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Abstract

Mansur As

A Study on Prediction of Travel Time over

Intervals between Adjacent Bus Stops Using

Probe Data

Prediction of travel time over travel routes is an important factor for many

people who travel or commute, especially using the public bus services. Mostly,

people consider travel time as well as stochastic factors in several time peri-

ods such as dwell time, traffic congestion, accidents, and so on. They usually

prefer to minimize the time spent traveling from their origin to destination

by choosing the best route. Intelligent Transportation Systems (ITSs) have re-

cently been widely used in planning, evaluation and control of the reliability

of the public transportation system. One of the evolutions in ITSs is largely

related to bus probe data. Probe data, which are generated by vehicles, in-

clude data obtainable from navigation systems, such as time and position

(longitude and latitude), i.e. data on the vehicle’s running and performance

history. In addition, using bus probe data enables us to monitor the state of

road traffic characteristics and to measure the reliability of and variability in

travel times of public bus services.

In this research, I have proposed nonlinear dynamical methods for pre-

dicting bus travel time over each interval between adjacent bus stops for

seven and eight time periods in a day. The proposed methods basically uti-

lize time series methods based on machine learning techniques: Artificial
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Neural Network (ANN), Support Vector Machine (SVM) and Random For-

est (RF). For this purpose, at first, I classified intervals between adjacent bus

stops into two classes: stable and unstable. Then I identified two statistically

significant factors: variabilities in travel time in the same time periods over

days and correlations of travel time between eight time periods, which in-

fluence bus travel time over unstable intervals in the current time period. I

conducted experiments to evaluate our proposed methods. I have used real

bus probe data collected from November 21st to December 20th, 2013 and

provided by Nishitetsu Bus Company, Fukuoka, Japan. I summarize the re-

sults obtained in this research as follows:

• Chapter 1 describes background information concerning Intelligent Trans-

portation System (ITSs), including Bus Probe Data as a robust data

source for predicting bus travel time, problem formulation, uniqueness

of this research, the framework and the objectives of this research.

• Chapter 2 presents a literature review regarding prediction of bus travel

time. A variety of models and algorithms have been developed to pre-

dict bus arrival times or bus travel times, and these can be classified into

the following categories: historical average models, regression/time se-

ries models, and machine learning techniques including Artificial Neu-

ral Network (ANN) Support Vector Machine (SVM) and Random For-

est (RF).

• Chapter 3 explains the data used in this research, describes the prelim-

inary data preparation for the analyses and the methods used in pre-

diction models. In addition, I describe how real-world bus probe data

can be utilized, what kind of analytic results are obtained, how the data

should be calculated and what kind of challenges are involved when

handling this bus probe data.
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• Chapter 4 discusses some of the highlighted analytic results generated

from the probe data. I first calculated the bus travel time over each

interval between adjacent bus stops. Then, I distinguished the inter-

vals into stable or unstable ones. Next, I conducted statistical analysis

on travel time especially over unstable intervals considering the varia-

tions in the travel time between different time periods in a day, in the

same time periods over the past days and the correlation of travel time

between adjacent time periods in a day. Based on the results of these

analyses, I employed two types of input data: Dynamic Average Travel

Time (DATT) and Historical average travel time (HATT). DATT denotes

the average travel time in the time period right before the current one.

Introducing DATT can be expected to adjust the error in predicting

travel time in the current time period using the travel time observed

in the period just before the current time period. HATT denotes the av-

erage travel time in the same time period during the past several days.

It is a very important input variable of the model because HATT is more

effective when travel time tends to be more consistent over days.

• Chapter 5 proposes nonlinear dynamical models for predicting bus travel

times using historical information. I developed time series prediction

models based on Artificial Neural Network (ANN), Support Vector Ma-

chine (SVM) and Random Forest (RF) to predict travel time over unsta-

ble intervals. Focusing on recurrent and non-recurrent variabilities in

travel time over the unstable intervals, I predicted travel time for seven

time periods in a day (omitting EM) and compared the experimental

results of the various approaches.

• Chapter 6 proposes a different approach for predicting bus travel time

considering traffic congestion. This approach uses two input variables,
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DATT and HATT, selectively with a distinction between peak-hour and

off-peak periods.

• Chapter 7 defines the role of these approaches in the evaluation of the

performance of the prediction models. I compare the proposed model

mentioned in Chapter 6 with the model mentioned in Chapter 5. In

addition, to measure the significant effects of variables other than the

single independent variable, I conduct an experiment comparing our

models and the model proposed by another study.

• Finally, I conclude the thesis in Chapter 8. I describe the results of ex-

periments and the findings of this research, and discuss some topics for

future scientific research in the prediction bus travel time.
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Chapter 1

Introduction

This chapter introduces the background of this thesis. It discusses back-

ground, problem formulation, the uniqueness of this research, research ob-

jectives, and the framework of the research.

1.1 Background

Prediction of travel time on the route is an important factor for many peo-

ple who travel or commute, especially using the public bus services. Mostly,

passengers consider travel time as well as stochastic factors (variability) such

as dwell time, traffic congestion, accidents, and so on. They usually prefer to

minimize the time spent traveling from their origin to destination by choos-

ing the best route.

On the other hand, travel time variability comes from various sources,

which can be divided into two categories: regular variations (recurrent) like

e.g. day-to-day variation and irregular condition variations (non-recurrent)

like e.g. incidents, weather or random variations [48]. For non-recurrent

variations, it is hard to predict the location and time of their occurrence

[43]. Therefore, it is hard to predict the bus travel time that would result

for passengers from adjusting their departure time in such cases [78], [28].
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By contrast, with known regular and irregular condition-dependent varia-

tions, travelers may be able to adjust their departure time or route to arrive

on time at their destinations [78].

In recent years, Intelligent Transportation Systems (ITSs) has been widely

used in planning, evaluation and control of the reliability of public trans-

portation systems [39]. Most public transportation systems such as bus ser-

vices have either successfully implemented or are in the process of imple-

menting various ITSs applications in their system, with the aim of providing

reliable and accurate information for passengers [89], [19], [33].

Over the past several years a number of research projects have attempted

to empirically measure behavioral responses to changes in travel time vari-

ability [84]. These have generally been built on theoretical models of schedul-

ing choice that account for changes in departure time in response to the

expected punctuality associated with variability. Using the mean variance

model approach, these studies have confirmed that the travel time tends to

be influenced by traffic conditions, ridership and weather conditions, which,

in turn, may present variability depending on the time periods in the day

and the day of the week [32], [27].

On the other hand, an important evolution in Intelligent Transportation

Systems (ITSs) is largely due to the availability of bus probe data. Probe data

generated by vehicles include data obtainable from navigation systems, such

as the time and position (longitude and latitude), i.e. data on the vehicle’s

running and performance history [69], [77], [86]. Since these probe data can

be obtained continuously over time from a vehicle, they enable monitoring

of the state of road traffic characteristics [77]. It is expected that detailed

traffic analysis of bus travel times could be carried out using these data before

making a prediction model.
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1.2 Problem Formulation

In recent years, many studies have been performed to develop models to pre-

dict bus travel times on routes, especially arrival times at bus stops. In addi-

tion, a number of dynamical models have been proposed to predict bus travel

time on roads in urban areas. However, such models are over-simplified and

may not represent real conditions because the models do not take into ac-

count bus travel time variability on the routes [27], [77].

In summary, previous studies have been conducted in the research field

of predicting bus travel/arrival times for a single bus route using the histor-

ical average bus travel/arrival time. Furthermore, their prediction models

assume that the historical travel time patterns will remain the same even in

the future time period in a day . In this case, model precision is highly de-

pendent on the amount of the historical traffic pattern data, as the accuracy

of analysis results may differ depending on real conditions [30], [63].

In addition, limitations in the volume of historical data make for a sig-

nificant difference in the relationship between historical traffic patterns and

real conditions. The problem in these methods usually comes from the as-

sumption that travel time recurs predictably or the assumption that a regular

pattern repeatedly occurs in the same time-period over days [22]. Therefore,

the variations in bus travel time on the route are often not sufficiently well-

defined to build a prediction model.

Liu et al. [52] noticed that a bus is not operated in the same way as other

vehicles. Even though the bus delay is caused by a traffic jam, the bus cannot

increase its speed to adjust the delay because the bus speed is limited and

they should follow the route that has been determined by a time schedule

[52], [16]. Many authors also noticed that delays at the upcoming bus stops

depend on accrued variation of travel time at past stops. Bertini et al. [30]

showed that the bus travel time between two adjacent bus stops increases in
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several time periods. Moreover, there are correlations of travel time between

time periods, especially two adjacent time periods, which influence the bus

travel time in the next time period [55], [77], [71].

In other words, the bus travel time in the previous period will affect the

travel time in the next or later period [23]. Likewise, if the trend of the histor-

ical travel time is not linear, e.g. when the short-term fluctuations due to acci-

dents that happen suddenly in the current period will affect later travel time

periods such as the morning peak period, variations in the historical data-

set and variations in the relationship between the historical patterns and the

current traffic patterns could dramatically affect the prediction in a negative

way [78]. Therefore, the performance of these models is highly dependent on

the quality of the historical data.

1.3 Uniqueness of this Research

Numerous studies have been conducted to predict the bus travel time be-

tween two adjacent bus stops considering the variability of travel time be-

tween time periods in a day. However, these models do not give sufficient

attention to predicting bus travel time over intervals between adjacent bus

stops. The result is that these models do not have the ability to capture the

complex non-linear relationship between travel time and variability.

Further, in this thesis, I propose a model for predicting travel time over

unstable intervals between adjacent bus stops on the routes during different

time periods in a day, since bus travel time over the unstable intervals varies

significantly between time periods in a day and in the same time period over

days, and there are in addition strong correlations between time periods in a

day. In constructing my model, the variability of travel time is the main focus

point in the prediction model.
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Therefore, I consider using two important independent variables: his-

torical average travel time data in the same time period and dynamic av-

erage travel time data in the time period just before the current one. Using

these independent variables yields a highly accurate performance in dynam-

ically predicting bus travel time under recurrent and non-recurrent variabil-

ity. Therefore, the model may capture the influence of unexpected events

such as accidents, and traffic jams that influence the bus travel time on the

routes.

1.4 Research Objective and Scope

The primary objective of this study is to develop a nonlinear dynamical model

for predicting bus travel time over unstable intervals between adjacent bus

stops in seven and eight time periods in a day. This study uses real bus probe

data to develop the model. The study mainly examines the significant fac-

tors: variations of travel time between time periods in a day and in the same

time periods over days as well as the correlation of travel time between eight

time periods in a day, which influences the bus travel time in the current time

period. In general, the objectives of this research are outlined as follows:

1. Calculate bus travel time over each interval between two adjacent bus

stops in each time period, where I divide a day into eight time periods:

early morning (EM), morning peak (MP), late morning (LM), midday

(MD), early afternoon (EA), afternoon Peak (AP), evening (E), and late

night (LN). In Section 5, the early morning (EM) period is ignored and

only the remaining seven periods are considered.

2. Clarify that the bus travel time shows significant variation depending

on the time period and the day.
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3. Classify intervals between two adjacent bus stops into two classes: sta-

ble and unstable.

4. Establish the variability of bus travel time over unstable intervals be-

tween the eight time periods in a day and that in the same time period

over days using a statistical test.

5. Provide the correlation of bus travel time over unstable intervals be-

tween time periods in a day using a statistical test.

6. Build a model to predict bus travel time over each unstable interval

in each of seven and eight time periods in a day. Then, evaluate the

prediction model by comparing them with other models.

1.5 Research Framework

Figure 1.1 shows the conceptual framework of this research for predicting

bus travel time over each unstable interval. I defined the framework of my

study as follows:

1. Data Preparation and Preliminary Analysis: The process begins with

the preparation and preliminary analysis of the probe data. I extract

the information from bus probe data and observe bus travel time over

each interval between two adjacent bus stops in eight time periods in a

day over 20 days. This is to show that bus travel times are influenced

by each time period, in which traffic conditions, ridership and weather

conditions often change even though buses run over the same inter-

vals between adjacent bus stops. Then, using the standard deviation

of travel time in each time period, I roughly classified all intervals into

two classes: stable and unstable. The details are described in Chapters

3 and 4.
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2. Advanced Analysis: This stage covers the variability analysis of travel

time over each unstable interval for model development. I conduct

three statistical analyses to confirm the variations of the travel time

among eight time periods in a day, in the same time periods over days

and the correlation of the travel time between adjacent time periods in

a day. The details are described in Chapter 4.

3. Building of Prediction Models: Considering the results obtained in stage

2, I chose two significant factors influencing the bus travel time over

each unstable interval as input parameters of the models. I conducted

experiments to predict travel time over unstable intervals focusing on

recurrent and non-recurrent variability between the seven time peri-

ods in a day. To build the prediction models, I applied a time series

approach using three machine learning methods: Artificial Neural Net-

work (ANN), Support Vector Machine (SVM) and Random Forest (RF).

The details are described in Chapter 5.

4. Establishment of prediction models using another approach which dis-

tinguishes off-peak and peak-hour periods: In this stage, I conducted

experiments to predict travel time over unstable intervals focusing on

off-peak and peak-hour periods for eight time periods in a day. To build

the prediction models, I applied the time series approach using two ma-

chine learning (ML) techniques: Artificial Neural Network (ANN) and

Support Vector Machine (SVM). The details are described in Chapter 6.

5. Evaluation and Comparison: I compare the model’s performance using

a wide range of different types of data sets to decide which are the most

suitable input variables. Then, I identified the influence of different

attributes in the input variables which have a significant effect in the

prediction results. The details are described in Chapter 7.
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1.6 Research Question

The major research questions of our work concern revealing the factors in-

volved in and ways to achieve high-accuracy prediction results from real bus

probe data with different parameters of independent variables. There are

many parameters that will affect the accuracy of results to be considered be-

fore building a prediction model. The following are the research questions

addressed in this research.

