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Abstract

The evaluation of performance of public transportation, such as bus lines for example, is a major issue for op-
erators. To be able to integrate specific and local behaviors, microscopic simulations of the lines, modelling each
buses on a daily basis, brings an actual added value in terms of precision and quality. A scientific deadlock then
appears regarding the parameterization of the simulation model. In order to be able to gather relevant performance
indicators on a potential evolution of the configuration of the line, validated and modifiable simulation models need
to be developed. This study aims at proposing a model development methodology based on a multi-agent simulation
framework and data inputs extracted by a hybrid approach combining machine learning (ML) trained on actual bus
data to predict travel times and probabilistic distributions to accurately estimate travel time variability. It also aims to
propose a two-step validation framework that exhibits the performance of the obtained model on a case study based on
actual data. The results of the proposed approach are validated by a real case study of three bus lines, including a num-
ber of simulation scenarios, to study the impacts of bus recovery time and bus control strategies on bus punctuality.
The results obtained show that proposed hybrid approach combining ML with probabilistic distributions outperforms
probabilistic distributions on average. Overall, the results show a good fit with the actual Key Performance Indicator
(KPI) used by bus operators.

Keywords: Machine learning, Microscopic simulation, Public transport, Bus punctuality, Bus travel time, Bus
holding control

1. Introduction

Nowadays, urban cities face multiple challenges, ranging from rapidly increasing population to increasing number
of motorized vehicles and traffic congestion [1]. In order to reduce traffic congestion, and therefore its negative
impacts, cities around the world are trying to shift personal traffic to public transport [2]. Public transportation (PT),
public transit or mass transit is defined as transportation of passengers by group travel systems available for use by the
general public. It is an important part of urban life, which plays a critical and essential role for mobility in the modern
city. It is managed according to a predefined schedule and operated on established routes. The reliability of service
can be understood as a combination of: punctuality of service provided within the scheduled times and the frequency
of service of vehicles evenly spaced to accommodate passengers. In public transport, reliability is considered one of
the most critical features to assess the quality of service from the perspectives of passengers and operators. Reliability
is understood in PT as the certainty that passengers have about the level of service they will experience while travelling
[3]. Travel time and waiting time, in addition to transfer time and comfort level, experienced during the transit trip
are some of the important reliability attributes [4].

Travel time variability (TTV), also known as travel time uncertainty, is the key indicator for measuring the perfor-
mance of the transport system, can be divided into three distinct components: day-to-day variability, variability over
the course of a day and vehicle-to-vehicle variability [5]. Research emphasizes day-to-day (or inter-day) variability,
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which describes the degree of variation in travel time for a trip taking the same route over a specific period [6]. Proba-
bilistic distributions are capable of describing the nature and the pattern of travel time variability. Understanding travel
time distributions and their components is a prerequisite for reliability analysis. Various studies have made consider-
able effort in fitting travel times with different types of distributions, such as normal [7], lognormal [8; 9; 10; 11; 12],
gamma [13; 14], Weibull [15], Burr [16; 17], Generalized extreme value (GEV) distribution [18], Gaussian Mixture
Model [19] were proposed. Such modelling aimed to find the best statistical distribution to describe and explain the
shape and the pattern of TTV, because a distribution fitted to travel time values could illustrate a more comprehensive
nature of the TTV [20].

Limiting transit delays is at the core of control metrics for the public transport operators, limiting these delays will
help to maintain an appropriate quality of service with reasonable certainty. Delays can be caused by multiple factors:
traffic congestion, passenger boarding, road delays and certain events like traffic accidents, etc... Historically, many
researchers have adopted various methods for predicting the estimated time of arrival of buses, these methods can
be divided into several groups: historical and real-time approaches, Kalman filtering approaches, statistical methods
and ML techniques [21]. In practice, the performance indicators are often estimated in a purely statistical way by
practitioners over several months or years of data. This method provides a relatively coherent image of the past
behaviour of the bus lines with low modelling effort and computation cost, but does not allow to evaluate these
indicators in different "what if?" scenarios (e.g. roadworks, new traffic priorities, etc.).

Another problem that the bus operators face is bus bunching. Bus bunching refers to the phenomenon where a
group of two or more buses arrives at the same bus stop at the same time. It is a long-standing operational problem
in urban public transport systems, and it is a major issue that concerns transit users and affects our perception of
service reliability and efficiency [22]. This indicator is completely impossible to compute in a purely statistical way,
as it relates to single bus travels, their history (delays) and the buses ahead and behind [23; 24; 25; 26]. Microscopic
simulations are one of the most promising way to be able to tackle these kind of problems.

