81-106.

95


https://mobility.tamu.edu/ums/report/
https://mobility.tamu.edu/ums/report/

Z 1.

[13]

[14]

[15]
[16]

[17]

[18]
[19]
[20]
[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

Friedman J, Hastie T, Tibshirani R. The elements of statistical learning, volume 1. Springer

series in statistics Springer, Berlin, 2001.

Salzberg S L. C4. 5: Programs for machine learning by j. ross quinlan. morgan kaufmann
publishers, inc., 1993. Machine Learning, 1994, 16(3):235-240.

Breiman L. Random forests. Machine learning, 2001, 45(1):5-32.

Friedman J H. Stochastic gradient boosting. Computational Statistics & Data Analysis,
2002, 38(4):367-378.

Friedman J H. Greedy function approximation: a gradient boosting machine. Annals of
statistics, 2001. 1189-1232.

Breiman L. Arcing the edge. Technical report, 1997.
Goodfellow I, Bengio Y, Courville A. Deep learning. MIT Press, 2016.
LeCun Y, Bengio Y, Hinton G. Deep learning. Nature, 2015, 521(7553):436-444.

Ciregan D, Meier U, Schmidhuber J. Multi-column deep neural networks for image classifi-
cation. Proceedings of 2012 IEEE Conference on Computer Vision and Pattern Recognition.
IEEE, 2012. 3642-3649.

Weng J J, Ahuja N, Huang T S. Learning recognition and segmentation of 3-d objects from
2-d images. Proceedings of Proceedings of the 4th International Conference on Computer
Vision. IEEE, 1993. 121-128.

Sutskever I, Vinyals O, Le Q V. Sequence to sequence learning with neural networks. Pro-

ceedings of Advances in neural information processing systems, 2014. 3104-3112.

Gers F A, Schmidhuber E. LSTM recurrent networks learn simple context-free and context-
sensitive languages. IEEE Transactions on Neural Networks, 2001, 12(6):1333-1340.

Mesnil G, Dauphin Y, Yao K, et al. Using recurrent neural networks for slot filling in
spoken language understanding. IEEE/ACM Transactions on Audio, Speech and Language
Processing, 2015, 23(3):530-539.

Waibel A, Hanazawa T, Hinton G, et al. Phoneme recognition using time-delay neural
networks. IEEE transactions on acoustics, speech, and signal processing, 1989, 37(3):328—
339.

Hinton G, Deng L, Yu D, et al. Deep neural networks for acoustic modeling in speech
recognition: The shared views of four research groups. IEEE Signal Processing Magazine,
2012, 29(6):82-97.

Wang D, Cao W, Li J, et al. DeepSD: Supply-Demand Prediction for Online Car-hailing
Services using Deep Neural Networks. Proceedings of 33nd International Conference on
Data Engineering. IEEE, 2017. 243-254.

96



Z 1.

[29]

[30]

[31]

[32]
[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

Arel I, Rose D C, Karnowski T P. Deep machine learning-a new frontier in artificial in-
telligence research [research frontier]. IEEE Computational Intelligence Magazine, 2010,
5(4):13-18.

Bengio Y, et al. Learning deep architectures for AIl. Foundations and trends® in Machine
Learning, 2009, 2(1):1-127.

LeCun Y, Bottou L, Bengio Y, et al. Gradient-based learning applied to document recogni-
tion. Proceedings of the IEEE, 1998, 86(11):2278-2324.

Nielsen M A. Neural Networks and Deep Learning. Determination Press, 2015.

LeCun Y, Bengio Y, et al. Convolutional networks for images, speech, and time series. The
handbook of brain theory and neural networks, 1995, 3361(10):1995.

Schmidhuber J. Learning complex, extended sequences using the principle of history com-
pression. Neural Computation, 1992, 4(2):234-242.

He K, Zhang X, Ren S, et al. Deep residual learning for image recognition. Proceedings
of Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2016.
770-778.

Bengio Y, Ducharme R, Vincent P, et al. A neural probabilistic language model. Journal of
machine learning research, 2003, 3(Feb):1137-1155.

Roweis S T, Saul L K. Nonlinear dimensionality reduction by locally linear embedding.
science, 2000, 290(5500):2323-2326.

Mesnil G, He X, Deng L, et al. Investigation of recurrent-neural-network architectures
and learning methods for spoken language understanding. Proceedings of INTERSPEECH,
2013. 3771-3775.

Graves A, Jaitly N. Towards End-To-End Speech Recognition with Recurrent Neural Net-
works. Proceedings of ICML, volume 14, 2014. 1764-1772.

Harris D, Harris S. Digital design and computer architecture. Elsevier, 2012.

Turian J, Ratinov L, Bengio Y. Word representations: a simple and general method for
semi-supervised learning. Proceedings of Proceedings of the 48th annual meeting of the
association for computational linguistics, 2010. 384-394.

Mikolov T, Yih W t, Zweig G. Linguistic Regularities in Continuous Space Word Repre-
sentations. Proceedings of Proceedings of NAACL-HLT, 2013. 746-751.

Krizhevsky A, Sutskever I, Hinton G E. Imagenet classification with deep convolutional
neural networks. Proceedings of Advances in neural information processing systems, 2012.
1097-1105.

Graves A, Mohamed A r, Hinton G. Speech recognition with deep recurrent neural net-

works. Proceedings of 2013 IEEE international conference on acoustics, speech and signal
processing. IEEE, 2013. 6645—6649.

97



Z 1.

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

Hochreiter S, Schmidhuber J. Long Short-Term Memory. Neural Computation, 1997,
9(8):1735.
Szegedy C, Liu W, Jia Y, et al. Going deeper with convolutions. Proceedings of Proceedings

of the IEEE Conference on Computer Vision and Pattern Recognition, 2015. 1-9.

Simonyan K, Zisserman A. Very Deep Convolutional Networks for Large-Scale Image
Recognition. arXiv preprint arXiv:1409.1556, 2014..

Long J, Shelhamer E, Darrell T. Fully convolutional networks for semantic segmentation.
2014, 79(10):1337-1342.

Schmidhuber J. Deep learning in neural networks: An overview. Neural Networks, 2015,
61:85-117.

Wang R, Chow C Y, Lyu Y, et al. Taxirec: recommending road clusters to taxi drivers
using ranking-based extreme learning machines. Proceedings of Proceedings of the 23rd
SIGSPATIAL International Conference on Advances in Geographic Information Systems.
ACM, 2015. 53.

Ge Y, Xiong H, Tuzhilin A, et al. An energy-efficient mobile recommender system. Pro-
ceedings of Proceedings of the 16th ACM SIGKDD international conference on Knowledge
discovery and data mining. ACM, 2010. 899-908.

Moreira-Matias L, Gama J, Ferreira M, et al. Predicting taxi—passenger demand us-
ing streaming data. IEEE Transactions on Intelligent Transportation Systems, 2013,
14(3):1393-1402.

Hunter T, Herring R, Abbeel P, et al. Path and travel time inference from GPS probe vehicle
data. NIPS Analyzing Networks and Learning with Graphs, 2009, 12:1.

Yeon J, Elefteriadou L, Lawphongpanich S. Travel time estimation on a freeway using
Discrete Time Markov Chains. Transportation Research Part B: Methodological, 2008,
42(4):325-338.

Ramezani M, Geroliminis N. On the estimation of arterial route travel time distribution with
Markov chains. Transportation Research Part B: Methodological, 2012, 46(10):1576—1590.