• Question 1: Are there any differences between travel time over each

interval between two adjacent bus stops over the eight time periods in

a day?

• Question 2: Is it possible to set boundaries between stable and unstable

intervals?

• Question 3: What is the ratio of the unstable intervals to the whole?

• Question 4: Are there any variations in unstable intervals among the

eight time periods in a day and among the same time periods over

days?

• Question 5: Is there any correlation of travel times over unstable inter-

vals among the eight time periods in a day?

• Question 6: Is it possible using nonlinear dynamical models built using

machine learning techniques such as ANN, SVM and RF to predict bus

travel time over each unstable interval between two adjacent bus stops?

• Question 7: Are there any significant impacts in using different input

variables to predict travel time over each unstable interval while distin-

guishing between off-peak and peak-hour periods?
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1.7 Contributions

Three contributions have been made in this paper. First, the records of bus

travel time over each interval between adjacent bus stops were obtained from

all of the bus routes during eight time periods in a day over 20 days. Then,

the intervals were distinguished into stable and unstable intervals.

Second, I clarified the variability of bus travel times over unstable inter-

vals between time periods and in the same time periods over days. I also

identified that there are statistically significant correlations of travel time be-

tween the eight time periods in a day which influence the bus travel time in

the current time period over unstable intervals. Third, I developed nonlin-

ear dynamical models to predict bus travel time over each unstable interval

between adjacent bus stops. The characteristics of the models are as follows:

1. A prediction model to predict travel time in each of the seven time pe-

riods in a day focused on regular variations (recurrent) and irregular

condition variations (non-recurrent).

2. A prediction model to predict the bus travel time in each of the eight

time periods in a day based on traffic density i.e., off-peak and peak-

hour periods. In this model, I demonstrated the impact of two types of

input variables for the prediction in off-peak and peak-hour periods.

Finally, to measure the prediction performance, I evaluated the perfor-

mance of the models by conducting several experiments. First, I conducted a

comparison experiment between our proposed model and the model in other

previous study. Second, I compared the proposed model and the model in

my previous study.
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1.8 Thesis Outline

The thesis is organized as follows: Chapter 1 discusses the background, prob-

lem formulation, uniqueness, objectives, framework, questions addressed

and contribution of this research. Chapter 2 presents a literature review of

conceptual, theoretical and methodological topics related to travel time vari-

ability and prediction models for bus travel time. Chapter 3 explains the

data used in this research, shows how real-world bus probe data can be cal-

culated/utilized and introduces briefly several machine learning techniques

used. Chapter 4 describes an empirical analysis of the distribution the bus

travel times, and shows statistical analyzes to confirm the variations of travel

time over each unstable interval. Chapter 5 presents the simulations of the

proposed model’s algorithms to predict bus travel time focusing on recur-

rent and non-recurrent variabilities of travel time over the unstable intervals.

Chapter 6 provides a different approach for predicting bus travel time con-

sidering traffic congestion by distinguishing peak periods from off-peak pe-

riods. Chapter 7 presents the model performance evaluation resulting from

the comparison experiment between our models and the model proposed by

other study , as well as the model in my previous study. In Chapter 8, the

thesis concludes with a summary of the results of the experiments and the

findings and contributions of this research , and discusses some topics for

future scientific research in the prediction of bus travel time.
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FIGURE 1.1: Framework of this research
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Chapter 2

Related Work

2.1 Introduction

This chapter presents a literature review of conceptual, theoretical and method-

ological topics related to the prediction of bus travel and arrival time. Through

the literature review, the importance of models for the prediction of bus

travel/arrival times for passengers and management control of bus travel

time became clear. The literature review led to the motivation to test a stochas-

tic time series in nonlinear dynamical models for bus travel prediction.

2.2 Travel Time Variability

Travel time variability reflects the degree of variation in the travel time of a

trip that is recurrent or non-recurrent over several time periods in a day or

day to day [73]. Traffic congestion as a source of travel time variability should

be analyzed by distinguishing recurrent congestion (e.g., the daily increase in

traffic during the peak hour periods on weekdays) and non-recurrent conges-

tion, which is caused by infrequent incidents such as accidents and extreme

weather [22], [43].

Travel time variability is a key factor that passengers consider when mak-

ing basic travel decisions regarding destination, route and departure time,
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and numerous studies have attempted to measure travel time variability us-

ing two modeling approaches: the scheduling model and the mean variance

model [3], [9], [12], [43]. Measuring travel time variability enables greater

support for the prediciton of travel time either with empirical, analytic or

simulation methods [9]. Over the last several years many studies have in-

vestigated bus travel time variability on routes in urban networks, especially

between adjacent bus stops along the route. Using the mean variance model

approach, these studies confirmed that travel time tends to be influenced by

traffic conditions, ridership and weather conditions, which, in turn, may vary

depending on time period in a day and the day of the week [3], [9], [78].

Uno et al. [77] proposed a methodology for evaluating the road network

from the viewpoint of travel time stability and reliability using bus probe

data. Travel time distributions of arbitrary routes are estimated by statisti-

cally and directly summing up observed multiple travel time distributions.

In their study, probe data can be applied to the tasks of automatic incident

detection and observations of travel time and its variability.

In addtion, Gurmu [35] and E Durán-Hormazábal [43] conducted an anal-

ysis of bus travel time variability before building a prediction model. The

model demonstrated its superior performance in terms of mean absolute per-

centage error (MAPE). Patnaik et al. [63] carried out an analysis of travel time

variability over the eight time periods in a day. Their model could also pre-

dict bus arrival times for various conditions.

2.3 Methodology of Travel Time Prediction

A variety of models and algorithms have been developed to predict bus ar-

rival times or bus travel times. The most widely used models can be classified

into the following categories: historical average models, regression/time se-

ries models, Machine Learning Techniques (ML) including Artificial Neural
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Network (ANN), Support Vector Regression(SVR) and Random Forest (RF).

2.3.1 Historical Average Model with Time Series Approach

Over the last several years, many researchers have empirically attempted to

predict travel time over a route using historical average travel time directly

or without combination with other inputs [7], [74], [71]. Historical average

models are based on the historical data and able to predict the bus travel time

or bus arrival time from previous bus trips. These models will be practical,

useful, and reliable. Gurmu and Nall [9] developed a historical data model

for predicting the link travel time between two bus stops, which was calcu-

lated as the average travel time between two bus stops minus the average

dwell time at the bus stops. Patnaik et al. [43] also suggested a historical

approach in their study and showed good results.

The strength of historical time series data models is high computation

speed due to the simple formulation of the algorithm. The models do not

need a large number of travel time variables, but only time-related data [85],

[44], [92]. The models could be built only from historical data, without dy-

namic observations [18]. However, the main disadvantage of this type of

model is the averaging of input data over time. The predictions of travel time

tend to concentrate on the trend of the historical travel time data and become

problematic if the trend is not linear, e.g. if short-term fluctuations due to

an accident that happened suddenly in the early morning affect later travel

time such as in the morning peak [28], [50]. Variations in the historical data-

set and variations in the relationship between the historical patterns and the

current traffic patterns could dramatically affect the prediction in a negative

way [41]. Moreover, the performance of these models is highly dependent on

the quality of the historical time series dataset, which is not always available

[19], [92], [62].
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Furthermore, a lot of proposed studies also discuss historical average

travel time using regression models. In addition, their models require a linear

mathematical function to explain a dependent variable with a set of indepen-

dent variables [90]. Unlike the previous models, these are able to work satis-

factorily even if traffic conditions are not stable. They usually measure the si-

multaneous impact of various factors, which are independent of one another,

affecting the dependent variable. For example, Patnaik et al. [63] developed

a set of multiple linear regression models to estimate bus arrival times using

distance, number of stops, dwell times, number of boarding and alighting

passengers and weather descriptors as independent variables. Their study

showed that the models could be used to estimate bus arrival/travel time at

downstream stops.

Jeong and Rilett [40] and Ramakrishna et al. [65] also developed mul-

tiple linear regression models using different sets of independent variables.

In their studies, the regression models outperformed the time series model.

However, these models have a relative advantage in revealing which inde-

pendent variables are less or more important for predicting travel times. For

example, Patnaik et al. [63] mentioned that weather was not an important

input in their model. Ramakrishna et al. [65] also found that two variables,

i.e. bus stop dwell times from the origin of the route to the current bus stop

in minutes and intersection delays from the origin of the route to the current

bus stop in minutes, are less important in predicting bus travel time. Be-

cause variables in bus travel time are inter-correlated between time periods,

the applicability of the regression models is in general limited [21], [74], [16].

On the other hand, machine learning techniques have recently gained

popularity in predicting bus arrival/travel time. These techniques have also

been used in several large-scale prediction competitions and suggest that by

combining the model with the time series approach, the prediction accuracy

can often be improved [47], [9].
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2.3.2 Machine Learning Techniques

Machine learning (ML), which is a branch of artificial intelligence, is about

the construction and study of systems that can learn from data. ML methods

consist of two stages, i.e., choosing a candidate model, and next, predicting

the parameters of the model through a learning process based on existing

data [29]. ML methods have certain benefits with respect to statistical meth-

ods in the following respects: dealing with complex relationships between

predictors that can come up within a huge volume of information, process-

ing non-linear relationships between predictors, and processing complicated

and noisy data. These models can be used for prediction of travel time, with-

out implicitly addressing the traffic data [47], [9], [29]. Results obtained for

one location are normally not transferable to the next, because of location-

specific circumstances, e.g., geometry or traffic control.

In recent years, machine learning techniques (ML) have commonly been

used to predict travel time because of their ability to solve complex non-

linear relationships. ANN was demonstrated as a potential method for pre-

dicting travel time. Chung, E. H., and Shalaby, A. [71], Bai et al. [9], Gurmu

et al. [35], [29] developed models to predict bus arrival time with a variety

of traffic conditions and introduced an ANN model based on historical data

such as Automatic Vehicle Location (AVL), Automatic Passenger Ticket Issue

System (APTIS) and GPS data. Their proposed models are suitable for find-

ing complex nonlinear relationships between the dependent variable of bus

travel time and the independent variables that influence the travel time [11],

[42]. Moreover, these are data-driven techniques and require a large set of

data for better learning. Also, they are problem-specific models and when-

ever the input variables change, the whole model has to be restructured [83].

On the other hand, a lot of studies [2], [9], [19], [34], [85], have employed

other machine learning techniques such as Support Vector Machine (SVM)
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and Random Forest (RF) to build prediction models for bus travel time and

showed that these models were practical, useful and reliable, where the traf-

fic flow was relatively small and stable.

In addition, RF has also been applied to prediction of bus travel time un-

der traffic flows and showed that the model outperformed other models in

terms of prediction precision [34], [58] [36], [46]. Although their work uses

bus historical data with a consideration of traffic conditions and with theday

divided into several time periods, their model only focuses on a number of

routes in certain corridors.

In order to construct a prediction model using real travel time data (his-

torical), previous studies employed a combination of ML and time series

model. Next, their model explicitly incorporated information about season-

ality into the data (time period of a day and day of a week, etc) using bus

probe data [5], [29], [35], [80]. The models confirmed that the developed

model could be applied to predict short-term travel time with various condi-

tions. However, they have not discussed a model for predicting travel time

over each unstable interval between adjacent bus stops considering the vari-

ability of travel time over time periods and days.

Moreover, the literature survey shows that most reported studies about

bus travel time/arrival time prediction have been developed for homoge-

neous traffic conditions only. This is because heterogeneous traffic conditions

are very complex and even their analysis to build a prediction model may be

more challenging [8], [61], [64].

2.4 Summary

The above literature review of the models and algorithms for bus travel time

prediction shows that many models are based on historical patterns and

other variables correlated with the arrival/travel time. The variables used
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include real data about historical arrival or travel time, dwell time, number

of stops along the route, distance between adjacent stops and the road char-

acteristics. They are from data collections such as, AVL, APTIS, survey and

Probe data.

History-based models assume that the conditions of traffic do not change

much, which may not be true when considering a switch from off-peak to

peak-hour and vice versa. These models were mainly used in areas where

congestion is minimal because they assumed traffic conditions are similar

(homogeneous). However, it could be argued that it is also possible to ob-

serve such patterns in areas where the congestion is severe. This can be found

out from extensive historical data analysis by looking into the distribution of

travel time between time periods over days or days of the week and so on.

In areas where stable demand and similar traffic patterns exist, history-based

models are able to give satisfactory bus travel time information. So there is

no need to go for complex prediction models. Machine learning techniques

such as ANN, SVR and RF have outperformed other methods in cases where

enough data is available.

However, to greatly improve the prediction accuracy of travel time, we

should first focus on shorter intervals on a route, such as the intervals be-

tween adjacent bus stops, considering the variability of travel time between

them. Furthermore, it is difficult in practice to determine whether or not a

time series of travel time recurs and whether a regular pattern repeatedly

occurring in the same time period over days becomes a homogeneous or het-

erogeneous traffic pattern. This heterogeneity, coupled with variability of

travel time on the road makes bus travel time prediction more challenging

than can be handled by the reported proposed model. There is, therefore, a

need for models that can capture the stochastic behavior of traffic character-

istics with a large data requirement.

The present study will be an attempt in this direction to develop nonlinear
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dynamical models for predicting bus travel time. For this purpose, at first,

I classified intervals between two adjacent bus stops into two classes: stable

and unstable. Next, I identified two statistically significant factors: varia-

tions of travel time in the same time periods over days and the correlation

of travel time between the seven or eight time periods, which influences the

bus travel time in the current time period over unstable intervals. Then, I

developed nonlinear dynamical models for predicting bus travel time over

each unstable interval between adjacent bus stops in each of seven or eight

time periods in a day.
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Chapter 3

Data and Methodologies

3.1 Introduction

This chapter explains the data used in this research, describes the preliminary

data preparation for calculation and the methods of prediction models. The

present study shows how real-world bus probe data can be utilized, how the

data should be calculated, how to distinguish stable intervals from unstable

intervals and introduces briefly several machine learning techniques used.