To deal with the challenges noted earlier, bus operators need efficient microscopic bus lines simulation models to
evaluate the performance indicators of the current lines and forecast indicators on potential evolutions of these lines.
To do so, the first requirement is to be able to model the current situation in a coherent way and validate the results
it provides. In this study, we aim to validate public transport simulation framework, including simulated travel times
and bus punctuality, with the available actual data. The focus is on retrieving simulation parameters that best match
the actual data, particularly bus punctuality which is strongly related to bus travel time. A classical approach is to
perform the simulation with scheduled travel times, for example from General Transit Feed Specification (GTFES)
data. However these travel times are too theoretical and may differ greatly from observed travel times. We therefore
propose to replace theoretical travel times with travel times extracted from actual data. An alternative is to use
probabilistic distributions to estimate the actual travel time variability to feed PT simulation framework. We propose
an effective ML technique along with probabilistic distributions, with aim of providing the simulation framework with
more accurate travel times than those estimated with probabilistic distributions.

In this paper, we suggest a model development methodology based on a multi-agent simulation framework and data
inputs extracted by a hybrid approach combining ML trained on actual bus data to predict travel times and probabilistic
distributions to accurately estimate travel time variability. We also propose a two-step validation framework that
exhibits the performance of the obtained model on a case study based on actual data provided by an operator. A first
contribution of this paper is to propose effective ML techniques to predict the travel time in a real scenario, so as
to bypass the computational efforts in the simulation platform to mimic congestion. A second contribution of this
work is to couple ML and public transport simulation model in the same framework, which to our knowledge is rarely
implemented.

The remainder of this article is structured as follows: Section 2 reviews related literature including ML models
and their application for bus travel prediction, as well as simulation models with emphasis on traffic models. Section
3 provides an overview of the proposed ML-based microscopic simulation framework and then details each of the
layers of the framework. Additionally, the two-step validation framework to assess the performance of the proposed
ML-based simulation model will be presented in detail. A case study scenario will be given in Section 4. In Section
5, the simulation results will be analyzed and validated based on a set of performance indicators. A discussion of the
analyses presented is in Section 6 and some concluding remarks in Section 7.

2



69

70

ul

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

2. Literature Review

Over the past decade, the problem of bus travel time prediction has received wide attention. In this section, we first
review related works, which can be categorized into prediction of bus arrival time and bus travel time. Furthermore,
we present a number of traffic simulation frameworks and studies that attempt coupling ML with simulation models,
as well as the contributions of this work.

2.1. Bus Arrival Time Prediction

Estimated Time of Arrival (ETA), also known as expected time of arrival, is the time at which a transportation
system is expected to arrive at its destination. The term has long been used in aviation and maritime transport, but also
increasingly in road transport. Various methods have been adopted by researchers to predict the expected arrival time
of buses, these methods can be grouped as follows: 1) historical approaches predict the travel time at a given time
as the average travel time for the same period on different days [27; 28; 29; 30]; 2) real time approach predicts that
the next time interval travel time will be the same as the current travel time [21]; 3) regression models are classical
approaches for predicting travel time and predicting a dependent variable based on a function formed by a set of
independent variables [29; 30; 31; 32]; 4) Kalman filter is a popular tool for the recursive estimation of variables
that characterize a system, it is a model-based estimation scheme that takes into account the stochastic properties of
process disturbance and the measurement noise [31; 33; 34; 35; 36]; 5) ML techniques have been widely reported for
traffic and travel time prediction [33; 37; 38; 39; 40].

2.2. ML for Bus Arrival and Travel Time Prediction

In past decades, ML models have been widely applied in the transportation field, due to their ability to solve
complex problems and extract patterns. However, ML approaches are data-driven techniques, requiring a large data
set and high computation time. Many applications of traditional ML methods have been implemented to predict traffic
data [41; 42; 43; 44] and traffic congestion [45; 46], reinforcement learning approaches have been incorporated into
traffic control systems [47; 48], while the models of neural network and deep learning have been widely reported,
including traffic flow prediction [49; 50; 51; 52], travel demand forecasting [53; 54; 55; 56; 57], traffic signal control
[58; 59], driving behavior analysis [60; 61] and autonomous driving applications [62; 63].