Hofleitner A, Herring R, Abbeel P, et al. Learning the dynamics of arterial traffic from
probe data using a dynamic Bayesian network. Intelligent Transportation Systems, IEEE
Transactions on, 2012, 13(4):1679-1693.

Yang B, Guo C, Jensen C S. Travel cost inference from sparse, spatio temporally correlated
time series using markov models. Proceedings of the VLDB Endowment, 2013, 6(9):769—
780.

Chu V W, Wong R K, Liu W, et al. Causal structure discovery for spatio-temporal data.
Proceedings of International Conference on Database Systems for Advanced Applications.
Springer, 2014. 236-250.

98



Z 1.

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

Wang Y, Zheng Y, Xue Y. Travel time estimation of a path using sparse trajectories. Pro-
ceedings of Proceedings of the 20th ACM SIGKDD international conference on Knowledge
discovery and data mining. ACM, 2014. 25-34.

Zhong S, Ghosh J. A new formulation of coupled hidden Markov models. Dept. Elect.
Comput. Eng., Univ. Austin, Austin, TX, USA, 2001..

Sevlian R, Rajagopal R. Travel Time Estimation Using Floating Car Data. arXiv preprint
arXiv:1012.4249, 2010..

Pan B, Demiryurek U, Shahabi C. Utilizing real-world transportation data for accurate traffic
prediction. Proceedings of Proceedings of the 2012 IEEE 12th International Conference on
Data Mining. IEEE, 2012. 595-604.

Wang D, Cao W, Xu M, et al. ETCPS: An Effective and Scalable Traffic Condition Predic-
tion System. Proceedings of International Conference on Database Systems for Advanced
Applications. Springer, 2016. 419-436.

Wang J, Gu Q, Wu J, et al. Traffic Speed Prediction and Congestion Source Exploration: A
Deep Learning Method. Proceedings of Proceedings of the 2016 IEEE 16th International
Conference on Data Mining. IEEE, 2016. 499-508.

Jenelius E, Koutsopoulos H N. Travel time estimation for urban road networks using low fre-
quency probe vehicle data. Transportation Research Part B: Methodological, 2013, 53:64—
81.

Rahmani M, Jenelius E, Koutsopoulos H N. Route travel time estimation using low-
frequency floating car data. Proceedings of 16th International Conference on Intelligent
Transportation Systems. IEEE, 2013. 2292-2297.

Dai J, Yang B, Guo C, et al. Path cost distribution estimation using trajectory data. Proceed-
ings of the VLDB Endowment, 2016, 10(3):85-96.

Grover A, Kapoor A, Horvitz E. A deep hybrid model for weather forecasting. Proceed-
ings of Proceedings of the 21th ACM SIGKDD International Conference on Knowledge
Discovery and Mining. ACM, 2015. 379-386.

Wu S, Ren W, Yu C, et al. Personal recommendation using deep recurrent neural networks in
NetEase. Proceedings of 32nd International Conference on Data Engineering. IEEE, 2016.
1218-1229.

Ding X, Zhang Y, Liu T, et al. Deep learning for event-driven stock prediction. Proceedings
of Proceedings of the 24th International Joint Conference on Artificial Intelligence. IJCAI,
2015. 2327-2333.

Mocanu E, Nguyen P H, Gibescu M, et al. Demand forecasting at low aggregation levels
using Factored Conditional Restricted Boltzmann Machine. Proceedings of 2016 Power

Systems Computation Conference, 2016. 1-7.

99



Z 1.

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

Lv Y, Duan Y, Kang W, et al. Traffic flow prediction with big data: a deep learning approach.
IEEE Transactions on Intelligent Transportation Systems, 2015, 16(2):865-873.

Junbo Z, Yu Z, Dekang Q, et al. DNN-Based Prediction Model for Spatio-Temporal Data.
Proceedings of Proceedings of the 24th ACM SIGSPATIAL International Conference on
Advances in Geographic Information Systems. ACM, 2016. 92.

Zhang J, Zheng Y, Qi D. Deep spatio-temporal residual networks for citywide crowd flows
prediction. Proceedings of Proceedings of the 31st AAAI Conference on Artificial Intelli-
gence, 2017.

Song X, Kanasugi H, Shibasaki R. Deeptransport: Prediction and simulation of human
mobility and transportation mode at a citywide level. Proceedings of Proceedings of the
25th International Conference on Artificial Intelligence. [JCAI, 2016. 2618-2624.

Dong W, Li J, Yao R, et al. Characterizing Driving Styles with Deep Learning. arXiv
preprint arXiv:1607.03611, 2016..

Ma X, Dai Z, He Z, et al. Learning traffic as images: a deep convolutional neural network

for large-scale transportation network speed prediction. Sensors, 2017, 17(4):818.

Chen T, Guestrin C. Xgboost: A scalable tree boosting system. Proceedings of Proceedings
of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining. ACM, 2016. 785-794.

Zheng X, Liang X, Xu K. Where to Wait for a Taxi? Proceedings of Proceedings of the
ACM SIGKDD International Workshop on Urban Computing. ACM, 2012. 149-156.

Wang H, Calabrese F, Di Lorenzo G, et al. Transportation mode inference from anonymized
and aggregated mobile phone call detail records. Proceedings of 13th International Confer-
ence on Intelligent Transportation Systems. IEEE, 2010. 318-323.

Clevert D A, Unterthiner T, Hochreiter S. Fast and accurate deep network learning by
exponential linear units (elus). arXiv preprint arXiv:1511.07289, 2015..

Kingma D, Ba J. Adam: A method for stochastic optimization. arXiv preprint arX-
1v:1412.6980, 2014..

Srivastava N, Hinton G E, Krizhevsky A, et al. Dropout: a simple way to prevent neural
networks from overfitting. Journal of Machine Learning Research, 2014, 15(1):1929-1958.
Theano Development Team. Theano: A Python framework for fast computation of mathe-
matical expressions. arXiv e-prints, 2016, abs/1605.02688.

Pedregosa F, Varoquaux G, Gramfort A, et al. Scikit-learn: Machine Learning in Python.

Journal of Machine Learning Research, 2011, 12:2825-2830.

Leontiadis I, Marfia G, Mack D, et al. On the effectiveness of an opportunistic traffic man-
agement system for vehicular networks. Intelligent Transportation Systems, IEEE Transac-
tions on, 2011, 12(4):1537-1548.