3.2 Probe Data

3.2.1 Overview

Probe data generated by vehicles includes data obtainable from navigation

systems, such as the time and position (longitude and latitude), i.e. data on

the vehicle’s running history, and front-rear acceleration or right-left acceler-

ation, i.e. data on the vehicle’s performance history. Since these probe data

can be obtained continuously over time from the vehicle, they allow moni-

toring of the state of road traffic at any chosen location or point in time and

the detection of traction information. Thus probe data offers the potential

to develop a prediction model that can improve the accuracy of prediction

results [6], [69], [77].
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A typical unit of travel time for a bus on a route is the time required to

move from one bus stop to the next, as shown in Figure 3.1, when a bus ar-

rives at and departs from adjacent bus stops along route. A bus will travel on

the same segment twice in a single trip [70], [45], but in the opposite direction

i.e, the inbound and outbound directions.

3.2.2 Bus Probe Data

The probe data used in this research were provided by NISHITETSU Bus

Company. The data were collected from the 21st of November to the 20th

of December 2013. The probe data include GPS information on bus po-

sitions, time information indicating when the GPS information was taken,

route number, number of bus stops, travel direction and so on. Bus routes

are operated for around 18 hours a day. Buses run in different patterns on

weekdays, Saturdays and Sundays/holidays according to their time tables.

TABLE 3.1: Fields of bus probe data

Field Description

Vehicle Id Bus identity number

Lat & long GPS Position of Latitude and Longitude

Direction Inbound or outbound

GPS time Time obtained by GPS

Route Number The number assigned to a route

Type of Route Sub route number

Bus number The order of a bus running on a route

Bus stop code A code number assigned to a bus stop

Bus pole code A code number assigned to a pole of a bus stop

Here, in this study, I have just dealt with travel time on weekdays, not

Saturdays or Sundays/holidays because of the lack of data volume. I ana-

lyzed 175 routes consisting of 6129 intervals for the inbound direction and

5700 intervals for the outbound direction, on which 2045 buses a day were

operated. Travel time information is recorded every 3 minutes and at the
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time when a bus stops. Table 3.1 shows a summary of bus probe data used in

this study. In addition, the bus trips are classified in the database into eight

different time periods, as shown in Table 3.2.

3.3 Methodologies

3.3.1 Travel Time over Intervals

In order to calculate bus travel time, first I calculated the average travel times

over each interval during each of the eight time periods in a day. This is

because bus travel times are influenced by each time period, in which traffic

conditions, ridership and weather conditions often change even though the

buses run over the same intervals between adjacent bus stops [3], [35], [63],

[86].

Then, I calculated the average travel time over each interval in each time

period in a day for 20 days, because the travel time may usually vary dur-

ing the day. For short, I will just use the term "interval" below, when I mean

"travel time over interval between adjacent bus stops", where the classifica-

tion and definition of the time periods are shown in Table 3.2 and a bus travel

time interval is illustrated in Figure 3.2.

TABLE 3.2: Time Periods

Periods Ranges of Time

Early Morning (EM) 5:00:00-7:29:59

Morning Peak (MP) 7:30:00-9:29:59

Late Morning (LM) 9:30:00-11:59:59

Midday (MD) 12:00:00-12:59:59

Early Afternoon (EA) 13:00:00-15:29:59

Afternoon Peak (AP) 15:30:00-17:29:59

Evening (E) 17:30:00-19:29:59

Late Night (LN) 19:30:00-25:59:59.



3.3. Methodologies 25

FIGURE 3.2: Interval between two adjacent bus stops

The following shows how to calculate bus travel time over an interval

between adjacent bus stops. I define travel time TtAB(i, tp, d), which is the

length of time when bus #i runs between adjacent bus stops: A and B, in time

period tp (∈ (EM, MP, LM, MD, EA, AP, E, LN)) on a day d, which is always

a weekday in this paper,

as follows:

TtAB(i, tp, d) = tB(i, tp, d)− tA(i, tp, d), (3.1)

where tB(i, tp, d) and tA(i, tp, d) are the time when the bus #i arrives at bus

stop B and departs from bus stop A in time period (tp) on a day (d), respec-

tively. Using equation (3.2), we calculate the average travel time Tt(tp) in

each of 8 time periods (tp) in a day as follows:

TtAB(tp, d) =
1
N

N

∑
i=1

TtAB(i, tp, d), (3.2)

where N is the number of buses running on the interval between adjacent

bus stops A and B, and may vary according to each interval in the specific

time period. In what follows, we refer to each average travel time between

adjacent bus stops for each of the eight time periods in day as an interval.
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3.3.2 Distinguishing Stable and Unstable Intervals

The variability of bus travel time can be categorized by its time frame. Maria

et al. [54] discussed variability as occuring between time periods in a day

or between days. The variability is caused by unexpected events such as

construction or inclement weather or generally refers to changes in travel

time due to peak-hour congestion.

In addition to periodical and daily variations in travel time, it may be of

interest to compare the average travel time between time periods in a day.

Other studies suggest that travel times may vary for different time periods

in a day due to changes in vehicle volume, construction etc. However, in

the same time periods travel times should be similar for various days of the

week in the absence of unexpected events. In this work, average travel time

data for each of the eight time periods in a day are compared.

First, using equation (3.3), I calculate the average travel time Tti(tp) over

intervals i in time period tp over n weekdays, where n = 20.

Tti(tp) =
1
n

n

∑
d=1

Tti(tp, d) (3.3)

Then, I put a number onto each interval from 1 to N, where N is the total

number of intervals; I calculate Tti, which is the average travel time over

intervals i (1 ≤ i ≤ N) among TP = {EM, MP, LM, MD, EA, AP, E, LN}, a

set of eight time periods of a day using equation (3.4).

Tti =
1
|TP| ∑

tp∈TP
Tti(tp) (3.4)

To transform all the data to normal distribution, I transform the data of the

average travel time over intervals (Tti) among time periods (TP) in a day

using natural logarithm.

Next, I calculate StDevi, which is the standard deviation of the average
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travel time over intervals i to find out whether travel time over each interval

is stable or not. To make a fair comparison for all routes considering the

differences of distance of all the intervals, I divide the standard deviation of

the average travel time over each interval by the average travel time over the

interval using equation (3.5).

StDevi =

√
1
|TP| ∑tp∈TP(Tti(tp)− Tti)2

Tti
(3.5)

The second step is to create logarithmic ranges to distinguish criteria for

stable and unstable intervals of travel time over each interval as shown in

Figure 3.3. I calculate σ, the standard deviation of the standard deviation of

the average travel time over all the intervals using equation (3.6).

σ =

√
∑N

i=1(StDevi − µ)2

N − 1
(3.6)

Here µ in equation (3.7) is the average of the standard deviation over the

intervals.

µ =
1
N

N

∑
i=1

(StDevi) (3.7)

Next, I calculate the standard deviations of the average travel time over

interval i (1 ≤ i ≤ N, whereN is number of intervals) for each of the eight

time periods in a day using equation (3.8)

StDev(Tti) =
√

Var(Tti) (3.8)
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FIGURE 3.3: Logarithmic ranges stable and unstable intervals

According to StDevi, interval i is classified into logarithm ranges of in-

terval criteria as shown in Figure 3.3 and Table 3.3. I roughly classified all

intervals into two classes: stable and unstable; if the standard deviation of

travel time over an interval is less than µ, then the interval is classified as

stable, or otherwise, unstable. Then, I further classified each of the two into

three sub-classes: weak, medium and strong (we present the results in Sec-

tion 4.4). The criteria for each subcategory are as follows:

TABLE 3.3: Logarithmic ranges of interval criteria

Interval Category Logarithmic Ranges

Strong stable if StDevi <= µ− 2σ

Medium Stable if µ− 2σ < StDevi <= µ− σ

Weak Stable if µ− σ < StDevi <= µ− σ

Weak Unstable if µ < StDevi < µ + σ

Medium Unstable if µ + σ <= StDevi < µ + 2σ

Strong Unstable if StDevi >= µ + 2σ
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3.4 Methods of Travel Time Prediction

In this Section, I briefly present references and an outline for nonlinear time

series prediction using the machine learning techniques Artificial Neural Net-

work with NARX, Support Vector Regression (SVR) and Random Forest (RF)

Regression.

3.4.1 Time Series Approach

The purpose of this section is to provide a brief sketch of time series predic-

tion theory. The accuracy of time series prediction is fundamental to many

decision processes and hence research to improve the effectiveness of predic-

tion models has been ongoing. Successful time series prediction is a major

goal in many areas of travel time prediction. However, the time series data

are often full of non-linearity and irregularity. There are vast amounts of tech-

nical references, books, and journal articles detailing time series prediction

algorithms and theory for both linear and non-linear prediction applications

[13], [68].

Fundamentally, "the goal of time series prediction is to estimate some fu-

ture value based on current and past data samples" [68]. Mathematically, the

prediction approach is stated as follows:

x̂(t + ∆t) = f (x(t− a), x(t− b), x(t− c)), (3.9)

where, in this specific example, x̂ is the predicted value of a (one dimen-

sional) discrete time series x. "The objective of time series prediction is to find

a function f (x) such that x̂, the predicted value of the time series at a future

point in time is unbiased and consistent. Where i is an index to a discrete time

series value and N is the total number of samples. It should be noted that an-

other measure of a predictor’s goodness is efficiency as related to bias. If the
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estimator achieves this bound, then it is said to be efficient" [38]. Estimators

generally fall into two categories: linear and nonlinear. Over the past several

decades, a vast amount of technical literature has been written about linear

prediction: "the estimation of a future value based on the linear combination

of past and present values" [68]. Real-world time series prediction applica-

tions generally do not fall into the category of linear prediction. Instead, they

are typically characterized by non-linear models. Therefore, most non-linear

models can be handled by machine learning techniques such as, ANN, SVM

and RF [13], [68].

3.4.2 Artificial Neural Network (ANN)

I use an ANN-based time series prediction method to predict travel time

over intervals between adjacent bus stops on all of the routes. The method

is based on a Nonlinear Auto Regressive model with the eXogenous input

(NARX) model. The NARX model is well-suited for modeling dynamic non-

linear systems, especially those with time series characteristics. In addition,

"NARX model is a subset of the Nonlinear Auto-Regressive Moving Aver-

age with Exogenous Inputs (NARMAX), which are nonlinear non-parametric

identification models" [26], [87].

The mathematical function which models a real-world system is very

complex and usually unknown. However, the NARX model can be con-

structed using a simpler function structure such as neural networks [20]. The

NARX model formulation [20], [26] is described as follows:

y(t) = f (y(t− 1), ..., y(t− ny), u(t− 1), ..., u(t− nu)) + e(t) (3.10)

, where y(t), u(t) and e(t) are the model output, model input, and noise at

time t, respectively. ny and nu are the maximum lags in the output and the

input, respectively; f (.) is some vector-valued non-linear function, but can be
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approximated using some known simpler function such as neural networks

[20].

In my model, I used a multilayer perceptron (MLP) with a single hidden

layer to approximate any bounded continuous function. The MLP contains

one or more layers of hidden units. "The hidden units enable the MLP to

learn complex tasks and meaningful features from the input/output relation-

ships" [57]. Moreover, "high degree of connectivity between the MLP layers

is determined by the weights of the network" [87]. I conducted MLP train-

ing with the Levenberg-Marquardt algorithm and evaluated the model using

the measure of mean squared error (MSE) in training and testing. The MSE

is a default indicator in training the ANN model. The ANN model with the

smallest MSE value is considered to be the best model.

3.4.3 Support Vector Machine Regression (SVR)

"Support Vector Machine (SVM) has been developed to work on a non-linear

problem by incorporating the concept of the kernel in high-dimensional space;

SVR is an application of SVM to the case of regression" [81], which was de-

signed to overcome the over-fitting and to yield a good performance [79],

[85].

I assume there are n numbers of training data (xi, yi) (i = 1, . . . , n), where

xi is an input vector, and yi is a scalar output. With SVR, I want to assign

a function f (x), which has the significant deviation ε from the actual target

yi for all training data. If the value of ε becomes equal or near to 0, a good

regression model is obtained [85].

The main purpose of the SVR model is to construct a linear model in m-

dimensional feature space which input x is mapped onto. Using mathemati-

cal notation, the linear model f (x, w) is given below [59], [10]
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f (x, w) =
n

∑
j=1

wjgj(x) + b (3.11)

, where wj and gj(x) denote the jth weight and nonlinear transformation,

respectively, and b is a bias. Next, prediction performance is measured by

the loss function L(y, f (x, w)). SVR uses a new type of loss function called

ε-insensitive loss function proposed by Vapnik [81]:

Lε(y, f (x, w)) =

 0 i f |y− f (x, w)| ≤ ε

|y− f (x, w)| − ε otherwise
(3.12)

"SVR performs linear regression in the high-dimensional feature space us-

ing ε-insensitive loss, and at the same time, tries to reduce model complexity

by minimizing ||w||2. This can be described by introducing (non-negative)

slack variables ζi, ζ∗i (i = 1, . . . , n), to measure the deviation of training data

outside the ε-insensitive zone" [59]. Thus SVR is formulated as a minimiza-

tion of the following function:

R(w,ζ) =
1
2
||w||2 + C

n

∑
i=1

(ζi + ζ∗i ) (3.13)

subject to : 
yi − f (xi, w) ≤ ε + ζ∗i

f (xi, w)− yi ≤ ε + ζi

ζi, ζ∗i ≥ 0, (i = 1, ..., n)

(3.14)

, where (1/2)||w||2 is a weight vector norm, and C is a regularized con-

stant determining the trade-off between the empirical error and the regular-

ized term. ε is called the tube size of SVR and it is equivalent to the approx-

imation accuracy placed on the training data points [10]. By introducing op-

timal constraints, this optimization problem can be transformed into a dual
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problem whose solution is given by:

f (x) =
nsv

∑
i=1

(ai − a∗i ).K(xi, x) + b (3.15)

subject to : 0 ≤ a∗i ≤ C, 0 ≤ ai ≤ C

, where nsv is the number of Support Vector (SVs) and K is a kernel func-

tion. "The kernel parameters should be carefully chosen as they implicitly

define the structure of high dimensional features and thus controls the com-

plexity of the final solution. However, generalization performance, here pre-

diction accuracy, depends on a good setting for parameters C, ε, kernel pa-

rameters, and input values (x) of the training data" [59].