Bus Arrival Time Prediction. ML models based on neural network (NN), tree-based, Support Vector Machine (SVM)
and regression have been proposed for bus arrival time prediction. Chien et al. [33] proposed two artificial neural
networks to address the dynamic bus arrival time prediction problem. Predicted travel times are then assessed with a
microscopic simulation model, calibrated and validated with real-world data. Pan et al. [64] introduced a self-learning
algorithm based on a back-propagation neural network for predicting bus arrival time based on historical data. Li et al.
[65] proposed a random forest-based approach for bus arrival time prediction, using travel data from the Beijing city
bus network. Yin et al. [66] proposed a model for prediction bus arrival time at stops with multiple routes using the
Support Vector Machine algorithm. Yu et al. [67] has applied several ML algorithms including: SVM, NN, k-nearest
neighbours algorithm (kNN) and linear regression (LR), to predict bus arrival time at bus stop with multiple routes.
In another work, Shalit et al. [68] introduced a supervised ML method for predicting passengers’ boarding stops.
Some of the above mentioned methods are used in a hybrid manner. Yang et al. [39] implemented an approach
in which SVM with Genetic Algorithm (GA) were used to predict bus arrival time, using different features including:
road length, weather conditions and travel speed. Chen et al. [69] presented a dynamic bus arrival time prediction
model based on real-world data. The model consists of: 1) An artificial neural network (ANN) model to predict the
bus travel time between two stops; 2) A Kalman filter-based dynamic algorithm to adjust the arrival time prediction
using the bus location information down to the minute. In another work, Zhang et al. [70] proposed a method called
CK-means (K-means Clustering) to predict the arrival time of buses using real time online bus locations. The K-means
clustering method is used to aggregate historical traffic data and calibrate the operating status of the road section.



12

13

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

Bus Travel Time Prediction. Many studies based on deep learning (DL), SVM and tree-based models have been
devoted for predicting bus travel time. Chen et al. [71] applied a deep learning method with a back-propagation
neural network to predict bus travel time. The proposed approach was then validated with real traffic data. In another
work, He et al. [72] used a DL model to predict bus travel time by taking into account passenger’s riding time across
multiple bus trips and waiting time at transfer bus stops. To do this, the entire journey is partitioned into bus riding
components and waiting components, each of the components is predicted separately and the results are merged to
obtain the final bus travel time. Junyou et al. [73] applied the SVM algorithm for bus travel time prediction. In another
work, Yu et al. [74] predicted bus travel time using random forests based on near neighbors (RFNN). To predict the
bus travel time between adjacent bus stops, the proposed model takes as input the bus dwell time of the current stop
and the current traffic conditions on the predicted route segment and next segments. Recently, Ashwini et al. [75]
proposed a comparative study of number of linear and non-linear models including: LR, Support Vector Regression
(SVR), Regression Trees (RTs) and Random Forest Regression, to identify a suitable model for travel time prediction.
In another work, Serin et al. [76] applied and compared a number of ML methods, including tree-based regression
algorithms and SVR, to predict bus travel time.

In some works, ML methods combined with Kalman filtering-based algorithm were proposed. Bai et al. [77]
proposed a dynamic travel time prediction model for buses dealing with on-road cases with multiple bus routes, based
on SVMs and Kalman filtering-based algorithm. The SVM model predicts baseline travel times from historical bus
trip data. Travel times can then be adjusted using a Kalman filtering-based algorithm, based on the latest information
on bus operations and baseline travel times. In another work, Kumar et al. [78] proposed an approach based on kNN
classifier and model-based Kalman filtering for real-time bus travel time prediction.

Transit Delay Prediction. Many works focused on predicting transit travel delay. Shoman et al. [79] proposed a
deep learning-based framework to predict bus delays at the network level, in which the framework is fed by large,
heterogeneous bus transit data (GTFS) and vehicle probe data. Wu et al. [80] proposed a Random Forest based
approach to forecast multi-scenario train delays.

2.3. Traffic Simulation Models

Traffic simulation can be defined as the mathematical model of transportation systems, implemented through
the application of dedicated computer software. Traffic simulators can be divided according to the level of details
provided into: microscopic and macroscopic approaches. Microscopic traffic simulator focuses on the movement of
each individual entity in the system. It provides a detailed picture of each individual vehicle including: location, time
and speed [81]. Microscopic models are very effective in assessing heavily congested conditions. On the other hand,
these traffic models are time-consuming, costly, and can be difficult to calibrate. Macroscopic traffic simulators are
based on deterministic relationships of flow, speed and density of traffic flow [82]. They were originally developed to
model traffic in distinct transportation sub-networks, such as freeways and rural highways.