100















A - FXe

oo JEFy B P Ah . o &F, o Y p TG R £ o EH £
L pE@6s He , \ H <« W, ?2 ceW & fEu = BA , &6\ B 6
(¢ 1, Ilg JREF@EIE9 : n WBEE) B0 wv O (« Wz %
E)Y6, v\: & 01 i »alXoe, _ma +(afE #a
a i G, i Y%aWmug o@ M

QOO0 B0 0 iFU 6 #4%, AL 6 6/ e A u* Eh=m |

-, R, T 8 Ao HALO6 ©Z% 6 UfhA e . BEM
Wer, EK, 1 ©Z1 #o @5 aNpr , HPHEEE: MEF

i HEOT , v FfEe - 5 tALOO6O0 I, « W7 LA, e 4T
L, WWEATESE MHP " 0 AL, M, e o, T FHfEe 3 0t
Z*  WHKe , v-0itaL 66 (& KAy, v O, WA SH
WHD > HP3 06
H6 x> 1 M50« iz, WP, FHZ g oid@p #E, HEAKER
w ?ﬁ‘li 6ebd@K=E, Bk B e, I #H et f~ EWNX
> p #8506 FTIE0 #hik, y &
o jlp #HiES i+ 6 (Mn ) 66 (66 B ~' , &Ki_ v
d: 0xp i XI o%Fpi of@+T =6 E6O6 ,0 s Mk
(correlation pattern) < U1, a EE, o HEEUL T U v & « KM,

u o, o, 6 %0 vgik, > EH, Bl 6 fH3K70
gs' E60w@s v 1

4 , i Mn E66p, 6 Feidp -, B /7 ElE <
l, fEé  , OB5lIX, #T% KiE8 %g J+: fZ , Fi X, 4T
oORfEAE Z d 4 h a, > R#lrly RKT
% &M, &\ @8 X , M Mn, 66puEk a, + ,0a
* P A -1 , WHE OJFRE v SRZPOEERL, A, A
BRA PHERIEY Hy @it 3 p kL YIA , X Ffe

BHEMEy %0 : OVYIAp ¥, Wk

e d 4, 0 o dEp MBS W+ Z* A W, fE¢ ME KRBT
-, WTHp M+ 6 6 B, X¢ID, &iEMn , 1, H&EZx A, §
Figtne @Y p, RRTp a7l &~ g > FieE

105



A - FXe

>t KEBdo 6 , 6 R FAL- « Ffr ~' v 1 T M Fr
A, L ik o &I Ey i (Bly fE& F2) , v v U> ° g, f
YR, WZEEHERE: F— 6, y fFA 8 . K&, ° > E

Siia M, 0 Z U 3L y fEHhEA N & ., RO R
. , 0 %o i@p ¥E, AMES g X7 K <« fn, fE, -, i Fa
Lo6o6 Mot &, 0E&H -« H, Puip #; g B2+ 9,653,822* HLik

El14¢* GPSidzx it HMb IR, KA Bip 4, i #E8 . )
FiHadoop, Spark¥: KHp #as & d 4F, R, : #&f 1 g O,
wf S B o> o BiEEEp E, e K\ > 6, I OFra, vk
bR, R f O fifle 4 I b R0, XI KARL ZMo E

Zht ., 0 Fp R
£, -, K @=E&3ITS- , * He FUNT &, « H%.O®I,
et S @R f O Bifle” 0 WEkEE OB ewSEIN T EBERK fE

T =) .

e, D

Al12 fE¢ éf  Sap) FEN

55 A%, -, B BT WO 6 e s, 1 M, X/ fEe Y
s G-+ H | aRr, He , A K i A TOAE*
ea 4.D HIX, e ME G, > 7 kKO, T B fR4EmI, &
1 A midsEM | ERE t + ke s a> @iap #E, AR, &
TR KA BE L, MnGEdsop..H® " Ak, yiE d 4,

h ... apP, > 3k Afy ~ 8 M FFp #5 R Pk

g, 1 EZ T ° F, wBAT QUO , #ut i6 : Deep

Supply-Demand(DeepSD) ,, %0 GiE] i , 2 EH . =, Fa $ehl

y fif, 1 7rd é " T fE¢ ME § p #&- R° BB, > #x d 4, i,
Y/ @) RIGEWH U, FEzZ &, HET, mTamr ) HEx p ¥
Ja- G, p AR (o, fEe MZEITH, K4 o Eo ilip #5) e 0 ° 1@ T
Myay  F o HAHEL « 2, 0 WO , 0 EOceh i , HET W& #
O° 1 k6 &AM, WO ce

106



A - FXe

A1.3 ZZEEEU Fom

FEHFAAT- , ) BIREUS EHQU, “MELe @I u ,
Ma % 1 aiEfe BT p, T & HEZMn j, e« Ze e iy
T GPSL e \ik#- 6 K&, o @p # = Hol XEMREHEZ GPSp 1,

o JETN, BFRES A, F R A M- fE« WAL i, @I el r R
i

m o, R -, By EO , K dop #E, AR, i
Ke R, o BN O 6« s | B, 66 ¢ ( ° a1

PFE M e ) ,°, 0606 >:0t1t"8uk é6gs' i
x> ARy 5 e Hijie @y Wl Ake s T @i . ©

T 2D W Fipie £, MMELEGPSp i, i ot 1 ERK
o AT g WG B (ETCPS) , HIZ Wik &Ko @I u i 7o @ p
(OI

o) - ARO $* Mo s' , x/ i 0 A&, et HZ X
$* AMO o s' , F A 1$ 6 : FTANMPBEK (R-Tree) ER TS
bR (STPGM) BA R $r ALt e BT

, WO e i, 0B MO ey%i, v Ta F~F U0 "8 K, p itk

A.1.4 U L Bt6 F10

EFEASTE- , i MRt U6 BEEFH6 6, L6660 M aMm
, &\ E8 yEZ 0 ifEl EEKEP 42, Lvoo, 6 x> 01, Lv
00 WL EHO BAELVOO 6 , ULOO6 A EHe VKO
¢y Mp &, Mo, v Buoo, 0iHR /7, Bd Xt ok, 0dt< T
yv AR d, U6 EREN K66, Lvod F % Ao, ~V
kS

. o2 KOOt W0 ¥, UL O 6 FIHEY , PYZ DeepTTE i
, BREZ RB - A~ T QUG #0 it * B4, aL o6 AR, BA
-, BT K-, O E6 6 M & kuly el ol aLoo6,
, W~v i, a s i KA EDp #EE HLTe 2, 0 EE
iE 0 ®ceh , i, EA>E ZvO° 1k

-

al

107



A - FXe

A15 ° v,

Wi, vY# AC tm . #EHFAI0-, &I EI, W&\ , 1 o,
BRE; o« 51, EFEA20- , FI fie El gs a\ , & LFE - #

| f£6 =fp ¥u- , 7 A AHEA30- , i $#a * . DeepSD,, 0 UfiHE
T, %z 1° 8, w#B~1 QUO ,e WM ME | , > EHA40

-, RIE T t* 4 o @Y p HWO R (ETCPS) , HZ T iEika
Y EFEASO- , i ot HZE # AT QU, &: DeepTTE, U

L6 60 it, im0 ymiEy , R OTEHFEAO- UG, t,: OE e
it
A2 #H8s I\

7, O-, & + Wit F 7, wt- w5, * 1 8, ° osa
\' OXTEKE, so%piE f EWMM, +., & XEHE £
gs, T. {5 O+>, & [ET) HE f° #wo =Fp WM, °©

o

a\

A21 fEel f Fo 89 TFN
A21.1 O ff g, HE

U B Eike e £ A MMy % KAEW) AT, K
YuanZEPHEG T 0 R ZFEFE]: HRa O/t alyy %80 X ¢ Mn , *
ik O o HA~ Bifle T * \ S0 Xe, , + O, &\
-, e by fEREe , % OEHE... o, &\ e R WX, >
1 WangZFe B9 ff+ 0 B %A #EFFE AEK, T 8 O « At
fasB ~ 1 QU E%-0oPkik, © & iy £ i, &\ HHt* H 1R

, &y fiE, FBAT QU GeZe B + T w @, HE, %
o WEFH, WA HEE 0, e Mn Ol Y, #®: o, EL v B
- f 0&id, a9, vOo=a: ,, ed: , FH Ht 6 , X* T #@E
o Fi, X+1RK