I selected Radial Basis Function (RBF) as the kernel function in this study.

For measurement of performance (C) in the training process, I selected RBF

network (λ, ε) at the minimum error as an SVR model [59].

3.4.4 Random Forest (RF)

The present Section is not intended to provide a detailed description of Ran-

dom Forest (RF); the parameters are described in Section 5.3.

"Random Forest (RF) Regression is a regression technique that combines

the performance of numerous Decision Tree (DT) algorithms to predict the

value of a variable" [14]. Therefore, regression using RF can be implemented

for time series prediction purposes. That is, when RF receives a u input vec-

tor, made up of the values of the different evidential feature analyses for a

given training area, RF builds k numbers of regression trees and averages the

results [91], [24], [51].

"Assumed that the u is a random vector with k elements, the aim is to

predict v by estimating the regression function:

m(u) = E[v|u = u] (3.16)
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given fitting sample:

Ss = ((u1v1), ..., (us, vs)) (3.17)

which are independent realizations of the random variable (u v). Therefore,

the aim is to construct an estimate ms of the function m.

A random forest is a predictor constructed by growing M randomized

regression trees. For the j-th tree in the family, the predicted value at u is

denoted by ms(u; θ j, Ss), where θ1, ..., θM are independent random variables,

distributed as θ and independent of Ss. The random variable θ is used to

resample the fitting set prior to the growing of individual trees and to se-

lect the successive directions for splitting" [76]. The prediction is then given

by the average of the predicted values of all trees. Before constructing each

tree, the observations are randomly chosen from the elements of u. These

observations are used for growing the tree.

"To avoid the correlation of the different trees, RF increases the diversity

of the trees by making them grow from different training data subsets created

through a procedure called bagging. Hence, some data may be used more

than once in the training, while other data might never be used. Thus, greater

stability is achieved, as it makes it more robust when facing slight variations

in input data and, at the same time, it increases prediction accuracy" [14],

[82].

On the other hand, when RF makes a tree grow, it uses the best feature

or split point within a subset of evidential features which has been selected

randomly from the overall set of input evidential features. "Therefore, this

can decrease the strength of every single tree, but it reduces the correlation

between the trees, which reduces the generalization error" [14].

"Another characteristic of interest is that the trees of an RF classifier grow

with no pruning, which makes them light, from a computational perspective"

[67]. However, "The performance of the RF algorithm depends on the tuning
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of its parameters and the variable selection" (also known as feature selection)

[14], [76].

3.4.5 Measures of Model Performance and Prediction Results

The model parameter is evaluated with emphasis on Root Mean Squared Er-

ror (RMSE) in comparing the validation data set. The model with the smallest

RMSE value is picked up as the best performing. Next, I select Mean Ab-

solute Percentage Error (MAPE) as the measure of prediction accuracy and

calculate them for all prediction results. RMSE and MAPE are defined in the

following equations:

RMSE =

√√√√ 1
N

N

∑
i=1

(tActual(i)− tPredicted(i))2 (3.18)

MAPE =
N

∑
i=1
| tActual(i)− tPredicted(i)

tActual(i)
|, (3.19)

where tActual(i) is the observed bus travel time over an interval in each

time period; tPredicted(i) is the predicted bus travel time over the interval in

the same time-period. N is the number of observation .
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Chapter 4

Preliminaries to Model

Development

4.1 Introduction

This chapter presents an empirical analysis of the distribution of the bus

travel times.

The analysis is based on the bus probe data provided by Nishitetsu Bus

Company Fukuoka, Japan. The analysis focuses on bus travel time, which

has also been the topic for most of the available literature on modeling and

valuing travel time reliability. First, the shape of the travel time distribution

is modeled in a simple way, with relationships between the average travel

time and each of eight time periods in a day over days. Then, considering

the variability of bus travel time over intervals between adjacent bus stops, I

divide the intervals into stable and unstable intervals.

Next, in this Chapter, I also clarify the variation of travel time over un-

stable intervals as a prediction target. I conduct three statistical analyses to

confirm the variations of travel time over each unstable interval i.e., between

time periods in a day, in the same time periods over days and the correlation

of the travel time between adjacent time periods in a day over days.

In addition, one aim of these analyses is to provide discussion of the input
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variables (independent variables) required to successfully develop nonlinear

dynamical models for bus travel time prediction, especially for unstable in-

tervals.

4.2 Travel Time Pattern Analysis

Traffic patterns can be typically classified as monthly, weekly, daily and pe-

riodical. The periodic pattern analysis checks whether the travel time data

during different time periods in a day or in the same time periods day to day

have a similar pattern or not. Similarly, travel time is compared between time

periods in a day and the daily patterns are compared with those of the cor-

responding months, weeks and days [31], [37], [78]. In addition, the pattern

analysis of travel time and comparison between time periods checks whether

the current travel time has a pattern similar to the previous travel time on

the same day. This is an early stage of the analysis of bus travel time during

different time periods in a day over days and may help to capture traffic con-

ditions on a particular day and related events such as accidents, congestion,

etc. [1], [60].

For the purposes of this study, using the earlier method mentioned in

Section 3.3, bus travel time series were obtained over each interval between

adjacent bus stops for all routes in each of eight time periods in a day for 20

days. Next, I investigated the relationship between travel time over intervals

between adjacent bus stops in each time period of all routes day to day and

clarified the daily characteristics of bus travel time. I also intended to prove

an assumption that travel time in a particular time period has a strong corre-

lation with travel time in other time periods in a day; during off-peak hours

such as early morning (EM), midday (MD), or late night (LN), both traffic vol-

ume and travel time decrease. Meanwhile, in the peak-hour such as morning
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peak (MP), late morning (LM), and evening (E), the traffic volume increases

dramatically and the travel time increases as well.
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Figures 4.1 and 4.2 show a relatively constant travel time over each in-

terval for both directions during early morning (EM), Midday (MD), early

afternoon (EA) and late night (LN), indicating that travel time between adja-

cent bus stops tends to exhibit a homogeneous pattern (similar conditions) in

the same time periods day to day. At the same time, in several time periods

in both directions, such as morning peak (MP), late morning (LM), afternoon

peak (AP) and evening (E), there are significant variation in travel time, and

I assume that many people traveled during these time periods. These results

explain why I chose the time period as of the appropriate level of analysis for

calculating the average travel times for each day.

4.3 Empirical Study on the Travel Time Variability

The variability of bus travel time has often been described, and it can refer

to changes in travel time during different time periods in a day or changes

from day to day [54]. The variability between days is caused by unexpected

events such as construction or weather and can be recurrent or non-recurrent.

Meanwhile, the variability of travel time between time periods in a day, gen-

erally refers to changes in travel time due to congestion in peak-hour and

usually tends to be recurrent [86], [85], [56]. Thus, the calculation of the travel

time variability over each interval on each route has the advantage that the

properties of the distribution can be recognized when the bus runs between

adjacent bus stops in a day [88]. This is because travel time in several periods

can be compared to find out whether the travel time over intervals varies or

not [17] (e.g. with the assumption that, if travel time over each interval dif-

fers between time periods in a day, the interval is variable, as mentioned in

Section 4.2).

Furthermore, I also investigated two topics: first, variability of bus travel

time between time periods to distinguish stable and unstable intervals, and
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the variation in travel time over unstable intervals.

4.4 Stable and Unstable intervals

Bus travel time over intervals between adjacent bus stops during different

time periods may vary due to traffic congestion and ridership situations

along the route and therefore deviate between time periods in a day. For

example, in the afternoon peak (AP), people are likely to use buses to do

shopping or errands; thus, the buses may serve more stops. Also, most peo-

ple going to or from work are using buses or private cars in the morning

peak (MP) and afternoon peak (AP), which may lead to significant increases

in bus travel time and cause traffic congestion [66]. On the other hand, in the

early morning (EM) and late night (LN), bus travel time is likely to be least

impacted by traffic congestion. These facts signify that the time period is a

significant factor associated with bus travel times.

Using the methods in Section 3.3.1 and Section 3.3.2, first, I calculated

the average travel time in each of the eight time periods in a day over each

interval for 20 week days and transformed the data to normal distribution

using natural logarithm. Then, I calculated the variance over each interval

for the eight time periods in a day and calculated the standard deviations

of the average travel time over each interval for the eight time periods in a

day. Following that, I created logarithmic ranges to distinguish stable and

unstable criteria for travel time over each interval. To create the ranges, I

first calculate the average of all standard deviations over intervals and the

standard deviation of all the standard deviations over all the intervals. This

results in a rough classification of all intervals into two classes: stable and

unstable, with a further division of each of the two classes into three sub-

classes: weak, medium and strong. The results are as shown in Figure 4.3.
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Figure 4.3 shows the percentage of stable and unstable intervals over

days. There is a significant amount of variability in the travel time over each

interval of all routes over days on weekdays. The percentages of three unsta-

ble interval classes: weak, medium and strong, are 28.52%, 13.35% and 3.16%

for the inbound direction, and 31.1%, 12.79% and 3.51% for the outbound di-

rection, respectively. Results clearly explain the existence of unstable inter-

vals whose percentage is not negligible. Therefore, in this study I focus on

unstable intervals in the above data to develop a prediction model for travel

time over each interval.

4.5 Travel Time Variation over Unstable Intervals

This stage includes advanced analysis of the variability of travel time over

each unstable interval for model development. This analysis consists of three

statistical analyses to confirm the variations in travel time between of the

eight time periods in a day, in the same time periods over days and the cor-

relation of the travel time between adjacent time periods in a day.

4.5.1 Variability of Bus Travel Time between Time Periods

To evaluate the relationship between travel time over unstable intervals and

traffic conditions over the intervals between adjacent bus stops of all routes,

I carried out an exploratory analysis of the variability of travel time between

time periods over days. In addition, this analysis confirms the assumption

that travel time is strongly correlated with the time period in a day. Dur-

ing off-peak hour periods such as early morning (EM), midday (MD), and

late night (LN) both traffic volumes and travel time show a normal distri-

bution. In contrast, during peak-hour periods such as morning peak (MP),

late morning (LM), and evening (E) the traffic volume increases dramatically

and causes the travel time to increase. Therefore, the travel time of buses in



46 Chapter 4. Preliminaries to Model Development

different time periods in a day should be different [53], [56]. This may help to

capture the traffic conditions on that particular day and incorporate events

such as accidents and route diversions.

Furthermore, a t-test was performed to analyze the travel time patterns

on weekdays, with the statistical tests performed at the σ = 0.05 level of sig-

nificance. The test compared the average of travel times for the eight time

periods in a day and I serve the average of travel time for five weekdays

to check whether the difference in the mean of the pairs of time periods is

zero or not. The results of the comparison are shown in Table 4.11, including

pooled standard deviation, f-values and p-values for the five weekdays for

the inbound and the outbound directions.

TABLE 4.1: Periodical variance of travel time over unstable in-
tervals for weekdays

Day
Inbound Outbound

Pooled

StDev (ln)
F-Value P-Value

Pooled

StDev (ln)
F-Value P-Value

Mon 0.339 21.35 0.00 0.329 43.397 0.00

Tue 0.346 20.512 0.00 0.33 37.093 0.00

Wed 0.344 19.642 0.00 0.333 43.699 0.00

Thu 0.347 21.733 0.00 0.338 43.004 0.00

Fri 0.351 26.551 0.00 0.342 46.791 0.00

The results show that for the five weekdays p-values <= 0.05, indicating

that there is a statistically significant difference in the average travel time

among the eight time periods on the five weekdays. Further, on Thursday

and Friday the pooled standard deviation values are higher than for other

days for the inbound and the outbound directions. It is true that travel time

over unstable intervals between adjacent bus stops may vary during the day

on all routes. In the morning peak (MP), late morning (LM), and evening

1All the data has been transformed using natural logarithm to make data conform to
normality distribution.
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(E) on weekdays, bus travel time may significantly increase due to the heavy

traffic volume, accidents or other events.

4.5.2 Variability of Travel Time over Unstable Intervals In

Each Time Period over Past Several Days

Travel time variability in the same time period between days is caused by a

number of variables whose impact cannot be anticipated by bus . The most

common causes of travel time variability are temporal demand differences

between off-peak and peak-hour [86]. The patterns of the variability can be

typically classified into recurrent and non-recurrent variability. The recurrent

variability is a result of insufficient capacity of roads, such as traffic conges-

tion in peak-hour periods, while the non-recurrent variability is caused by

transient events and sources of unexpected congestion, including accidents,

inclement weather, construction and special events [53], [75].

Therefore, in the second part of the data analysis, I verified the daily vari-

ance of travel time over unstable intervals. In this work, analysis of variance

(ANOVA) was further conducted to compare the average of travel time over

unstable intervals in the same time period between different weekdays.

