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ABSTRACT

An accurate and reliable arrival time prediction of buses to the next bus stops is a valu-
able tool for both passengers and operators. Existing studies have some limitations in
bus travel time prediction. They focus little on three aspects such as heterogeneous
traffic flow conditions, dwell time prediction and interpretation of explanatory vari-
ables. Consequently, we break down the prediction problem into sub-models for run-
ning times and dwell time prediction and incorporate a feature engineering framework
that generates features related to the running bus, the prediction day, and immediate
and long historical time variations to capture heterogeneous traffic conditions. We pro-
pose a multi-model stacked generalisation ensemble model by leveraging the advan-
tages of best-performing models in homogeneous conditions such as Extreme Gradient
Boosting (XGBoost) and convolutional long short-term memory (ConvLSTM) mod-
els. It outperformed the state-of-the-art models by 11% in mean absolute error (MAE)
on average. It can predict extreme conditions in bus journeys more accurately.

Nevertheless, the input data for the machine learning model should be the histor-
ical travel times of the route. We proposed two simple novel algorithms to extract
bus trips and match bus stop sequences towards extracting dwell times and running
times from the raw crude GPS data generated at a medium sampling frequency of 15
seconds. Those algorithms incorporate various challenges like non-uniformity, poor
network coverage, discontinuities in streaming and skipping of bus stops. In addition,
we attempted to interpret the feature importance of the generated features. We found
insights like driver behaviour and the immediately preceding dwell time influence the
stopping pattern and the prediction model, which pave the way for strategic manage-
ment by authorities.

Keywords: Bus travel time prediction, Machine learning, Multi-model ensemble, Ensemble

Learning, GPS data processing, Heterogeneous traffic



vi



TABLE OF CONTENTS

Declaration of the Candidate & Supervisor i
Acknowledgement i
Abstract v
Table of Contents vii
List of Figures X
List of Tables xi
List of Abbreviations xi
1 Introduction 1
1.1  Background 1

1.2 Motivation 2

1.3 Objectives 3

1.4 Research Contributions 4

1.5 Thesis Structure 5

2 Literature Review 7
2.1 Approaches developed to predict bus arrival times in homogeneous traffic 7
2.1.1 Historical averaging and Statistical models 8

2.1.2  Machine Learning based models 8

2.1.3 Hybrid models and Ensemble models 9

2.2 Related Works on Multi-model approach 10

2.3 Related Works in heterogeneous conditions for bus travel time prediction 10

2.4  Works on GPS data processing to extract travel times 11

2.5 Summary of the limitations in the previous studies 13

3 Methodology 15
3.1 Theoretical background 15
3.1.1 ConvLSTM 16

3.1.2  XGBoost 17

3.1.3  Stacked Generalization 17

vii



3.2 Model development
3.2.1 Running time prediction model
3.2.2 Dwell time prediction model
3.3 Feature engineering
3.4 Feature important analysis
Data
4.1 Data collection
4.2 GPS data processing framework
4.3 Bus trip extraction
4.4 Bus stop sequence matching
4.5 Outlier treatment
4.6 Summary of the processed data
Experiments
5.1 Train, test data splitting
5.2 Model implementations
5.3 Baseline models for comparison
5.4 Evaluation metrics
Results and Analysis
6.1 Performance comparison analysis of the proposed model
6.2 Interpretation of feature importance and analysis
Conclusions and Future works
7.1 Conclusions

7.2 Future works

References

viii

18
18
19
19
20
23
23
24
24
26
28
29
31
31
31
32
32
35
35
37
41
41
42
43



LIST OF FIGURES

Figure

Figure 1.1

Figure 2.1

Figure 3.1

Figure 3.2

Figure 3.3

Figure 3.4
Figure 4.1

Figure 4.2

Figure 4.3

Figure 4.4

Figure 4.5

Figure 4.6

Figure 6.1

Figure 6.2

Figure 6.3

Figure 6.4

Figure 6.5

Description

An Overview of the problem definition showing predicting arrival times
to next bus stop in real-time

Evolution of the data-driven models developed for bus travel time pre-
diction

High-level architecture of the proposed multi-model ensemble approach
in predicting bus arrival times

The structure of the ConvLSTM cell where convolution layers (shown
in green colour) are internally inserted into an LSTM cell

Structure of a sample stacking generalisation model with base models
and meta-learner

Shape of the input data as 4-D Tensor for ConvLSTM model
Topographical view of the two bus routes (No. 654 and 690) selected
for this study

Framework for the bus GPS data processing to extract potential travel
time information

Algorithm for bus trip extraction from the raw GPS data using geomet-
ric buffer principle

Three different scenarios of GPS sensor data distribution around a bus
stop when extracting stop sequence

Box plot showing the outliers after categorizing the bus stops based on
prominence level

Spatial variations of running times across segments and dwell times
across bus stops along the bus route 654

Variation of the average predicted running times of the proposed model
and state-of-the-art models with the actual running times, at different
time horizons of a day

Actual values VS Predicted values scatter plot for dwell time prediction
model before and after adding classifier module

Horizontal bar plot showing the mean SHAP values of each feature for
dwell time prediction model

Horizontal bar plot showing the mean SHAP values of each feature for
running time prediction modell

Beeswarm plots showing Global Explanations using SHAP values for
the XGBoost Model features

iX

Page

15

17

18
18

23

24

25

26

28

29

36

37

37

38

39



Figure 6.6 SHAP Waterfall plots for explaining locally the prediction of an in-

stance each of dwell time and running time model prediction 39



LIST OF TABLES

Table

Table 3.1
Table 5.1

Table 6.1

Description

The input features and description for Running time model

Optimum hyper parameters of the XGBoost model for both the predic-
tion models for running time and dwell time

Comparison of the performance of the proposed model with other ex-

isting approaches by using error metrics

xi

Page

20

31

35



xii



LIST OF ABBREVIATIONS

Abbreviation Description

AFC
ANN
APC
ATIS
AVL
DNN
ES
ETL
GPS
GTFS
ITS
KF
kNN
LSTM
MAE
MAPE
ML
MSE
OSM
ReLU
RF
RMSE
RMSProp
RNN
SVM
XGBoost

Automatic Fare Collection
artificial neural network
Automated Passenger Counts
Advanced Travel time Information System
Automatic Vehicle Location

deep neural network

exponential smoothing

Extract Transform Load

Global Positioning Systems
General Transit Feed Specifications
Intelligent Transportation Systems
Kalman filter

k-nearest neighbor

long short-term memory

Mean absolute error

Mean absolute percentage error
Machine Learning

Mean squared error

Open Street Map

Rectified Linear Unit

Random forest

Root mean square error

Root Mean Square Propagation
Recurrent neural network

support vector machines

Extreme Gradient Boosting

Xiii