108



A - FXe

A2.1.2 u #f FEXFN

G R & SRFNT EEFFED * #e el Sk, FT B Moreira-Matias%
o BAQ 1~ HAIEE [N s ¥ (ARMA) fille T * 0 B ¥k,
kO &/ HOEt a* [Ho Be il (R FEyHD , K d b, 72O
,al -, 00 + & TT*aB %W, pi Xi 0a%: OlAp 4l 7
ir, W&\ - , ChiangZe UORG + 1 AERER, 6 HZ QHk, @~
OB, Rz 06 &uB ERITG B O, ovky BIEm , T ¢ HiX,
QU666 k. 7MAaBR%E, K 6 , b, O wd\ &+,
e Jfufs B b, f£O1 , k-, 0 R EWIT, ; EHP~ B
(Poisson) #&M3 6  H0 6 0 R & R , O , * Ay 00
K, TR
&g a M, a\ At Sk i,  ZBAET > 7 0 B Ege
., 0B E | OFa B H- o, He ./ WM sa dab, X &\
w W e " f p ., RS He a6, & RO TMYA  FE2016t
WRZE- @, > Bhe HIT BR] $RTFEIE®, v 4RO T 1534* ¥bixit, y
ik BRtT Z, y i (X5, a, KM, > 1T HEe” , Bilp #)

bb, & BT N8 TEAE, yfE, W 60w .. X¢, ZE/H606 | Mo
o, Xk, 55> 7/ RO« %, s ¥< ElrEl = FO , HAIRE

t>@, h°, F/ &itiX> y it/ ~8 1 | , v o K&, °>

A22 AZEEEU TN

e, , -, & [HFes, > &\ KZpaM, a\ H, t A
e Tiflla 3 p  Hunter¥° B3 ¢ Q- , o Y p FMh : : K<
67 @, v BIEARO, Fikike LVvOOOilLv o6 YeonZE0 « H]
»co 061 N REEDIMC), Gl # 0 FHo@IubY 6 , X &
\ G¥% #p ,ALo606/ 1 7, , & dEEE , o BT U KO

2 S, Xu[y 006 3 X, RFE
t U KO .o s ' , Hofleitnerd® DS g 40Eku Ko, T #0

@ http://research.xiaojukeji.com/competition/main.action?competitionld=DiTech2016&&locale=en
@ https://github.com/Microsoft/Light GBM/

109


http://research.xiaojukeji.com/competition/main.action?competitionId=DiTech2016&&locale=en
https://github.com/Microsoft/LightGBM/

A - FXe

h::t M~ QUAEA, v BIIEM! £Hillte BT 6 , Ev

% BB0 BEUATERA Eip 5, HE  Yuan®EPUR¥EG B %, #ka ot

* MidREl, T ¢, AU CHPHER) h o Bpo, | a ish @ $* HibRK O, U B #F

fre % Ol « Atz®h: s’ , voiftii , Lvob 6
, HZ ksl T Mk T 8 « i@id, Mp - &a, ., Wd 2w i

. EEu a iEw

i, B o gs &\ / dmYangZ#a , BT O #at 16 F
IEY] A RAEAL, & STHMM, Hik O # e ot 1| & p #EMR

B, HY % 6 , 01 vik B 0600 K. ¥ BN, RK
v, O @EH -, U T &, BREHT GEF O b
Z STHMM ki % Chu%o B8 &+ 6 60 P&, FiiEs, v 20 T
o QU 6 , O 1 k& W T BIR-, Wed, X i Jj
7N

d gk, i o iE, $* e@s, &\ B WangEPHRGt 1 H
. Bk, @ide HikE &, HZ OB EE H66u EJEE A, MEiH
7re 0 0 B4, Lo o O/ FHMe @Y p, [ WIRUME 6 p
UG 1%, Lvooo0 it Asghari%e PURHEDIE  #p #80 ifL v 6 0

mzOoi , a\ mrg, /o ALt ko W e, Hik X i

,a\w @gsF . W FEE

A2.3 L 3¥Et6 O j
A23.1 ETIREZAIL 3RS0 O

Lvoooito«s SHAOD 6 % &\0 it + #pu, L
Voo, JEIEMKO .0 s YuanZo B7le o #¥[El ] RAEAY

eh: g 4FEKKG , s O Wang%° O@IHZe Ha 6606 -$*
ARo, Hes' , £ BA #Ht XWA\  WangZe g0 + 08
: eRCNN, 1 KBE &~ 1T QU, HZ o il aEH , o @ X
> BHFL T K6 6 s' FI/ , O JFEZ EWHO iHEx Ky,
Lvoomif & Lvdoox I . M, < WniElge XA, p &
EHfa- , o @I WEM By - Bu, Lvood GEv u o6 A, O

110



A - FXe

e [63]

A232 EHTE&, HIL 3¢S0 0 |

Rahmani%ge [R5, Jisip 450 144, L %66 6 , #Z 4
ths K<, BTy 0 6 B, AW d 4, HmZ e, & MEEAyY A
fEPisEp #- 5 Fra E %Zp #EFET @, #0 YuanZe Plo artx JEZ G
R Zpistshas, bslE, T * #ibra h  a By O RiEHREO kR,
ALoo 6 , HZHbs/ T Mi* T 8 « JBid, B %G, , [Fd a
RO 1Ha L iﬂ%ﬁ , B d 4, WangZo PURE DI Sp TE- , P
0 iR, Litoo O - HkE ae aPHul, Xtk HRG

T AR =%ad, ET 6 %0 p W &, W, B FEZP il H«
ng o, A Lv i
Da1£° 675G + AR, 0%, ° i« UO6UG KOO EE MK, O
i U: tu: « AT 08 Hkit,0 s P Bk CHEHE, ve HT
THEa WK, K, hZ0i WZoitaL &, o, Ho
dE i, 17 flesF JFr f£ i, GL660iKEOHKO, >
PDCRARE: fx—, £B & #%, LASSO% O faA&: #8f ° A\ © F/EO0
i O« H#h 74 A 0itt ¥, 0ifOe\ : EO e F

[, ki o fE0 Bk- WOFXH £, 0 & 0 BEAA 8 A, IRXMEG Y o
b i Re HI* im0 dm, HEY

A2.4 BIZ=HERE ERAREF S

U, W OfC H U T EfES Ap il oo T M, 0> e 8, B
Jo X BERT MR f By v HZ BN OB 70 6, ) A\ BFR
o MR, £~ as o xpdE , W LvEe PIERst « HIXRBA T QU Hil
Mo @R O KM e WA s, * AZEBIYAQU O h o,
ot ke O, AB MAITTA $K715306 : AEM, Oce ZhangZe Iitt
8 : DeepST, ° #, T, Tuille nyw O , BAEE o H~ 1T QU

® O %4 o Ep ¥EATA fEhttps://github.com/DeepTTE/DeepTTE

111


https://github.com/DeepTTE/DeepTTE

A - FXe

H\

e

© fE: Mide Fc 1 f e, GOWB!, QU, vitat | HZ Zpé
, Rl 6, HZ G 126 €6 6 ¢ #fi
SongZgo 7314 S/t * : DeepTransport, z y 0 B, HZ filh  JuH
v O X Er @B DongZFe #fFt Wi S2XME A1 QUe O
"o, ~v XA BT Fra . 1ZE *r BERT HIRD f O File RO e
Do i, AR i &M, &\ WFFEARIER] f 1 50 ift
* HiE, Lv oo

H.