TABLE 4.2: Daily variance of travel time over unstable intervals

Time

Period

Inbound Outbound

F-Value P-Value F-Value P-Value

EM 0.325 0.997 1.005 0.451

MP 1.380 0.015 6.615 0.000

LM 0.462 0.977 1.953 0.008

MD 0.810 0.697 1.034 0.416

EA 0.611 0.901 1.395 0.117

AP 1.483 0.003 3.010 0.000

E 2.577 0.000 4.435 0.000

LN 0.686 0.836 0.539 0.947
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The results of the variability analysis of travel time obtained by using

One-way ANOVA in SPSS software packageare shown in Table 4.2, where

0.000 denotes less than 0.05. The results show that some specific time periods,

especially in peak-hour periods: morning peak (MP), afternoon peak (AP)

and evening (E) for both the inbound and the outbound directions have a

p-value smaller than 0.05, although travel time in the late morning (LM) for

the outbound direction also has a p-value smaller than 0.05. Interestingly, in

the other time periods there are p-values greater than 0.005, even though the

target intervals are unstable ones.

The results indicate that historical average travel times in the off-peak pe-

riods seem to have recurrent properties and to help in prediction of travel

time even over the unstable intervals. The results also support our assump-

tions that travel times over intervals in the same time period in peak-hour

have non-recurrent properties and in off-peak-hour tends to have recurrent

properties.

4.5.3 Correlation between Time Periods

As we know, a bus is not operated in the same way as other vehicles. Even

though a bus delay may have been caused by a traffic jam or accidents, the

bus cannot accelerate its speed to adjust to the delay because the bus has to

follow the speed policy for the road and cannot change the route that has

been determined by the time schedule [9], [49]. These facts suggest that the

bus travel time in several time periods must have a correlation with that in

the other time periods in a day [33], [39]. Because of this, I conducted ex-

periments in this study to explore the correlations of travel time between the

eight time periods in a day by using a statistical test (t-test).

To determine the effect of correlation in each time period, I calculate the

Pearson Correlation Coefficients for all the combinations of paired different
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time periods using the SPSS software. As the value is closer to +1 or -1, the

two selected time periods are more closely related. Conversely, if the values

are close to 0, the two selected time periods show weak or no correlation.

TABLE 4.3: Correlation between time periods of a day. In/Out
denotes the inbound or the outbound directions

Time Pe-
riod

Direction
(In/Out)

EM MP LM MD EA AP E LN

EM In 1 .78 .73 .69 .76 .72 .68 .70
Out 1

MP In 1 .77 .68 .71 .74 .72 .73
Out .60 1

LM In 1 .82 .83 .79 .76 .73
Out .59 .79 1

MD In 1 .77 .71 .67 .68
Out .49 .69 .82 1

EA In 1 .84 .76 .78
Out .52 .73 .84 .81 1

AP In 1 .80 .76
Out .54 .75 .79 .73 .81 1

E In 1 .78
Out .48 .74 .78 .71 .82 .79 1

LN In 1
Out .51 .71 .80 .73 .79 .75 .78 1

As shown in Table 4.3, the results mostly illustrate strong correlation be-

tween adjacent time periods. This means that travel time in the previous time

periods is a very significant factor in determining the travel time in the later

time periods. Because of that, I use them to predict travel time dynamically.

4.6 Factors Affecting for Prediction Travel Time Over

Unstable Intervals

The empirical results of the variability exploration of the data include anal-

ysis of the average travel time over unstable intervals for the eight time pe-

riods in a day, as shown in Table 4.1. The results shown in Table 4.2 display
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the variance of travel time in each time period over days. This table also in-

cludes the mean standard deviation of travel time in each time period of each

segment (between time periods and between days).

In order to analyze how travel time over unstable intervals is correlated

with the time period of a day, all correlations were taken as positive values,

as shown in Table 4.3. There is a higher correlation between two time periods

when the two time periods are near to each other .

Therefore, in fact there are two significant factors influencing the bus

travel time over each interval between adjacent bus stops i.e. variations of

travel time between time periods in a day, in the same time periods between

days and correlation of travel time between time periods in a day. Thus, this

study revealed that two types of travel time factors affect the prediction of

travel time over unstable intervals and then uses the two type factors as input

variables (independent variables) in the prediction model. The independent

variables are defined in Section 5.3.2.

4.7 Summary

In summary, this analysis captured the variability of travel time over unsta-

ble intervals between time periods in a day, with the variability varied during

the day. On the other hand, the average travel time within off-peak periods

was relatively stable (variability of travel time tends to be recurrent), while

the average travel time within peak-hour often varied every day (variability

tends to be non-recurrent), and the correlation of travel time between adja-

cent time periods was relatively higher than that between non-adjacent time

periods.

It’s an important finding that travel time in the same time period may

vary between days, indicating that we should use travel time in the time

periods before the current one because the travel time in the previous time
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periods is a very significant factor in determining the travel time in the later

time periods and is thus a useful factor in predicting the travel time in those

periods.
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Chapter 5

Build a Prediction Model

5.1 Introduction

The algorithms used for travel time prediction in this study are based on

dynamic traffic models. To begin with, a prediction model was developed to

characterize whether the condition of bus travel time between time periods in

a day over days shows recurrent or non-recurrent variability. There are three

results I obtained from the statistical analysis of travel time over unstable

intervals as mentioned in Section 4. First, the characteristics of travel time

between adjacent bus stops may vary between time periods in a day. Second,

the daily variance of travel time tends to be recurrent or non-recurrent. Third,

there are strong correlations of travel time between time periods in a day.

Based on the results of the analyses, I employed two types of input data:

dynamic average travel time (DATT) which is travel time in the time period

right before the current one and historical average travel time (HATT) in the

same time period over the past several days to build our prediction model.

Next, I developed nonlinear dynamical models for predicting bus travel

time over each unstable interval between adjacent bus stops in each of seven

time periods in a day (omitting the EM period) . The proposed method basi-

cally utilizes time series methods based on Artificial Neural Network (ANN),

Support Vector Machine Regression (SVR) and Random Forest (RF). I con-

ducted experiments using bus probe data collected from November 21st to
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December 20th, 2013.

5.2 Time Series Data Analysis

The averages of bus travel time over unstable intervals were obtained from

all bus routes in each of eight time periods of a day for 20 days. The time

series data runs from November 21 to December 20, 2013 (just for weekdays).

In addition, in each day there are eight-time periods i.e., early morning (EM),

morning peak (MP), late morning (LM), midday (MD), early afternoon (EA),

afternoon peak (AP), evening (E) and late night (LN); the definition of the

ranges of each time period is described in Table 3.2, Chapter 4.

Figures 5.1 and 5.2 shows the average of travel time over unstable inter-

vals between adjacent bus stops. Each point in the graph is the mean of bus

travel time in each of the eight time periods in a day over days. The ver-

tical axes in the time series graphs represent the average of bus travel time

between adjacent bus stops over unstable intervals. The horizontal axis rep-

resents the time period of each day.
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In Figure 5.1 and Figure 5.2 the time series provided some insight into the

variability, trend and cyclic behavior of bus travel time. In general, the graph

showed a greater increase in travel times in peak-hour periods than for other

time periods in each day. However, off-peak periods tend to show the same

values on different days (regular) .

The graphs showed that the mean travel time increased from the early

morning (EM) towards the morning peak (MP) and decreased from evening

(E) to late night (LN), which is very typical of observations of traffic condi-

tions. The graphs showed higher travel time in the first week in the evening

(E) period for the inbound direction and in the morning peak (MP) for the

outbound direction, and the second week also showed higher travel time oc-

curring in the evening (E) period for the inbound direction and in the morn-

ing peak (MP) periods for the outbound direction.

By contrast, in the third week the higher travel time occurred in the evening

(E) period for the inbound direction and also in the evening (E) for the out-

bound direction. In the fifth week the higher travel time occurred in the

evening (E) period for the inbound direction and in the morning peak (MP)

period for the outbound direction, as for the first and second weeks. Similar

time series trends in several time periods were evident in the early morning

(EM), midday (MD), early afternoon (EA) and in the late night (LN) for the

inbound and the outbound directions.

In addition, as described in Section 4.5, it was observed that the cyclic be-

havior is more prominent and the coefficient of variation is high-variance.

The variability of travel time over unstable intervals comes from various

sources, which can be categorized into two categories: regular variations

(recurrent), e.g. variation between time periods day to day, and irregular

condition variations (non-recurrent), e.g. when the same time periods show

significant differences/random variations between days. So, with known

regular and irregular conditions, dependent variations, and correlations of
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travel time between time periods in a day, it may be possible to predict the

variability of travel time over unstable intervals of both categories.

5.3 Prediction Model Under Recurrent and Non-

recurrent Variability

Although extensive research has been done on bus travel time variability,

several challenges still need to be addressed. One of these challenges is how

to address spatial and temporal correlations among the regular (recurrent)

and irregular (non-recurrent) variations described in Section 5.2.

In this work, I carried out experiments to predict bus travel time over

each unstable interval between adjacent bus stops using the SVR, ANN and

RF methods. Then, for the input variables (independent variables) I used two

types of input data: DATT and HATT, with the aim of capturing variability

with the spatial and temporal correlations, especially for variability due to

regular and irregular conditions. The input variables are described in Section

5.3.2.

5.3.1 Experimental Setup

In the experiments, prediction of travel time was performed in each of seven

time periods in a day i.e., morning peak (MP), late morning (LM), midday

(MD), early afternoon (EA), afternoon (AP), evening (E) and late night(LN)

for the five weekdays. Because the input variable DATT uses the travel time

observed in the time period just before the current one and there is no time

period before early morning (EM), in this experiment I omitted the early

morning (EM) period.

Dealing with ANN development, I used a radial basis function (RBF) ar-

chitecture and a hidden layer feedforward network that is the most widely
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used model for time series modeling and prediction. A feedforward neural

network consists of three layers: one input layer, one hidden layer and one

output layer. I chose the optimum number of neurons, which was 20 neu-

rons, by trial and error, and then fed into the network the values for the past

20 days of the time series data.

A Nonlinear Autoregressive Network with eXogenous input (NARX) was

chosen. The number of hidden neurons is 10, and the number of delays is 2.

Using MATLAB software, I conducted MLP training with the Levenberg-

Marquardt algorithm. I apply Series− parallel(SP)mode to actual values of

the target series data in order to form the regression of the target series data,

and to minimize over-fitting in the training process after every n epoch, I

perform validation using the validation data. To measure the model, I used

Mean Squared Error (MSE) in training and testing. Using MSE in training the

ANN model is a standard method, and MSE is a default indicator in training

the network. The neural network model with the smallest MSE value is con-

sidered to be the best model. Starting from this performance criterion, the

optimized NARX is obtained and used to perform the prediction of travel

time in each time period of a day. I used a multilayer perceptron (MLP)

with a single hidden layer to approximate any bounded continuous func-

tion. The MLP contains one or more layers of hidden units. The hidden units

enable the MLP to learn complex tasks and meaningful features from the in-

put/output relationships. Moreover, a high degree of connectivity between

the MLP layers is determined by the weights of the network.

On the other hand, for SVR and RF, I used WEKA version 3.8. as de-

scribed in Section 3.4. for SVR, RBF was selected as the kernel function in

this study. Other parameters are C : 1.0, ε : 1.0E-12, and ε parameter toler-

ance: 0.001.

For RF observations with a tree default = 1.0; features per node scalar
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default = nvars/3; maximum tree depth = unlimited, and the method of cal-

culating variable importance = 0,1. In addition, most studies have noticed

that increasing the number of trees does not decrease the predictive perfor-

mance [67]. So, in this study, I used M = 500 trees, which is equal to their

default values in the Weka RF package, and a node size = 5, while the num-

ber of features used for training at each node split is mtry. The parameter

mtry is controlled during the validation phase to avoid over-fitting of data.

The optimal performance parameters for SVR, ANN and RF were found

by calculating the average performance of the training models, while the

search for the optimal value of the parameters was performed in a grid. Root

Mean Squared Error (RMSE) is used to measure the performances. The opti-

mal parameters for minimizing RMSE are selected. On the other hand, using

SVR, ANN and RF for one-step ahead time series prediction is straightfor-

ward and similar to the methods that can be used for the time series ap-

proach.

5.3.2 Input variables and Training Data

In this section, I discuss input variables of the model. The inputs consider

travel time in each time period. As we know, bus travel time will vary ac-

cording to time period. Especially in the morning peak (MP) and afternoon

peak (AP) periods, bus travel time will increase significantly, as described in

Section 4.6.

The analysis established that there are two significant factors that influ-

ence bus travel time over each unstable interval between adjacent bus stops,

namely variations in travel time in the same time periods over days and cor-

relations of travel time between time periods in a day. Therefore, I define the

following two types of travel time, which are expressed as input variables

(independent variables) for the training data.
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1. DATT is expected to adjust the prediction of travel time in the cur-

rent time period using the travel time observed in the period just be-

fore the current one. For instance, I predict travel time in the morning

peak (MP) using the travel time observed in the early morning (EM).

It makes an additional contribution to detecting unexpected dynamic

events than is possible only using HATT.

2. HATT denotes the average travel time in the same time period during

the past several days. It is an important input variable of the prediction

model because travel time over intervals in some time periods tends to

have (regular) properties that recur on other days.

FIGURE 5.3: Input variables of the model

Figure 5.3 illustrates how the model uses input variables to predict travel

time. Arrows with digit 1 in a box and circled digit 2 denote an input of

DATT for the time period just before the current one, and an input of HATT

for the current time period during past several days, respectively.