Open-Source Simulation Models. Over the past decades, a number of traffic simulation frameworks have been devel-
oped. TRANSIMS developed at Los Alamos National Laboratory (USA) is an integrated set of tools for performing
the analysis of a regional transportation system based on a cellular automata microscopic simulation model. It models
individual travelers and their multi-modal transportation based on synthetic populations and their activities. TRAN-
SIMS represents time in a consistent and continuous way, as well as detailed persons and households [83]. MIT
(Massachusetts Institute of Technology) developed MITSIMLab, an open-source microscopic traffic simulator that
evaluates the impacts of alternative traffic management systems, public transport operations and various Intelligent
Transportation Systems (ITS) strategies at the operational level and helps in their further refinement. In order to cap-
ture the sensitivity of traffic flows to control and routing strategies, the traffic and network components are detailed
in MITSIM [84]. MATSim (Multi-Agent Transport Simulation) developed by ETH Zurich, has in the recent years
become a major open-source framework, used to implement large-scale agent-based transport simulations, in which a
large number of synthetic persons (so-called “agents”) are simulated. Designed as a framework for large-scale scenar-
ios, MATSim is highly modular, allowing for a very high level of customization [85]. SUMO (Simulation of Urban
MObility) was developed at the German Aerospace Centre. It is a microscopic multimodal traffic simulator capable
of simulating different types of traffic data, in which vehicles, public transport and persons are modeled explicitly. It
can provide a nice visual and understandable output for future tests and analysis SUMO [81]. Leblond et al. [86]
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proposed Starling, an agent-based simulation software. It was developed as a generic framework to deal with spatial
issues of territories. The simulation framework is designed to evaluate a specific mobility service.

Commercial Models. In addition to open-source models, a number of commercial software have been implemented.
PTV Vissim, a microscopic multi-modal traffic flow simulation software package developed by PTV (Planung Trans-
port Verkehr AG) in Karlsruhe, Germany. VISSIM allows users to define a full range of vehicle types including
passenger cars, buses, trucks, rail vehicles as well as pedestrians and cyclists. It is widely used to simulate, evaluate
and validate new transport policies and control systems [87]. TransModeler, a traffic simulation platform marketed
by Caliper Corporation (USA), it is used to model traffic planning, traffic management and emergency evacuation
scenarios over a wide-area [88].

2.4. Coupling ML and Simulation Models

In recent years, several studies attempt to perform ML with simulation models. Shafizadeh et al. [89] coupled ML
including SVM and ANNS, tree-based models and statistical models with cellular automata to simulate urban growth
in the city of Tehran. Tongal et al. [90] proposed a simulation framework to explore the effectiveness of different
ML approaches in streamflow simulation for four rivers in the United States. Yan et al. [91] proposed a method of
coupling NNs and numerical models to simulate and identify areas at high risk of urban flooding and to predict the
depth of water accumulation. The outputs of the simulation models are used to feed the neural network. Chabanet et
al. [92] proposed a method based on active learning concepts to combine a computationally costly simulator with ML
classifier (kNNs), which is less computationally costly to use online but whose predictions are only approximations
of the simulator. First, the framework tries to classify the unlabeled instances with kNNs classifier, otherwise, the
simulator will be performed then. Shahhosseini et al. [93] proposed an approach to couple crop modeling, a simulation
model with ML models, to improve corn yield prediction in the US Corn Belt. The integration of simulation results
improved the yield prediction accuracy of ML models. Abdelaty et al. [94] used the simulated energy consumption
scenarios to develop four different data-driven modelling techniques.

The use of framework combining ML models and public transportation simulators remains poorly implemented.
An interesting work that addressed a similar problem to our work has been proposed by Othman et al. [95], in which a
framework integrating NN models into a PT simulation model to improve real-time supply based on multiple demand
scenarios. First, a Multi-Layer Perceptron coupled with a LR model trained on traffic data and weather information
was used to predict the type of congestion, duration of congestion and hence delayed travel times. Then, the travel
times will be fed into a simulator, in which several scenarios will be simulated.