f 't o6 M O VY- O DeepST9 #t, v $20G ST-ResNet 9 Hf; « S
=

A3 ETRE#MI MO WL f Fo > FFom
e M#ZE § £ F HZ0 e 3z, " I [H@le ME, X¢ EF: -

Fxm o, * LK H, | %0 fEe ME | 35 F A ile B
He H, | wa==8 X¢, %FfHooE& KR HEg=A: ) H
1,17 9,tSHIFSE

fE, F- o, 0 OBFEBING 6 e A T, X/ OH |} GR-
#He , AN K o0 bR fEre a  BhLLTIND O HIIX, fE¢ WE
w > RKKo, T Bz f, & wa #Ma Hidle s as
' HZ 0 °#, #BA~T QUO , , #a * . Deep Supply-Demand

(DeepSD), “¥i0 ¥, HEY i o, kR . &, ° & iy fif, 1 W&

e 1 fE¢ M%Ep - k° ®B, > X d 4, &, T/ 0] RIEE

iy, Ez Fio, HET . I WA R ) HZ* p WIE W, fEe M

EiTH, RASEn flp #5) e 0 ° @%!) i #HL e 2, 0 EFO, 0 Eh
i, MY, Foede 1t o £ O

A.3.1

fEe WZE" FAfEe /s 601 fe @EETF: 7 HfEe # % ol |,
° HEWL L X Y e JEHEHO , X ¢ X " B - fe /0
o, ##EMn &, Hh, v iEREKRIEU G B F, B FOdEKR

® &X* &\ 01 &kh 7t ICDE 2017128

112



A - FXe

RO EX ¢ #EMn, > A\l o, B0 A Hi o Mk, Flie #EXIT
H R, o @A wWHE, Ig HKEHe O, f£¢) 4 (06 ¢ R
Wod oAb, fEel Fopold AT E; B BRE o, TAAR «I
Gr, TR ey > a > fEe) HFT 0 HE A MR . 2 i,
UNUber, DidiELyft T K& K&, X ¢ HES ZF ., ©684ET K&,
W <, - K, fEel i # FDidife- BT R4 K11 fE
i MZEITHE O

HZ K&, d: EX¢e HXH |, 71 Ma° ta a*i @: o

, Bl ftizé e} FE, 0 MR, > H: BH6 00U} FiER 06,

X ¢ fEv £, KA 6 u B 0%, H: h X, K> @il

Kld , X1 e i P> s gEMdEM | oA, A==l X¢, ZFfo
0, v KR HW#EGH: ) HF x/ * ~ 8 He Xw #fk' , O
i EFRT, OH, W) fe . HEe , ASEE K Woemfa
Mo itEeD *o6o6pu £ XC ! Ao, &KL £ oA
W&« A, ¢! s &1 W4 WM L FEEE, t + MEHEED >
F: o, 8 HEEX ¢ Hife EMs a> " E R

£, O- , i WHofEe) %, > WD B o6 wS i, o0
bRl TRER: e, a #, D* HIX, el F> " @ KKO6, 1 #
(Rlmax(0, K& -> " &) i , W5/ EDidi, fE¢) ZiTHp it
L, =t 3laF& 3, & OEHECX T 8, > Bk v ihigixr
T MARAEZ ¥, @ &

)

4 , MnCEbﬁu el F, o> " KT Al <, fE
é¢ , 00K, ! % =k prz , fHz ,FiME, | % XK=
# 0z d %, h a, > Ry WK 7+ &M
, &\ @8 X , i Mn,o66pusk a, + ,0a* P
Ry 18111 . VTHL JPAE va SLIRZP RER, A« HEAAREA

, P REANEY Wy @ik # p HEHEL A, X e A
my %0 : OIAp #, H4k

o i[Hp i+ 00 B, X¢ID, #4HMn , 1, HZEZ* A, & ik

® ; Ui: http://www.xiaojukeji.com/en/index.html

113


http://www.xiaojukeji.com/en/index.html

A - FXe

¢

()3 94 [XIH (b)3 134 X%

()3 934 XIHE (d)3 134 XIRE
B A1 eI Au , e ME K

e GET o, RARTp&Fa{ < "B X~ > Fill
T KEEdo 6 , 6f7ER BM- « B ~' v 1 T MFRAE,
LyE ° A MRy fE (Wly fiFA ) , v oveU> ° &, f A
%, WiZAREHERE: k— 6, y fikd fEiE8 . K&, ° > EUK

~

& GE8 p ENT ¢ 2 1 o JHHp ~ * , Y MEAY O
° %> , h° ), U Z WU L y fiEfEBa N® o, 0, R
Jif a M, A\ HY® # ,~" HzZ A, o 6 & &M
n, " 721:‘1- Vv O/\ ! [8,10,11,52,79] E6 :‘[‘z, ?:Eifl}”'& /;E?Ef@ 1 R F"
#FOHEE AT U6 1f50" 1 v PEN TRV

T U $# > O0E a, vU: o3k & FEEAL- 3 T

KA1>: 3 938 ( ) &3 138 ( a) $* HiX, ko
T &- #J& 0, #$* 6 H°a~8 , B oz X,

114



A - FXe

"o e fEel FE it K, Rowg F X ik
W8 RAEMFIPIX 07 XIE, & ARO . 0 RGaUO, y+
| fEk Fifhedi, $* GO 6 u EZ THE X/ s &, KZpo , Bao6
0) K, & X, | £ KKEI , >  HE@s 6 6

w9 & & ¥#Zv OKEB, iy ol s B, RHEEE G
d, faiathe FPiEp #EEl & X, s W< Ay 006 oY £, T
MO e, s Ol 0 EHW - U: O

t as  RPkAk, B #at 18 Deep Supply-Demand (DeepSD),
> T, w0 uRAEY Ry, MEQ /O EEZ W) Of O B/ W) f O B
ol fEWAE, WHEe6iE & FE HUHEmY #u: + E, >
Ay R FFRG T, AT QUY, » EJ MO FE L, >
e B«oz, i, HEH < R, Fay LI Tahe° 0@
Wilvay , v W& B~ P ue) He , p WEEyY £ &I BA, eH
, fEDidi>  TUKFE, 1648* HIBA- HAGT HHE , mé © i HZ O %
e H, HA ki EHEA330EH Fik, &, HHaNg i e
i o=, fiAT &, E B E #iALEdSe > °, 07kt e it
B, B, v 0 o GAEM i T Mc 7S Fr ZEEAL, voov 3
e Didi, | 0B i, H/ 7. ; O
o FRI Gt T HZ IR f 1k, NGO MHAET i, t VEWa e f
) 0 &N (< Wk Mn, 666 FRE a>, X, X i
y ®an  ERL prop /[ E1 + 0P A vOe
B, vk o dmEpl BT, B AZ—1D g O, FKio, BAL . &
, Yy fF& & (EPF& filiHey fiE) , F/ #a8 46 A&wh, 7o e
o Fi Witt I ° &, ~T QUY, , E*0 Kaiming He%:° ir: &3
BT {7 ARG, IR <« T QU (ResNet), | & ° , QUO , & 1R
1M RREREp #HEf “p #at O i o, B 1
b i mla B~ ) HIrsp #E- @+, 2+ 00, K%, 4o
"R

@ http://research.xiaojukeji.com/competition/main.action?competitionld=DiTech2016

115


http://research.xiaojukeji.com/competition/main.action?competitionId=DiTech2016

A - FXe

o &i ) WEmbeddingt £ ( | &6 1% K - o H, WL £/ )
@oy 1k 0% , PZ0 {0 E- , 1 >: Embedding! %> @
Ot Wza!  d 4, @#iIEmbedding, i , HALFTE & " k°