Next, in the training data, I used both types of input data, DATT and

HATT, in the prediction model. Prediction is accomplished in five iterations,
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with each iteration producing one step ahead prediction results (for the seven

time periods of travel in a day). For each model: SVR, ANN and RF, in the

first prediction step, I used 14 days of data as training data, 1 day of data as

validation data, and the next available day from the 5 days of testing data. In

the training process, predicted results were evaluated by RMSE conducting

out-of-sample prediction with validation data, and when the RMSE value fell

below the threshold, the training was stopped to avoid over-training.

FIGURE 5.4: Training models

I repeated all the above steps five times selecting another day’s data from

the 5-day test data. In the next iteration step, I added the validation data

in the previous iteration step into the training data and used the test data

in the previous iteration step as the validation data. Thus, the amount of

training data increased by one day in each iteration step. The iterations of

the prediction model are shown in Figure 5.4.

5.3.3 Performance of Prediction Models

When building prediction models, the primary goal is to make a model that

most accurately predicts the desired target value for actual data. To measure

the model error, I used mean absolute percentage error (MAPE) as described

in Section 3.4.5. I focused on seven time periods, excluding the first of the
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eight time periods in a day, early morning (EM).. This is because DATT relies

on the travel time observed in the time period just before the current one,

and there is no time period before early morning (EM). I just used HATT for

EM.
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Figure 5.5 presents the MAPE values of the prediction models in each

time period for five days in performing one-step-ahead prediction for week-

days. First, I observed the prediction results for five days. For the inbound

direction on Monday in morning peak (MP), the RF model obtained the low-

est prediction error of approximately 6.72% and on Wednesday in morning

peak (MP) the SVR model obtained the lowest prediction error of approxi-

mately 6.70%. Next on Tuesday, Thursday and Friday always in early after-

noon (EA) the ANN model obtained the lowest prediction error of approxi-

mately 6.94%, 6.57% and 6.31% respectively. For the outbound direction, the

RF model obtained the lowest prediction error on Monday for midday (MD)

of approximately 5.46%, the SVR model was next, obtaining the lowest pre-

diction error for several days i.e, Tuesday in morning peak (MP), Wednesday

in afternoon peak (AP), Thursday in morning peak (MP) and Friday in late

morning (LM), with values of approximately 5.55%, 7.37%, 5.02% and 6.69%,

respectively.

In general, the observations indicate that there is no significant difference

in the distribution of MAPE among the three models. However, it can be

clearly seen for the inbound direction that the ANN model outperformed

the SVR and RF models for the prediction of travel time on several days,

especially in time periods with recurrent variability i.e., early afternoon (EA).

On the other hand, for the inbound and the outbound directions, the SVR

and RF models give better prediction results compared to the ANN model

in predicting travel time in time periods with non-recurrent variability i.e.,

in morning peak (MP), afternoon peak (AP) and evening (E). Recurrent and

non-recurrent variability of travel time were observed as described in Section

4.5.2.

Second, in order to clarify the above discussion, I carried out further anal-

ysis on overall average MAPE for each time period for the three models. The

analysis results can be seen in Table 5.1.
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TABLE 5.1: Average MAPE of prediction error

Models Direct. MP LM MD EA AP E LN

SVR
In 8.3% 10.5% 9.9% 8.2% 9.2% 9.7% 12.5%

Out 6.7% 8.9% 10.3% 8.5% 9.1% 11.2% 9.6%

ANN
In 9.7% 10.9% 8.9% 6.93% 10.8% 11.3% 11.4%

Out 8.0% 10.4% 10.8% 10.16% 10% 10.4% 9.6%

RF
In 8.6% 9.9% 9.7% 9.1% 9.6% 10.5% 10.4%

Out 8.3% 9.2% 8.9% 9.2% 9.6% 9.8% 10.7%

As can be seen in Table 5.1, the SVM and the RF models have the lowest

MAPE value in periods of non-recurrent variability i.e., morning peak (MP),

afternoon peak (AP) and evening (E). However, the SVR model obtained

worse prediction results in periods of recurrent variability for the inbound di-

rection i.e., late night (LN) and midday (MD), with values of approximately

9.99% and 12.45% respectively. The RF model also obtained worse predic-

tion results in late night (LN) for the outbound direction, compared with

the ANN model. In summary, the SVR and RF models outperform the ANN

model when travel time shows non-recurrent variability from day to day, but

the results of all three models showed acceptable performance and are in the

reasonable error range in predicting the travel time over unstable intervals,

especially for recurrent and non-recurrent variability .

5.3.4 Assessing the Significance

Next, it was necessary to conduct a second test to examine the significant dif-

ferences between the three models, especially the ability of DATT and HATT

data to capture recurrent variability such as traffic congestion in peak-hour

periods and non-recurrent variability caused by transient events, including

accidents, inclement weather, construction and special events.

I conducted analysis variance (ANOVA) using the SPSS Software package

to compare the error of prediction results for all intervals, with the aim of
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seeing if there are any significant differences among the three models in each

time period for all days. In addition, I used interpretation with a significance

level of 0.05% to increase confidence in the difference.

TABLE 5.2: ANOVA t-test of prediction error between SVR,
ANN and RF

Comparison

Results

Inbound Outbound

T-value P-value T-value P-value

MP 1.014 .392 1.501 .262

LM 2.057 .171 1.744 .216

MD .352 .710 1.669 .229

EA 21.621 .000 .996 .398

AP .678 .526 .331 .724

E 4.753 .030 .895 .434

LN 2.781 .102 .278 .762

The results of the ANOVA test are shown in Table 5.2. For the inbound

direction, there are only two time period p-values that are less than 0.05,

which indicates that there are significant differences in results for those two

time period, namely the early afternoon (EA) and (E) evening periods. For

the outbound direction, however, there are no p-values less than 0.05, which

means that there were no differences in prediction results for any time peri-

ods in that direction.

Therefore, considering the above results, I can say that there are no sig-

nificant differences for the outbound direction among the three models in

predicting unstable intervals that include recurrent and non-recurrent vari-

ability of travel time. However, there are two-time periods for the inbound

direction which show significant differences. I assume that these differences

occur because of the unpredictable traffic flow in congested conditions, espe-

cially in peak-hour periods, and I investigate this further in Section 6.
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5.4 Summary

It is a challenge to predict bus travel time over unstable intervals between

adjacent bus stops which include significant variability (recurrent or non-

recurrent). Using machine learning methods i.e., SVR, ANN and RF I built

prediction models without using weather data, traffic data etc. Because of

that I distinguished stable and unstable intervals and carried out an exploratory

data analysis on the variability of unstable intervals that indirectly represents

the characteristics of traffic conditions (travel time).

Further, based on the exploratory data analysis, I determined to use two

types of input data as independent variables, namely HATT (historical aver-

age travel time data for the same time periods) and DATT (dynamic average

travel time data in the time period just before the current one) and the pre-

diction model was built based on the time series method approach.

Experimental results showed that the SVR and RF models outperform the

ANN model in most cases, but there were no significant differences between

the three models. Also, the results of the three models showed acceptable

performance and are in the reasonable error range in predicting the travel

time over unstable intervals. The results also indicated that the three models

accurately and dynamically predicted travel time over unstable intervals in

each time period in a day for 5-days. This means that bus travel time can

be reasonably estimated using both DATT data and HATT data for unstable

intervals with recurrent or non-recurrent variability.
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Chapter 6

Prediction Models Based on

Off-peak and Peak Hours

6.1 Introduction

This chapter aims to build a framework for predicting bus travel time based

on the off-peak and peak-hour periods in a day. Moreover, the goal of this

chapter is to develop a model that predicts travel time in terms of traffic pa-

rameters and thereby evaluates the impact of changes in the input variables.

The literature review indicated that predicting travel time using off-peak

and peak-hour periods in a day as parameters is more challenging than other

methods. In other words, an input variable is important in predicting travel

time [85] for unstable intervals because the performance of the prediction

model often deteriorates when the number of input variables (independent

variables) increases, i.e when the dimension of the input space increases.

This has been referred to in the literature as the problem of dimensionality

[56]. This phenomenon is due to the selection of irrelevant input variables

for modeling, which may increase model complexity and hence lead to poor

generalization. Increasing the number of input variables also leads to the

necessity for more parameter training. Thus, it becomes necessary to under-

stand the input and output relationships between the independent variables.
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Therefore, in this model the input variables are manipulated before choos-

ing a prediction algorithm, and then I differentiate travel time in each of the

eight time periods in a day into off-peak and peak-hour periods. Next, I use

two types of machine learning techniques, ANN and SVR, to demonstrate

the impact of types of input variables in predicting the travel time over each

unstable interval.

6.2 Establish Prediction Model

It was observed in Section 4.5.2 that the analysis captured the fact that travel

time variability varied between days, as shown in Table 4.2. The results show

that for the inbound direction there are three time periods whose p-values

are less than 0.05 and present significant differences between days, namely

morning peak (MP), afternoon peak (AP) and evening (E). For the outbound

direction, there are four time periods whose p-values are less than 0.05 and

present significant differences between days, namely morning peak (MP),

late morning (LM), afternoon peak (AP) and evening (E). This means that the

significant differences in travel time occur during peak-hour periods. On the

other hand, during off-peak periods, the travel time in the same time periods

is fairly constant over the weekdays.

These results clearly indicate that the travel time variability between peak-

hour periods and off-peak periods over days is significantly different. This is

an important finding that suggests that independent variables determining

the characteristics of the travel time variability should be considered. So it

is necessary to establish a method that uses the input variables (HATT and

DATT) selectively with a distinction between off-peak and peak-hour peri-

ods. Next, another point deserving attention is that there are strong or mod-

erate correlations of travel time between adjacent time periods as described
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in Section 4.5.3. This is a fact there is variability closely related with regular

and irregular of the travel time over each unstable interval over days.

Thus, in this work, I divide the eight time periods in a day into two cate-

gories: off-peak periods, namely early morning (EM), midday (MD), early af-

ternoon (EA), and late night (LN), and peak-hour periods i.e., morning peak

(MP), late morning (LM), afternoon peak (AP), and evening (E). Then I build

prediction models over each unstable interval using the following scheme:

1. When predicting travel time over each unstable interval in the off-peak

periods, i.e. early morning (EM), midday (MD), early afternoon (EA)

and late night (LN), only one input variable, HATT, is used.

2. Otherwise, in the peak-hour periods, i.e. morning peak (MP), late morn-

ing (LM), afternoon peak (AP) and evening (E), two types of input vari-

ables, DATT and HATT, are used.

DATT and HATT refer to average travel time in the period right before

the current one and average travel time in the same time period over the

past several days, repectively. DATT uses strong correlations of travel time

between adjacent time periods and HATT uses those of travel time in the

same time periods over days, especially weekdays. Here, for the off-peak

periods, I only use HATT as shown in Figure 6.2. This is different from the

method mentioned in Section 5.3, which uniformly uses two types of input

data (input variables) for both the peak-hour and off-peak periods.

Furthermore, during preprocessing training, the walk-forward testing rou-

tine is used to divide each data set into five overlapping ones as shown in

Figure 6.1. I used data for a total of 20 weekdays, numbering each day from

1 to 20. In the first iteration, I used 14 days of data from the 1st day to the

14th day data as training data, the next 1 day of data as validation data, and

the following 1 day of data as testing data. Then, in the next iteration, I shift

1 day forward in the data series without changing the size of the training,
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validation or testing data and repeat until the 5th iteration. In each iteration,

I calculated MAE and RMSE and took the average of the MAE and RMSE

results obtained in five iterations.

FIGURE 6.1: Establishing the training model

6.3 Experimental Setup

Next, two types of methods, Artificial Neural Network (ANN) and Support

Vector Regression (SVR), are used to estimate travel time in each of eight

time periods in a dayfrom the above data. I built the ANN model using the

MATLAB software and the SVR model using libsvm-3.22 provided by Chih-

Chung Chang and Chih-Jen Lin [15].

In addition, when developing the ANN model, I used a radial basis func-

tion (RBF) kernel and a feedforward network, which is the most widely used

model for time series modeling and prediction. The feedforward neural net-

work consists of three layers: one input layer, one hidden layer and one out-

put layer. I chose the optimum number of neurons by trial and error, which

was 20 neurons; I fed into the network the values for the past 20 days of the

time series data. Next, I also developed the SVR model with an RBF kernel

function.

For measurement of performance C in the training process, I select the

parameters of the RBF network (λε) taking the minimum error for the SVR

model [79]. Likewise, I evaluated the parameters of the ANN and the SVR
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models with emphasis on Root Mean Squared Error (RMSE) using the vali-

dation data set and selected the model parameters with the smallest RMSE

values. Next, I selected Mean Absolute Percentage Error (MAPE) to measure

the prediction accuracy of the two models. RMSE and MAPE are defined in

Section 3.4.5.

Figure 6.2 shows the scheme of the two types of input data (independent

variables) for peak-hour and off-peak periods in a day.

FIGURE 6.2: Scheme of the input data

6.4 Evaluation of Predictive Models

Figure 6.3 shows the results achieved in predicting travel time over unstable

intervals for weekdays in off-peak and peak-hour periods in a day. It can be

observed that by using two input variables in peak- hour periods and one

input variable for off-peak periods, the prediction accuracy can effectively

be improved. The results show that the ANN and SVR models in off-peak

periods achieved a prediction error of less than 9% for the inbound and the
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outbound direction, while, for the peak-hour periods, they achieved a pre-

diction error of less than 8%.

However, in our experiment for the inbound direction, the ANN model

obtained higher MAPE values for some days in off-peak periods, especially

for midday (MD), i.e. Monday 8.94%, Tuesday 8.78%, Wednesday 8.97%,

Thursday 8.40% and Friday 8.62%. At the same time, for the outbound direc-

tion, the ANN model also obtained higher MAPE values in off-peak periods,

i.e. Monday 7.79%, Tuesday 8.03%, Wednesday 7.91%, Thursday 7.88% and

Friday 8.00%.