From a general point of view, the framework proposed in [95] and our framework follow a similar pattern, in which
the actual data is trained to provide public transport simulator with more accurate travel times. The main difference
lies in the type of data used as ML input data, with traffic data in [95] and actual bus stop times extracted from AVL
(Automated Vehicle Location) data in this proposed framework, respectively. In this proposed work, the impacts of
traffic on the bus routes (including traffic congestion) are indeed included in the actual bus travel times.

2.5. Study Contributions

ML is a powerful tool, but it faces certain limitations. One of the main drawbacks is that it can be biased.
Algorithms implemented in ML are designed to look for patterns in data. If there is a bias in the data, ML algorithms
will detect and reinforce that bias. Another disadvantage is that ML can be computationally expensive, slow and
resource-intensive to train successfully, especially on large datasets. On the other hand, simulation has long been
touted as a powerful tool for understanding complex systems. By building models of how systems work, we can
better understand how they might behave in the future. However, simulation has its drawbacks. First, the simulation
is only as good as the models built. If the built models are inaccurate, the simulation performed will be inaccurate
as well. Second, simulations are only approximations. In a number of situations, simulation models are not capable
of qualifying all the variables that affect the behavior of the system. In very large and complex problems, the large
number of variables and the relationships between them makes the problem very difficult to model.

In an effort to overcome the limitations of simulation and ML models, a framework for a ML-based microscopic
simulation model is proposed, to provide more accurate and realistic simulations for public transport operators, which
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Ashwini etal. [75] | x X X A study to identify a suitable ML model for bus travel time prediction
Bai et al. [77] X X x | x | Dynamic bus travel time prediction models with multiple bus routes
Chen et al. [69] X X X Dynamic bus arrival time prediction model based on APC real-world
Chen et al. [71] X X x | ML approach to predict bus travel time validated with real traffic data
Chien et al. [33] X | X X Dynamic bus arrival time prediction with artificial neural networks
Gal et al. [96] X X | X x | x | Traveling time prediction in scheduled transportation with trip segments
He et al. [72] X X x | x | Travel-time prediction of bus journey with multiple bus trips
Jeong et al. [29] X X X Bus arrival time prediction using artificial neural network model
Junyou et al. [73] X X X Support Vector Machine algorithm for bus travel time prediction
Kumar et al. [97] X X Kalman filtering and ANNs approaches for bus arrival time prediction
Kumar et al. [78] X X X kNN and Kalman filtering model for real-time bus travel time prediction
Lam et al. [98] X X x | Prediction of bus arrival time using real time online bus locations
Liet al. [65] X X X Bus arrival time prediction based on random forest
Othman et al. [95] X | X | x X X Machine learning aided simulation of public transport utilization
Pan et al. [64] X X X Self-learning algorithm based on a BPNN for predicting bus arrival time
Panovskietal. [99] | x | x | x X x | Bus arrival time prediction at different bus stops on a given bus route
Shalit et al. [68] X X X A supervised ML model for imputing missing boarding stops
Serin et al. [76] X X X Predicting bus travel time using machine learning methods
Shoman et al. [79] X X Deep learning framework for predicting bus delays on multiple routes
Wu et al. [80] X X x | The bounds of improvements toward real-time forecast of train delays
Yang et al. [39] X X Bus arrival time prediction SVM with GA
Yin et al. [66] X | X X X Prediction bus arrival time at stops with multiple routes
Yu et al. [67] X | X X X | Bus arrival time prediction at bus stop with multiple routes
Yu et al. [74] X X X Predicted bus travel time based on near neighbors
Zhang et al. [70] X X X K-means approach to predict bus arrival times based on GPS data
Proposed work X X | X X X A microscopic simulation of public transportation based on ML

Table 1: Comparative table of related works

will be useful to enhance the reliability of service. Although a number of studies have addressed the problem of bus
travel time and arrival time prediction, by implementing ML models. Most studies focus on prediction a single travel
time value. In this study, the focus is on more accurately estimating travel time variability rather than a single value.
This work contributes in the literature by: 1) using a ML model with a traffic simulator in the same framework for
public transportation simulation is not widely implemented; 2) A ML model for travel time prediction, trained on
actual data, combined with probabilistic distributions to estimate travel time variability, will be used to power the
simulation, helping to reduce simulation complexity and providing the simulator with appropriate parameters; 3) The
simulations will be more realistic, as they will be validated with performance indicators directly calculated from actual
data.