HMXE6 6, > MHAKO 08 <

o hi HE e BFZT RN, B, Vi U fEQ B M- . °, AN
Ep VR e ool YIA, B/ fR8 A, iE8 B AU kT
He YA B 6, i, BA, <1 f O BT @R,
(fine tuning)%iMge ) HiX> o1 A, Zp O E , i >: 7T
a>@ B8, 6] |

. , i EKRA O Frp % ——e @ Didi, 7E¢! T, BEL T
e 2, 0E 0E&0ceh i, Hik>F z° i &, HE
iR O° st N 11.9%

A32 | E, o

FlUva® T8, cRXol i * ' N EHS,ct! JE
Xikay,as,...,ay, | K 51440 6 6 G ( Bix 960G) 6 i
O 1- 61 ) ZEiTH

", 00 WUotse[1,1440], X ¢ ID o.pid 245Mn , [XIKID o.loc, € [N], E
XIHID o.loc; € [N] Wnoew]: 7 &t iX* ! EiER, o8 Ix/ * H

EX1(G feU) | FilHoc 6 I * CA: Ki%t! FiER, & od,
a
T”

EX20 EfRE) 0 Z HdR, Xifa- , 60 p[6,t+0), > : H«d I
w.aH AT, &= fE, &- , R 8 mCo: 100, i g
, 00 uh:: gapz”

A
o
(@)}

®i it e 6 &£t X, RTpp HEEe @ pp #E, K X p
o\ : f #n

® 8ploC &/ B ¢ Ko, EFMa«aUvO8paAYyY

116



A - FXe

Kl A.2  Structure of basic DeepSD

EX3) 8TuW) 0Zy o XKiBalfHdR, $6 6 u KT GEl we)
« O I * C A : ai/_:ﬂ{ ﬂ (( ﬁl]’ t 3%’ Eﬁ%‘ %) WC.type, ?J]%Il
! wc.temp, ®PM2.5we.pm Jr [XIRfE 66pu..w g , K5ao

~

EX 4GZHET p) o @Y u Rt T~ X, Exp WEE - 11 C
£) 04 ( WE) 0Zy o MXafEFd R, Fop, o BIu«ol
o  &: XidefelU* #iN ) K, Bu; p

° 7Efkl Wa ol o, 1 @
117 WG WMMA [ FdR, H“Moop/ Fou U6 Tk, iTHp i
EitZ:, ~fp i, T AR T ¢ XiKa, > Hgap®, BEifE*
e 10 Bh.., > kO

A33 E@F T
#HXO- , ki U0 BEERH, | YO, &, AR A+
I * ¥ m* = 6 %, B Bidy i BA, HEEEA REC)H
B, D HHEEARIRE 4 hsiHd o (WXWID, 66 G, h -

paii
=

117



A - FXe

. Ba REF) 6 B HELITEE A iTHp O TERE /B B
He , H @, o« HT f# et RAp #Ee @p # E,
i o EHuE T o, 1 EEKEe R MHA, O, WEA2

A4 JEEEEEU FIUNG R
o BT, 0o w07 A, #He A/, O-, i Rat

I #2117 e %, JMEN L GPSp fie T, EMa @I p, £

o i p WG R (ETCPS) i fro @#poo6e - ARO $* H
2SO\ o R W, AR B EZ XS est HBasi , B
D TP AR (R-Tree) EZ0 IO MFpAER(STPGM) i 4F, F/ @
e AL vt edc°, i, 0R A WA @FE, WM, v

afa B~ U0~ 8 K, piEE i S .1 b=, 12000240 R
%6 %0, GPSp #i% HLte iz, 0 ®F0 0 & ceh i R,
H', H' E&qFur O

A4

o JBT u, 006 Fillc HfHile M. H, o if
i o b H, 2, A e x> 7 HARE: o d@E 0
i OL0R EPEBL X 1 Lt e 50« 2, IR, e ¥, &I,
T A%/ fEU6 0 EEKERQ, MMESi Lo BT p, Ap , Fidllixe 15 %
| a I&#s, o @Y
KM, s Zo Y p T, KZp &\ #5/ HZ ks ~ % 228 4, p
o6 , X T ##Es~r8 i, , v A aAfEtT @il BED
W,o;r i vaoa,ak 7, EZMn, e & y® GPSL e ik
%6 H£KE, fiEp 8 XFE, GPSp #5: o EWille BT u > T He 4
o =%0o1 ZUWIRES Al #Z GPSp #ie #L o @AM, F OF KiEB
AfE- fE@ Il B r JEEE, By BN, vxo BN EER

@® X* &\ 01 Kh 7£T DASFAA 201663

118



A - FXe

w, O-, & HZ1 B FEH R, p¥E- e« M,/ OR%E) 6 &
0, GPSp #&, Wiste By WM, HEHU, HE -+ « Fi, #Eik
6 wsS, & HHUW i1 -, ar* Bk

o KEGPSp #5601 £ - M4, y +/ U Z> K& ¥ , e =5

b= &M, &\ RZHY Kz, + BRSO g%, &\ - 5k,

1 756 f£~ 8 KAML, p & B0 JE, 17 &, X106t iELHEH

% e fRe 00
o | a B, o B Jv F0 AM (A o @y, THA R @O
0, > E44 O, @6 , o JEIHS B8  FF MRe w60
Uoen IS KAEEN @6, B8 EERML  AMEY X ol

A ftc EfE@6 6 , 0 AL &M, FEZ1 N RBEEER Ak
AL WETa \ 5788 7 K é B, 606as, aikfishkdy
fiE

e URZ%E 6 1T #HEO\ e FHH8 5IXe i MWAEX XK, NLv
M)/ &/ HZa JEHHS P K> idxwy 06 0o @B, RO
it

a3 RPkAk, i ot £ o 7 op WO R (ETCPS) i,

aRO t$ i , WAL, + « 8 TP JEAMN (R-Tree) EX0 B0 KR
bR (STPGM) i, Hil 1. ; O

o i ffo @Huooe - ARO t$* He s' , & d\: &
ik, R R EHED o @y v Wl o @EpKOT < A, WK
66 -8 s' 6 ,FK U : fFolEEKpooee. , M
->: 0, €égs'

o FKi #20 I8 : PR-Tree, Z&Z [FHJIH, FHMEA! PR-Treer]d H b
f > K MAMO,s s' , 1 &Q%!) Wil @Ky PR-Treeft
KA fip 54 ~ 8 @H UOS i+ 10°a &, A %, PR-Tree, A
60 H 326 %, T/, a o6,

o i 20t (8 : STPGM, , t EJEBLA STPGMMIA f °~ o 4FiE
K6 ,6 s' E®A& JFh iAfE ,006u.., 1 #o
d, STPGM, 1 %06 ik Z& M, &\ D388 & 1 b STPGMHA]

119



A - FXe

au oopuf" L oA R O0EH U: t, STPGMO
aAMa\ -, Hyko OH_ 0 A

e ki #0416 : ETCPS, #iilla B, EO 1 PR-Tree®ESTPGM i
f£o0p #EE o, BIAHL T WO, v - S .6 %, #
112,000 0 R 48 £, GPSH 0 EOweh , ETCPSH[a @H, / #F
KETERRIEQ, FU" IREF, v WA 4 AW, A