Next, to evaluate the prediction performance, I conducted two experi-

ments. First, I compared the prediction accuracy of the ANN and SVR mod-

els to find which model shows superior prediction performance. Tables 6.1

and 6.2 show the comparison results using average MAPE for all time peri-

ods (off-peak and peak-hour periods).

TABLE 6.1: Comparison for the off-peak periods

Time

Period

Inbound Outbound

ANN SVM ANN SVM

EM 6.45% 6.49% 6.42% 6.40%

MD 8.74% 6.83% 7.92% 6.68%

EA 6.59% 6.45% 6.54% 6.29%

LN 6.84% 6.54% 7.12% 6.51%

TABLE 6.2: Comparison for the peak-hour periods

Time

Period

Inbound Outbound

ANN SVM ANN SVM

MP 6.31% 6.40% 6.16% 6.09%

LM 6.62% 6.51% 6.63% 6.35%

AP 7.43% 6.40% 6.80% 6.41%

E 6.78% 6.31% 6.87% 6.48%
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Second, I carried out two analyses to assess the sensitivity of the ANN

and SVR models to the input variables and to examine the robustness of the

two models. In the first analysis, our target is off-peak periods. Using only

one type of input data, the SVR model had 7.46% of the average MAPE value

in the late night (LN) for the inbound direction and 7.42% for the outbound

direction, and also showed 7.31% in the Midday (MD) for the outbound di-

rection. The ANN model, on the other hand, obtained 8.47% in the mid-

day (MD) for the inbound direction and 7.92% for the outbound direction.

Moreover, the ANN model also obtained 7.12% in the late night (LN) period,

which is poor prediction performance. In the second analysis, using two in-

put variables with the peak-hour periods as the target, the SVR model only

obtained 6.66 % in the evening (E) for the inbound direction and 6.74% in

the late morning (LM) for the outbound direction, while the ANN model ob-

tained 7.43% in the afternoon peak (AP) period for the inbound direction and

6.87% in the evening (E) period for the outbound direction.

6.4.1 Assessing the Significance

In order to establish whether the prediction error differs between the ANN

and SVR models, a paired sample t-test can be performed. Statistical signif-

icance is determined by looking at the p-value. The p-value gives the prob-

ability of observing the test results under the null hypothesis. However, in

this comparison the cutoff value for determining statistical significance is a

value of 0.05 or less.

The results of the comparison are shown in Tables 6.3 and 6.4. The ta-

bles include the results of the comparison of the Mean Absolute Percentage

Error (MAPE) between ANN and SVR over unstable intervals in each time

period for 5 days of prediction. First, focusing on the off-peak periods for

the inbound direction, only for one time period is the p-value less than 0.05,
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TABLE 6.3: Paired samples test for the off-peak periods

SVR

& ANN

Inbound Outbound

T-value P-value T-value P-value

Pair 1 EM -.139 .896 .079 .941

Pair 2 MD 16.777 .000 4.548 .010

Pair 3 EA -2.155 .097 10.714 .000

Pair 4 LN -1.943 .124 -2.230 .090

TABLE 6.4: Paired samples test for the peak-hour periods

SVR

& ANN

Inbound Outbound

T-value P-value T-value P-value

Pair 1 MP 2.416 .073 .426 .692

Pair 2 LM .807 .465 -.449 .677

Pair 3 AP 6.664 .003 2.923 .043

Pair 4 E .388 .718 1.366 .244

namely the midday (M) period. On the other hand, for the outbound direc-

tion there are two time periods whose p-values are less than 0.05, namely

the midday (M) and early afternoon (EA) periods. Next, in the peak hours,

for the inbound and the outbound directions there is only one-time period,

namely afternoon peak (AP) whose p-value is less than 0.05. As all results

indicate, there is no significant difference between the two models.

6.4.2 Summary

I discussed the two prediction models for travel times over each unstable in-

terval between adjacent bus stops considering eight time periods in a day.

I built the two models (ANN and SVR) using real bus probe data. Before

building the models, I conducted an exploratory analysis of the variability

of travel time over each interval, and classified all intervals into stable and

unstable ones. Next, focusing on the unstable intervals, I confirmed the vari-

ability of the travel time over each interval among the eight time periods in
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a day, the variability in the same time period between weekdays, and the

correlation of travel time between adjacent time periods in a day.

From the results, I proposed a method which uses two input variables

selectively with a distinction between peak-hour periods and off-peak pe-

riods, considering the traffic characteristics over unstable intervals. Then,

I evaluated the prediction performance of the two models in off-peak and

peak-hour periods. Both of the two models showed an acceptable prediction

performance for both types of periods. Although the SVR model had better

prediction results than the ANN model in most of the time periods, there was

no significant difference between the two models.
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Chapter 7

Assessing the Performance of the

Prediction Models

7.1 Introduction

In this chapter, I evaluate the performance of the models by conducting sev-

eral comparison experiments. First, I conducted a comparison experiment

between our proposed model and the model in a previous study [74]. Sec-

ond, I compare the proposed method with the model in our previous study

[5]. The aims of this section are to assess the performance of and signifi-

cant differences between prediction models without attempting to identify a

"true" or "best" model.

7.2 Comparison between the Proposed Model and

Another Model

7.2.1 Experiment Setup

The performance of prediction models can be assessed using a variety of dif-

ferent methods and metrics. An alternative approach to identifying the rele-

vance of the input variables and to exploring the impact of individual input

variables on the model is to use comparison techniques. Therefore, to assess
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the prediction performance of the model, I compared our model with a model

proposed by Swardo et al. [74], which was developed as an ARIMA model.

In addition, to predict travel time they only used average travel time data

obtained from the preceding several days. I call their model a HATT-based

Model.

I conducted experiments to compare our model with the HATT-based

Model on their travel time prediction performance over each unstable in-

terval without considering other factors, such as weather, road and traffic

conditions. The prediction is performed for seven time periods in a day:

morning peak (MP), late morning (LM), midday (MD), early afternoon (EA),

afternoon peak (AP), evening (E) and late night (LN).

When conducting these model experiments, I used time series data cover-

ing 20 days and in which there are eight-time periods in each day to predict

each of the eight time periods in a day listed above . Also, for both mod-

els, I conducted the experiment using the ANN method from the MATLAB

software, specifically choosing the nonlinear autoregressive network with ex-

ogenous input (NARX), which is known as NARX recurrent neural network.

When building both models, I used a multilayer perceptron (MLP) with a

single hidden layer to approximate any bounded continuous functions. The

hidden units enable the MLP to learn complex tasks and meaningful features

from the input/output relationship, and I conducted the MLP training using

the Levenberg-Marquardt algorithm. To measure training data for both the

models, I used Mean Squared Error (MSE) in training and testing. The neu-

ral network model with the smallest MSE value is considered to be the best

model. The MSE is defined as follows:

MSE =
∑n

i=1(yi − ÿi)
2

n
, (7.1)

where yi and ÿi are the ith observed and the predicted values, and n is the
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number of observations. Starting from this performance criterion, the opti-

mized NARX is obtained and used to perform the prediction of travel time

in each time period of the day for both models. The experimental process for

both models is as follows:

1. Preparation of training data.

In the training phase for the model proposed here, I use two types of

input data (input variables): DATT and HATT, where DATT represents

the past exogenous values, x(t), and HATT represents the past values,

y(t). The input variables of the proposed model are described in Fig-

ure 5.4 in Section 5.3.2. By contrast, for the HATT-based model, I just

use one input variable, i.e HATT, which represents both x(t) and y(t) as

shown in Figure 7.1.

FIGURE 7.1: Variable input for the previous model

Next, both models in the first prediction step use 14 days of time series

data for training, 1 day of data for validation and 1 day from 5 days

of data for final testing. During the training data phase between the

second and the fifth iteration of prediction, I add to the training data

the validation data used in the previous iteration, and use the test data

in the previous iteration process as the validation data in the current
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iteration process as shown in Figure 6.1. In this way, the length of the

training data increases by one day in each iteration. I use the MAT-

LAB software in the neural network toolbox to process them. Figure

5.4 shows how to process training data in each iteration of the predic-

tion.

2. Configuring the network architecture.

I select the Narxnet network architecture (narxnet) defaults: the num-

ber of hidden neurons (hiddenSizes) is 10, row vector of increasing 0 or

positive delays (inputDelays and f eedbackDelays) = 1:2, and training

function (trainFcn) = ′trainlm′. The aim is for the networks to learn to

predict one step ahead in the time series of travel times, given the past

values DATT and HATT.

3. Training and validation.

In the training network of both models, I use the Levenberg-Marquardt

algorithm in MATLAB trainlm. To minimize over-fitting in the training

process after every n epoch, I perform validation using the validation

data, calculate MSE as defined in equation 7.1, and select a small value

of the MSE. This is not to adjust the weights of the network model,

but just to verify whether there is any increase in accuracy during the

training. Next, I select the network which takes the minimum error

using the evaluation set to make predictions on the test set for the next

step.

4. Conversion of the NARX architecture.

The series-parallel NARX architecture is converted from an open to

closed configuration by removing delays. Training and validation in

step 3 are repeated by the SP NARX architecture. If the difference in

MSE between the output and the target (HATT) becomes smaller than



7.2. Comparison between the Proposed Model and Another Model 83

a threshold, the process will go to step 5, but if the MSE takes on a

large value, the process will go back to step 3 and repeat the training

algorithm.

5. Testing.

Because the relationship between past and future values of the network

architecture does not change (narxnet default) [25], the testing model is

designed directly from data. Thus, the system performance is tested

using 5 days of data which have not been used in the training or vali-

dating phases.

6. Final phase (Prediction).

I calculate the Mean Absolute Percentage Error (MAPE) of each predic-

tion result by comparing the testing data. MAPE is defined in equation

(3.19).

7.2.2 Measuring the Performance of Both Models

Performance measurement is generally defined as regular measurement of

results, which generates reliable data on the effectiveness of the prediction

model [72]. Therefore, using Mean Absolute Percentage Error (MAPE) as

shown in Figure 7.2, I evaluate prediction performance. This comparison is

an indicator that helps us to measure change in the prediction results over

time.

From the graph as shown in Figure 7.2, for observed travel times with

non-recurrent variability in the time periods, namely morning peak (MP),

late morning (LM), afternoon peak (AP) and evening (E) for the inbound and

the outbound directions, our prediction model can achieve less than 10 %

error. In other words, our model using DATT, which denotes average travel

time in the time period right before the current one, indirectly succeeded in
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capturing unexpected events, compared with the HATT-based model, which

only captured the historical average of travel time over the past several days.

However, the HATT-based model had better prediction results for two

time periods, namely midday (MD) and late night (LN). As one might expect,

in these periods, bus travel time is normally stable due to the traffic condi-

tions. Overall, the results indicate that our model mostly obtained lower

MAPE values than the HATT-based model, in particular for in peak-hour

periods.
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7.2.3 Measuring the Significance

Next, it was necessary to conduct another experiment to examine the effec-

tive characteristics of DATT data, such as to capture the non-linear variability

of unstable intervals [4]. I compare the prediction results for all intervals. I

conducted paired sample t-tests from the SPP Software package to see if there

were any significant differences in each time period for all days between our

model (proposed) and the HATT-based model.

As shown in Table 7.1, the results obtained for the inbound and outbound

directions show that there are significant differences between our model and

the HATT-based model.
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TABLE 7.1: Paired sample tests between proposed and HATT-
based models

Comparison
Inbound Outbound

T-value P-value T-value P-value

Pair 1 MP -23.079 .000 -4.912 .008

Pair 2 LM -9.255 .001 -2.782 .050

Pair 3 MD 6.152 .004 3.937 .017

Pair 4 EA -13.230 .000 -12.180 .000

Pair 5 AP -29.936 .000 -10.207 .001

Pair 6 E -28.476 .000 -7.774 .001

Pair 7 LN 15.043 .000 .917 .411

For the inbound direction in each time period for all days, the p-value is

less than 0.05, which means that there are significant differences between the

models. Furthermore, for the outbound direction, there are two time periods,

namely late morning (LM) on Tuesday and late night (LN) on Wednesday,

when the p-values are greater than 0.05. For other outbound time periods,

the p-values are less than 0.05.

In general, these observations agree with results from other studies indi-

cating that ANN models have the ability to capture the complex non-linear

relationship between travel time and the independent variables [35].

7.3 Comparison between the Proposed Model and

that in Our Previous Study

7.3.1 Experiment Setup

In order to discover the characteristics of the training data in our previous

study [5], I conducted further experiments predicting travel time for each

time period in both the inbound and outbound directions according to the
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training model in our previous study. Since the SVR model had the best per-

formance in this study, I repeated the experiments five times as I conducted

the experiments in Section 5.3.2.

To make a fair comparison between those earlier results and those from

the current study, I conducted experiments on our previous model using

time-series data for 20 days; each day is divided into eight time periods and

I made predictions for seven of those time periods. Next, I conducted experi-

ments using WEKA version 3.8 as described in Section 5.3. RBF was selected

as the kernel function, and the parameters were C : 1.0, ε : 1.0E-12, and ε pa-

rameter tolerance: 0.001. In the training phase, I also used two sets of input

data: DATT and HATT, for each of the two models, as described in Section

5.3.2.

In the first prediction step, I used 14 days of data as training data, 1 day

of data as validation data, and 1 day of data as testing data. I prepared 5

days of data as testing data and selected 1 day’s data from among them in

each iteration without duplication. In the training process, predicted results

were evaluated by RMSE, conducting out-of-sample prediction with valida-

tion data; when the RMSE value fell below the threshold, the training was

stopped to avoid over-training. I repeated all the above steps five times, se-

lecting another 1 day of data from the 5 days of test data.