In Table 1, we present a comparison of the proposed work with other works on the following aspects: whether
ML models (e.g. classical model, neural networks and deep learning models) have been used; whether simulation
models have been carried out; if both ML and simulation models are a part of the implemented framework; whether
the focus of the work is travel metrics (e.g. arrival time, travel time and delay), as well as the nature of the data used
(e.g. historical and real-time data).
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3. Methodology

3.1. ML-Based Microscopic Simulation Framework

Before outlining the proposed framework for a ML-based microscopic simulation model and its different layers,
an overview of the proposed approach is presented as follows. In the first stage, actual data (GPS traces) and transit
schedule data (e.g. GTFS data) will be matched and then aggregated at the route segment level. In the second stage, the
process of building ML model is conducted. A ML algorithm is first selected, then feature importance techniques will
be applied to select relevant features, then ML will be trained for bus travel time prediction. Finally, the generated
ML models, combined with probabilistic distributions to estimate bus travel time variability, will be deployed and
connected to the public transport simulation model. In the third stage, the transit scenario will be implemented, and
then simulated. During the simulation process, bus travel times will be requested by the simulator. On the other hand,
deployed models, will process each request and provide the simulator with the predicted travel times. At last, the
simulation results will be validated with actual data using a set of metrics. An overview of the ML-based microscopic
simulation framework is shown in Figure 1.

Main Data
transit schedule data (e.g. GTFS),
historical data (GPS traces, AVL)

Transit Route
Segments

|
|
|

Data Layer

[Aggregated Data into Segment Datasets]

i Select Feature Attributes N
Real travel time is considered an attribute of interest

Select machine learning algorithm and
Initialize Algorithm Parameter Set
v
Dataset Preparation and Cleaning

Dataset filtered by selecting related feature data
Eliminate travel time outliers from the segment dataset

!

‘ Perform Cross-Validation Techniques and I
Machine Learning Model Optimisation

Model Building

Machine learning Layer

Including decision rules and segment datasets

I
3 |
I

( [ Store Built Models Locally ]
I
I

Model
Deployment

Public Transit Simulation Model |
| Implement and run transit simulation scenarios |

Simulation
Layer

Figure 1: An overview of the ML-based microscopic simulation framework. The framework consists of three layers: 1) data layer, 2) ML layer,
and 3) simulation layer. 1) Transit schedules and actual data are used to generate aggregated datasets at the segment route level. 2) The ML model
for segment travel time prediction takes place in two stages: A) model building and B) model deployment. A) ML model is first initialized by
selecting the model features, the supervised algorithm and configuring the model parameters. Next, the segment route dataset is prepared, cleaned,
fed to train and adjust the model by performing cross-validation and optimisation techniques respectively. B) Model deployment consists of storing
the model locally, and indexing it in a database. 3) A simulation scenario is implemented and then simulated, in which ML models will feed the
simulation model with travel times
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3.1.1. Data Introduction
In this section, the spatial and temporal components of the bus line will first be presented, then the data sources
and data aggregation process used to train the ML models will be detailed.

Bus Route Components. A transit bus travels from an origin to a destination passing through a set of stops along
the way. Spatial components can be grouped into several levels: stop, section, segment and route. The link between
two consecutive stops is called section. A more aggregate section, called segment, the latter is made up of several
consecutive sections. All sections from an origin terminal to a destination terminal form a route [100]. Additionally,
and in order to maintain acceptable service reliability, most bus operators set up control points along the bus route.
Control points are timing points, specific transit stops where the bus departure times are subject to regulation or to
meet a specific buffer time [4]. An illustration of the spatial components of bus lines is given in Figure 2.

Route
Segment 1 Segment k
Section 1 | Sectioni Section N-1
Stop 1 ‘ ; . Stob N-1 Stop N
=Tl Stop 2 St9p ! LR ol Terminal

Figure 2: An illustration of the different spatial components of a transit line

The time components of bus routes can be distinguished into durations and time points. Travel time, dwell time
and running time are durations, while arrival time and departure time at bus stops are points in time. The travel time
is made up of dwell time and running time respectively, referring to the time a bus spends stationary at a scheduled
stop and the time the bus spends while not stopping at a stop. Operating times can be expressed at the level of:
section, segment or route. Section travel time corresponds to the sum of the dwell time and the running time, between
two successive stops. Segment travel time corresponds to the sum of the travel times of the sections constituting the
considered segment. While route travel time refers to the total travel time comprised between the first stop and the
last stop. An illustration of the time components of bus lines at the section level is given in Figure 3.