Ad42 GR, 0D

i F2a , o WY p WG B, AT WEA3F: i JPRT) HE
E0 6 U B 4£GPSidxke 0 THHMIEREEY EWMN * 6 6 p EHEEKU , O
R E HPU* « 3 Ak Fikh , FEIEHEEA (PR-Tree) , %50 6 6
, 1 EEAAL (STPGM) EHRK

K A3 0BT, &

AL Brp, BH, i o HST-Matching® 7% GPSHLZE 0 & i
QU 6 , i WKIEXE EE %1 , osx CIXFE, idsxiE
8 uUo6uwm @I, WO 6 , ik WHI W, £ po
60 Fg..3% ARO > JEHK, GPSicx @WK , & H0$* 60
e OrgE&Avg A&, fF0EH - UG £ e, & o HEZ HIEK, #
BIPR-Treee HR¥EFHKI ARO .8 s ' e Filll*e , o @i i ¥ e KH
& : STPGM, , KA, E it & , AROEHKU KO 0 s

, IO tHE Mp, $ BE Hih ,0 $* ., FRARG
TR, A

120



A - FXe

A5 HF2 — il MU KYG L Bfo Fuml

aLoo o Fe/o*x Ee w B O, T8 E/ YEZEZMn,
i (e tma*, BRe A OR &), K . EiX* T /-, 0ZUo6 %
REB” , G k606, i 0iA: LvamElr 66 HM, &\ il8 4
- fE0 it Bp ERP %4, Lvo o6, 6 0iX> 0il, Lveo HL E
6 , Xirik uoe AEH, O, F: GL OO _ - ke XK
ey fTp &, i, v Bpoo, 0dFiE /7 I OHRatr Fla
L 66, 0 imAEY , MZ DeepTTE i HZ R & ~ 1T QUe 6 0
t a 18K, uLOO fEFK , BA- , FR O EEEER- , 20 &6 6 - i
auly i aLoeo, I KW ,«<li~v 70, a % i OEKA M
p¥EdE HLTHFUIGE Lv, i, #AElgKZv O0° X, 1 ik, WET
R 5% , FMO e (#E2017t DataCastle, U L 6 & Fis53E, 1578* IR\
- KBt H3 ., ke D

A.5.1

0iUo6 Bz, Lvool Me A , G* ERg | -, * £, 1
%Mo ifL v 6 6 mTa . ©° 0 WHLA B¢, a NFr , HP K
EfEe M%E § # O, " FfEe - 8 AL 0660 i, < WGooglekh
K, Uber, Didi% XM/ " 01A1, Hb, M¢ 6, M AfEe # t a
a %He, 0iLvoo (& Ky, v Ol , Wikl , 6 W) >
AL 3 5% H6 iX* 1 ifEidRat 50 . 2, WA, F 4 ER, Lv

661 6/ * w Hik , 7 @ KM, &\ I8 § HZ 0 iHH* EKKKu
, Lv gl o0 B7e264 6, BREZ LV OO RZEI o, WEsfE- Br
i+, Bup o @p MHE, T * H Bu,Lvodoeg fev vy

50 * EHE, 0603, K W el aMu /1 O B 1 #®E
> &\ EK A R >, PHUE 1 JEE . v HEZ P HZ0 itL
v oo P He Xt ykitat 0 if, £ , F/ HZ X ERZP #TH«
A8, Fl Lv I ad, Fra ix* 1 iE%0 p EMET O, W

7w, O-, & HWEAE 0 Mn A G« zAEBAL , & - H

121



A - FXe

Kl A4 & R «

Rz f v T EE- oifLve o it e i, ke w
S, & HHUWIE 1 8-, > ik
et OifLvoo, i WA 6 LU k- , 256 E6 0 « i’
KM, &\ J@8 @il #uilt» ¢ RIRZQ ey Be A ILIXI -
# 6 , b GPSfi»zc QM HZ— ! ud6,ao0" Kk H
b, MRAERT EMREEU M- aLvoo " okiEge XHEEY 1T,
MR &\ A0 BEiIEGPSA6 , 6 e i
off ,006p...,08 ME,LVOOTHyYy~"S8 < W, f£806 6
o, Lv s U #EiE8 e« ON@Oooo6e xHoe, 00 [
s iD* [H6, 66, 8 BFE, LVOOTE h-, a&PH-°
~ 8 , aM, a\ @8 f h, &P HQOoa* P
MBS 1 p o, XD G e BEAARBA , 5 b, HZT * P
MAy)Y H 8 p i, Xe BP HMAy 2 OJIAp #E, 1 &
. L ,~v i T @1, #@: B8u , oc@Ip~
8Y %, ~v | "84 g )&, ° FH: @8 ~v guiKb, U0 e
a0 Lvoo®e KZpaM, a\ fi0itLv o066 FE
, Wl (Al ao 7RI, p - ATAD
. . JIsELZw N 8 oo < CHP, id3sp ) BiE»
A5>: T3, p - Pule | EEE» , O HH R, . 2

0

122



A - FXe

Kl A5 Bk | Efb»

COBLAY CUnBE: AR—, Wiz RS b wiAge |, Bk 1
a3 RPkAk, i Rat 1 EZ®E O AT QU, k0 HE
T , 0, ; « 3 #, &

o ki HZ®B! , AT QU &itt* U0 ¥, HEfe OifLv OO, &
. DeepTTE #i O t Ay i Lvoo, | (< m, =,
a &6 66 F@E%) fER, FRA- | F, aa* PR

o Wi Wita 0 ° @, AT QUY, , "a K~ 4 wde ! | GPSHL
2 d b, @O Editie o, i, BIEIWA H MR $-
, ZOE6 6 W ., oO0® KZ,4ao0" Kk

o I ERE GpEE HLteZ, 0 v- WFEE- ERH
.6 4, Hil14, 68450 B 4-fr8 4, GPSidsksAl i, MG ° + @
G, HillOce, s ¥JRT $: 12.74%, > @ Zv Otp/E, : #f °
CR7S

A52 T BEN

Definition 10 (to hu ) i JiseHuZoe 11 [ i W IEP , GPSH
« BT ={pi,....,pn} BT GPSHp/f+ : 6| (pilad), | | (piing)EDS
O #B(pi.ts) , 021 a#®ur, & wWx vuor, d#:, IDT, id
. driverID

i & e Yhdd , T @ b

123



A - FXe

Attributes Component Sequence Learning Component
| e e 1T P e e e e e e e e —— 1
i Attributes E i Tajectory i
|
1 | ! ! 1
| | | p—— | |
1 |Driver| |Week| [ Time Dis | ! :l | | | | | . ||
1D ID ID e :
: v v v : H 2 v v LSTM 2 :
! |Embed| [Embed| [Embed Vo —> > > e — !
T N N T
1 - 1 ! LSTM 1
! Concatenate VL > [ reee— !
L | | ]
Ry — 1+ v I
Concatenate MR Time Distributed |
|
== S N I
Fully-Connected : i Time Distributed :
|
L |
1 : !