In the next iteration step, I added the validation data in the previous itera-

tion step into the training data and used the test data in the previous iteration

step as the validation data. Thus, the quantity of training data increased by

one day’s worth of data in each iteration step. The iteration of the prediction

model is shown in Figure 7.3. Unlike our previous study [5], this procedure

does not add in the prediction result of the current step, but adds the valida-

tion data in the current step into the training data in the next step.

Further, I investigated if just adding the validation data used in the pre-

vious step into training data in the current step has any effect. To this end,
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FIGURE 7.3: Training data and prediction iteration

instead of just adding the validation data, I implemented a moving window

model such that the length of training data remains the same 14 days in each

iteration. This model changes the training data by moving one day forward

at each iteration so that each data set has the same number of days of training

data, namely 14. Accordingly, the validation data in the previous step was

added into the training data in the current step, but the earliest day’s data in

the training data in the previous step was removed.

In summary, the difference between the proposed models in this study

and the model proposed in our previous study [5] is that the previous study

model just adds both the predicted result and the validation data in the pre-

vious step into the training data in the current step, but the proposed model

in this study replaces the earliest day’s data in the training data with the val-

idation data in the current step for the next step using the moving window

model. Figure 6.1 illustrates the experimental procedure of the proposed

model in the training process.
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7.3.2 Measuring the Performance of Both Models

DM note: the two figures in Fig 7.4 have the same label “Prediction Error for

Inbound Direction” at the top. The bottom one of these should read “...Out-

bound...”.

First, I observed the prediction results for five days to ascertain whether

the training data has any significant effect. For the inbound direction on

Monday in morning peak (MP), late morning (LM), early afternoon (EA), af-

ternoon peak (AP) and evening (E) the proposed model obtained the lowest

prediction error of approximately 8.94% and on Wednesday in morning peak

(MP), midday (MD), early afternoon (EA), afternoon peak (AP) and evening

(E)the proposed model obtained the lowest prediction error of approximately

9.03%. Next on Tuesday, Thursday and Friday always in the early afternoon

(EA) the ANN model obtained the lowest prediction errors of approximately

6.94%, 6.57% and 6.31%, respectively. For the outbound direction, The RF

model obtained the lowest prediction error for midday (MD) on Monday

of approximately 5.46%, and the SVR model was next, obtaining the low-

est prediction error for several days, namely Tuesday in morning peak (MP),

Wednesday in afternoon peak (AP), Thursday in morning peak (MP) and Fri-

day in late morning (LM), with values of approximately 5.55%, 7.37%, 5.02%

and 6.69%, respectively.

The observations indicate that there is no significant difference in the dis-

tribution of MAPE among the three models. However, it can be clearly seen

for the inbound direction that the ANN model outperformed the SVR and

RF models for the prediction of travel time over several days, especially in

time periods with recurrent variability i.e., early afternoon (EA). On the other

hand, for the inbound and outbound directions the SVR and RF models give

better prediction results compared to the ANN model in predicting travel

time in time periods with non-recurrent variability i.e., in morning peak
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(MP), afternoon peak (AP) and evening (E). Recurrent and non-recurrent

variability of travel time were observed as described in Section 4.5.2.

For the second measurement, I compared the results achieved by our pro-

posed model and previous model using average MAPE values. The exper-

imental results shown in Figure 7.4 illustrate that our proposed model ob-

tained lower MAPE results than our previous model, except for the two time

periods i.e., midday (MD) and late night (LN) for the inbound direction and

midday (MD) for the outbound direction. In addition, when focusing on the

time periods with non-recurrent properties, morning peak (MP), late morn-

ing (LM), afternoon peak (AP), and evening (E), for the inbound and the

outbound directions our proposed model outperformed the previous model.

Next, I conducted a t-test from the SPSS software package to see if there

are any significant differences between the prediction results. In this proce-

dure, using a paired samples t-test, I compared the means of MAPE values

between the proposed model and previous model in each time period for all

days.

TABLE 7.2: Paired sample test between the proposed and pre-
vious models

Proposed vs

Previous

Inbound Outbound

T-value P-value T-value P-value

Pair 1 MP -8.427 .001 -7.829 .001

Pair 2 LM -.647 .553 -2.367 .077

Pair 3 MD 1.113 .328 1.633 .178

Pair 4 EA -13.083 .000 -3.270 .031

Pair 5 AP -3.847 .018 -3.924 .017

Pair 6 E -7.039 .002 -3.567 .023

Pair 7 LN 6.057 .004 -.270 .801

Table 7.2 shows that there are significant differences between the pro-

posed and previous models. In the inbound direction significant differences

are found in five time periods, namely morning peak (MP), early afternoon
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(EA), afternoon peak (AP), evening (E) and late night (LN). For the outbound

direction, there are four such time periods i.e., morning peak (MP), early af-

ternoon (EA), afternoon peak (AP) and evening (E). The above results show

that the proposed model in this study outperformed our previous model and

that there are significant differences between them.

7.4 Summary

It is a challenge to predict the bus travel time over each unstable interval

between adjacent bus stops accurately, since the variability of the bus travel

time has its source in regular variations (recurrent), such as day-to-day varia-

tion, and irregular variations (non-recurrent), such as incidents and random

variations. Therefore, I conducted two comparison experiments.

First, I determined the impact of using two input variables in our model,

namely HATT and DATT. I conducted an experimental comparison between

our model and the model proposed by Swardo et al. [74] that only uses HATT

as an input variable. Experimental results show that our model provided

promising performance in predicting travel time over unstable intervals com-

pared to the method which only uses the HATT data. The results also indi-

cated that our model accurately and dynamically predicted travel time over

unstable intervals in each time period in a day. This means that bus travel

time can be reasonably estimated when using both DATT and HATT data for

unstable intervals with recurrent or non-recurrent variability.

Second, in order to grasp the characteristics of the training data in our

previous study [5], I conducted other experiments to predict travel time in

each time period for the inbound and the outbound directions according to

the training model in our previous study. Since the SVR model had the best

performance in this study, I repeated the experiments five times as described
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in Section 5.3.2. Experimental results showed that our proposed model pro-

vided promising performance in predicting travel time over unstable inter-

vals compared to our previous model [5].

In general, the results indicated that our model accurately and dynami-

cally predicted travel time over unstable intervals in each time period in a

day especially in time periods with irregular (non-recurrent) variability in

travel time. This means that bus travel time can be reasonably estimated

using both DATT and HATT data together over unstable intervals.
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Chapter 8

Conclusion and Future Work

8.1 Conclusion

8.1.1 Results and Findings

In this study, bus travel time prediction models were developed using histor-

ical bus travel time information. The existing bus travel/arrival time predic-

tion models were studied to decide their limitations. As a result, this study

used a heterogeneous (variability) approach to traffic conditions to predict

bus travel time over each unstable interval between adjacent bus stops. In

the study, I conducted several analyzes of heterogeneous traffic conditions

using probe data to understand the real conditions of travel time. In this

way, the ability of the models to capture the temporal variations in bus travel

time was also determined.

I carried out an exploratory analysis of the travel time variability over

each interval between adjacent bus stops on all of the routes to identify key

characteristics of travel time. The aim was to generate data having the prop-

erties of the observed historical travel time data. This study began the trans-

formation of the historical travel time into time series data by separating

components and individually analyzing them to understand the causal mech-

anisms behind different components that determine the travel time over each

interval between adjacent bus stops. Then, I classified the average travel time
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in each of eight time periods in a day over days and calculated the average

standard deviation of the average travel time over intervals and the standard

deviation of the standard deviation of the average travel time over intervals,

finally classifying bus travel time over intervals into two categories: stable

and unstable.

In the second part of the data analysis, I verified the daily variance of

travel time over unstable intervals using a statistical model. In this analysis,

I first confirmed that the characteristics of travel time between adjacent bus

stops may vary between time periods in a day. Second, I confirmed that

the daily variance in travel time tends to be recurrent or non-recurrent, and

third, that there are strong correlations of travel time between time periods in

a day. These results are in fact the significant factors that influence bus travel

time over each unstable interval between adjacent bus stops. Therefore, I

employed two types of input data: dynamic average travel time (DATT) in

the time period right before the current one and historical average travel time

(HATT) in the same time periods over the past several days to build our

prediction model of travel time over unstable intervals.

Next, the regular and irregular variability (recurring and non-recurrent

patterns) of bus travel time were modeled basically using time series meth-

ods based on Artificial Neural Network (ANN), Support Vector Machine Re-

gression (SVR) and Random Forest (RF). In general, the results of the three

models showed acceptable performance and a reasonable error range in pre-

dicting the travel time over each unstable interval. However, in a comparison

of the models, it can be clearly seen for the inbound direction that the ANN

model outperformed the SVR and RF models for the prediction of travel time

on several days, especially in the time periods with recurrent variability like

early afternoon (EA). On the other hand, for the inbound and outbound di-

rections, the SVR and RF models give better prediction results than the ANN
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model in predicting travel time in time periods with non-recurrent variabil-

ity, namely morning peak (MP), afternoon peak (AP) and evening (E).

Since existing stochastic models have not explicitly considered the char-

acteristics of travel time variability between off-peak and peak-hour periods,

this study also addresses the problem of predicting bus travel time over un-

stable intervals influenced by heterogeneous factors between time periods

in a day and day to day. Models were built using two types of machine

learning techniques, the ANN and SVR methods. In these models, to predict

travel time over each unstable interval, I used two schemes, namely to pre-

dict travel time in the off-peak periods, using only one input variable: HATT,

while using two input variables, DATT and HATT, for peak hour periods.

The results were achieved by predicting travel time over unstable intervals

both in the peak hours and in the off-peak periods of weekdays. It is ob-

served that, by using two input variables for peak-hour periods and one in-

put variable for off-peak periods, the prediction accuracy can be effectively

improved. The results show that the ANN and SVR models capture the pe-

riodic variations during peak-hour periods.

8.1.2 Research Contribution

The objective of this research was to develop a travel time prediction algo-

rithm with a focus on unstable intervals between adjacent bus stops. The

case study conducted in this research includes travel time variability. Thus,

this research conducted a three-stage exploratory analysis of travel time vari-

ability before building a prediction model.

First, the daily average of travel time for a month was observed, and it be-

came clear that the average travel time may vary by up to 100% between time

periods in a day and over days. Using the average standard deviation of the

average travel time over intervals and the standard deviation of the standard



98 Chapter 8. Conclusion and Future Work

deviation of the average travel time over intervals, I succeeded in classifying

all intervals into stable and unstable ones. Then, I further subdivided each

of the two types into three sub-classes: weak, medium and strong. This is

an important contribution to research which aims to predict bus travel time

under heterogeneous conditions in the absence of data concerning variables

such as traffic and weather.

Second, focusing on each unstable interval, I confirmed the travel time

variability over days. In this stage, using statistical analysis, I compared the

average travel time over intervals for the eight time periods in a day and for

the same time periods over days. The results show that there are significant

differences between the average travel time over days and that the character-

istics of travel time over each unstable interval between adjacent bus stops

may vary between time periods in a day and over days. The analysis of com-

parisons between the same time periods over days shows the following: in

weekday peak-hour periods, namely morning peak (MP), late morning (LM),

afternoon peak (AP) and evening (E), the bus travel time may significantly

increase due to unexpected events such as heavy traffic volume, accidents,

road construction or weather; in the off-peak periods, namely early morn-

ing (EM), midday (MD), early afternoon (EA) and late night (LN), the travel

times in the same time period are fairly constant for weekdays. These results

show that the variance in travel time in peak-hour periods between days is

consistently higher. This is an important finding because it indicates that it

is insufficient to only use the variance of travel time among the eight time

periods in a day to predict the travel time.

Finally, about the correlation of travel time between adjacent time periods

in a day over days, the results show that there are strong or moderate corre-

lations of the average travel time over each unstable interval between time

periods in a day, in particular when two time periods are near to each other.

This is also an important finding indicating that travel times in the previous
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time periods are a useful factor in predicting travel times in the later time

periods and in building a predictive model for travel times.

Furthermore, from the results, I proposed a method which built nonlinear

dynamical models to predict bus travel time over each unstable interval be-

tween adjacent bus stops in a day. The inclusion of the travel time variability

into the prediction model is an important contribution to the research efforts

to predict bus travel times.

A significant attempt has been made in this research to explain the phe-

nomenon of travel time variability included in the travel time prediction

model in the absence of traffic condition data and weather data. It was shown

that the proposed model was able to produce significant improvements in

accurately predicting bus travel time over each unstable interval under het-

erogeneous conditions. This means that bus travel time can be reasonably

estimated over each unstable interval using both DATT and HATT data to-

gether. Next, for the second model, which uses the input variables selectively

with a distinction between off-peak and peak-hour periods, the prediction

performance of the model showed an acceptable prediction performance.

8.2 Recommendations for Future Research

As with any data mining techniques, this study could benefit from a larger

sample size of historical travel times. The observational sample size require-

ments were fulfilled, but a larger sample size could be used for each of the

analyses performed. This could include more data about the speed of buses,

dwell time, traffic conditions and weather on the road. The models used

in this thesis should be easily implementable for other conditions where the

prediction of bus travel time is implemented.

In addition, a larger sample size of historical travel times can obviously

increase the accuracy of the analysis of the travel time characteristics. The
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literature review showed that a larger sample size creates an opportunity to

use more complex processes to obtain better estimates of the probabilities.

Further building on this study, future research should also be conducted

during different peak-hour periods in a day over intervals between two adja-

cent bus stops, or be expanded to consider different characteristics between

routes in urban areas and those in rural areas. Information concerning the

dwell time of buses at bus stops should also be taken into account by further

analysis, including through study using non-linear regression before mak-

ing a travel time prediction model. Such results will provide a more robust

understanding of what occurs between bus stops, between time periods in a

day and the variance between buses in dwell time at bus stops.
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