Cb

Fully-Connected I

| |
! | |
(ik— [ |
o :
Fully-Connected b !
¥ vob o8] [E2] [€3] ot |Emy] |
: |
[}
|
|
|

Auxiliary Component

Single Neuron

Residual Component

K| A6 DeepETT, id

Definition 11 T 81H ) U6 HAESEos, d: G Kk66, i T

0 itEUG U Ko 6 %A F£&ASH , 60 i GRHES HH RO 5
BAEA o Ak, SH 0, B OKFE, OMEh: BT 6 MA
= ! Au

WY

Ho. fEH, 0E&- , W o0 B Mitkp - OBk, - HOFROO
pisehite \ o Wikp i ZEYIA By, wo 1o10- iR, i@ s
ZEp HEf S 0 U6 B, Lv oo fEMABIM , it - & MEAE JIAp
-« M, BuZp 5B, I &Mk Eh o 0, BE CRHE, O M
=

124



A - FXe

A53 | B

& HHEEAG- fAIE A, 1, o, BRI A e N
%B ) ® f\Teilzli< ;(T%B 7?';%@%'3

V-, A gkt winwl: ID, G RO 6 FTES 6 p (Eh & A
do  f F A GPSMn UL <« 1 #H o HAMS$S* #H o, ¥a 0 if

Ud KA EN k66, ALV 6O , i Hle #io #Hifle 0 1to 4F$
* GPSEKO , ULO O, e PR he

A6 O°

T M, #£ZMn, j EGPSL e R\i%s%, « 27 H9 4Etor |, Akt
X o, o o Hzy Fe A O, e, fEe) F i, 0#KAL
4, ", M0 o Fp ¥ (W, FWOC ', REER, e RE

p #EEH Frid, e Op #E) 1| R« KEMAR MA@ °© HEEHp &
. PeEyTEk, o, @a  Kwg z o, 9 B0 fto JEM5 EITEMEST
i o K, ¥ZMn, pili: k° +<,4ao0&et°,: H7 ix
> p i, c ?2cey WL @ o W A , 1 | o @5 EHTEMR
@ [Hd, X b, BfFta\ ioHe #Z, W° tae

fE, #-, B O BH; O, £, vitie, £- % , HET/OR WU H
ZFT &, o K4, T B 6, & WIRKA o Ao dlp TN, *
e RU!

A61 , x;: O

e, wit -, & EAUAT KES w0 dp 4, f - EWN AT
wST @, GFQ] 4> " RN, o @Y p WMEAL 660 X
T8 es, ,F £ &,y & BT Ei #/ 6 o JBXIE%-
£, 1T x, EHEH. , T B 6, Ei + HZQK (ff¢ B FE
, > TP, EEKH (o JET u B Ee (AL60 ), + 70 %n
WXiR- He fy @, * tboi), X/ oz o, 1 8AEK &
i) FEf T HfEv - T Y- v BT A 8>, O

*

*

125












	基于海量时空交通数据的学习与预测
	摘 要
	Abstract
	目 录
	第 1 章 Introduction
	1.1 Background and Challenges
	1.2 Supply Demand Prediction for Online Car-hailing Services
	1.3 Traffic Condition Prediction
	1.4 Travel Time Estimation
	1.5 Organization

	第 2 章 Preliminary
	2.1 Tree-based Methods
	2.1.1 Decision Tree
	2.1.2 Random Forest
	2.1.3 Gradient Boosting

	2.2 Deep Learning
	2.2.1 Basic Structure
	2.2.2 Embedding Method
	2.2.3 Recurrent Neural Network (RNN)
	2.2.3.1 Long Short-Term Memory (LSTM)

	2.2.4 Residual Network


	第 3 章 Related work
	3.1 Supply Demand Prediction for Online Car-hailing Services
	3.1.1 Taxi Route Recommendation
	3.1.2 Taxi Demand Prediction

	3.2 Traffic Condition Prediction
	3.3 Travel Time Estimation
	3.3.1 Road Segment-Based Travel Time Estimation
	3.3.2 Path-Based Travel Time Estimation

	3.4 Deep Learning in Spatio-temporal Data

	第 4 章 Supply-Demand Prediction for Online Car-hailing Services using Deep Neural Networks
	4.1 Introduction
	4.2 Formulation and Overview
	4.3 Basic Version
	4.3.1 Identity Part
	4.3.2 Order Part
	4.3.3 Environment Part
	4.3.4 Block Connections

	4.4 Advanced Version
	4.4.1 Extended supply-demand block
	4.4.1.1 First Stage
	4.4.1.2 Second Stage

	4.4.2 Last Call Block and Waiting Time Block
	4.4.3 Extendability

	4.5 Experiments
	4.5.1 Data Description
	4.5.1.1 Error Metrics

	4.5.2 Model Details
	4.5.2.1 Embedding
	4.5.2.2 Activation Function
	4.5.2.3 Optimization Method
	4.5.2.4 Platform

	4.5.3 Performance Comparison
	4.5.4 Effects of Embedding
	4.5.5 Effects of Environment Part
	4.5.6 Effects of Residual
	4.5.7 Combining Weights of Different Weekdays
	4.5.8 Extendability

	4.6 Conclusion

	第 5 章 Traffic Condition Prediction System
	5.1 Introduction
	5.2 Problem Statement
	5.2.1 Road Network
	5.2.2 Traffic Condition

	5.3 Useful Observations
	5.4 System Overview
	5.5 Predicting The Traffic Condition with PR-Tree
	5.5.1 Description of PR-Tree
	5.5.2 Training PR-Trees

	5.6 Predicting Traffic Condition with STPGM 
	5.6.1 States of STPGM
	5.6.2 Parameter Learning
	5.6.3 Prediction

	5.7 Model Extensions
	5.8 Experiments
	5.8.1 Experiment Setting
	5.8.2 Pre-processing
	5.8.3 Performance Evaluation

	5.9 Conclusion

	第 6 章 Estimating Travel Time Based on Recurrent Neural Networks
	6.1 Introduction
	6.2 Problem Definition
	6.3 Model Architecture
	6.3.1 Attribute Component
	6.3.2 Sequence Learning Component
	6.3.2.1 Sampling Method
	6.3.2.2 Pooling Method
	6.3.2.3 Discussion

	6.3.3 Residual Component
	6.3.4 Auxiliary Component
	6.3.5 Model Training
	6.3.5.1 Discussion


	6.4 Experiments
	6.4.1 Experiment Setting
	6.4.1.1 Data Description
	6.4.1.2 Parameter Setting
	6.4.1.3 Experiment Environment

	6.4.2 Performance Comparison
	6.4.3 Effects on the Sampling Rate
	6.4.4 Effects of the Auxiliary Component
	6.4.5 Effects of the Attribute Component

	6.5 Conclusion

	第 7 章 Conclusion
	7.1 Summary of the Thesis
	7.2 Future Directions

	参考文献
	致 谢
	声 明
	附录 A 中文摘要
	A.1 引言
	A.1.1 研究背景及挑战
	A.1.2 在线叫车服务中的供需预测
	A.1.3 交通路况预测
	A.1.4 出行时间预估
	A.1.5 论文架构

	A.2 相关工作
	A.2.1 在线约车平台的供需预测
	A.2.1.1 出租车路径推荐
	A.2.1.2 出租车需求预测

	A.2.2 交通路况预测
	A.2.3 行驶时间估计
	A.2.3.1 基于路段的行驶时间估计
	A.2.3.2 基于路径的行驶时间估计

	A.2.4 时空数据上的深度学习

	A.3 基于深度神经网络的在线约车平台供需预测
	A.3.1 引言
	A.3.2 公式化和概述
	A.3.3 基础框架

	A.4 道路路况预测系统
	A.4.1 引言
	A.4.2 系统概述

	A.5 基于循环神经网络的出行时间预测
	A.5.1 引言
	A.5.2 问题定义
	A.5.3 模型架构

	A.6 结论
	A.6.1 本文总结
	A.6.2 未来方向


	个人简历、在学期间发表的学术论文与研究成果