Stop i Stop i+1

section travel time

i g

4“\7“4““4;4’
[
i
[
i
I

dwell time running time
‘ ‘ time
arrival time at  departure time arrival time at
Stop i from Stop i Stop i+1

Figure 3: An illustration of the different components of travel time between two transit stops
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Data Used. The main data for the application of the proposed approach can be distinguished into GTFS transit data
(General Transit Feed Specification) and actual data. Transit schedules are grouped by transit line (e.g. bus line) and
formatted as GTFS tables. A GTES feed consists of several comma-separated files that mainly contain information
about transit lines, stop locations, and timetables [101]. On the other hand, actual data provides information about
transit trips during a period of the year, including: date, vehicle ID, corresponding trip, and recorded stop times. From
a technical point of view, actual data is structured similarly to a GTFS stop times table. Practically, actual stop times
are recorded from GPS trackers on transit vehicles (e.g. buses), at each transit stop. Therefore, scheduled and actual
stop times can be matched in the same data structure based on mutual attributes, such as trip id and stop id.

After matching scheduled and actual data in the same dataset. The next step is to aggregate the observations
originally available at the stop-level, to a more aggregated level of details, for instance at the section and segment
level. The data aggregation process aims to mitigate the impacts of imprecise stop times, since this latter is susceptible
to measurement errors, which can therefore lead to a poor quality ML model. It takes place in two steps:

e Asafirst step, public transport observations at bus stop level will be aggregated at section level. From scheduled
and actual stop times, the corresponding travel times can be simply derived at the section level.

e As a second step, certain criteria can be used to define control points, specific transit stops where the buses
are subject to regulation or to meet a specific buffer time. Depending on these timing points, a set of route
segments can be defined. Therefore, the observed transit stop times can be aggregated from the section level to
the segment level. Arrival time, departure time and travel time will be derived.

For the actual data at hand, only bus arrival times are available. In the remainder of this paper, the bus stop time
will refer to the bus arrival time. Bus route components, as well as the stop and the travel times of a transit trip,
aggregated at the stop, section and segment levels, are shown in Figure 4.
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Figure 4: An illustration of the components of a bus route with stop and travel times

The resulting stop-level and section level datasets are illustrated in more details in Appendix A.
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Transit schedules are mainly planned according to the type of the day. Since demand for public transport is strongly
linked to the type of the day, the transit demand is greater on working days than on weekends or holidays. Therefore,
the day type attribute will be used to implement particular scenarios, for instance the working days scenario. In
addition, in order to understand the status of the transit vehicle relative to the scheduled times, delay measures can be
estimated at the stop level, and therefore at the segment level. The stop-level delay formula is given in Equation 1.

Dij = ATijx — STij (D
Where:

e D;j: refers to the delay time for line i, on trip k, at bus stop j
e AT;j: refers to the actual stop time for line i, on trip k, at bus stop j
e ST;j: refers to the scheduled stop time for line i, on trip k, at bus stop j

An illustration of derived attribute data is given in Table 2.

from stop to stop segment | ... | from stop | to stop
index delay delay
STP-1883 | STP-982 1 .. | 00:00:22 | 00:01:10

STP-982 | STP-990
STP-990 | STP-994
STP-994 | STP-998
STP-998 | STP-1005

00:01:10 | 00:02:15
00:02:15 | 00:01:07
00:01:07 | 00:01:38
00:01:38 | 00:00:10

(S 1R SN OS] I )

Table 2: A sample of a segment-level aggregated dataset with focus on derived stop delays
In the remainder of this paper, the scheduled stop time will simply be referred as stop time.

3.1.2. ML: Building and Deploying Models

One of the main purposes of ML is to discover patterns, train a model on historical data, and then make pre-
diction based on the constructed model. The ML model to built aims to predict the transit bus travel time at the
segment-level. Therefore, real travel time attribute will be considered as the attribute of interest. Furthermore, feature
importance techniques, in which a score is assigned to input features based on their usefulness in predicting a target
variable, will be applied to build ML models with relevant features. Next, a ML algorithm will be chosen and ini-
tialized with a set of predefined parameters. For instance, a decision tree supervised learning algorithm, which was
originally designed to solve classification problems, has been extended to deal with regression problems [102]. On
the other hand, the developed approach aims to predict transit travel time (numerical output), regression trees (RT) are
one of the suitable models to perform. The proposed scheme for initializing the ML model is illustrated in Figure 5.

ML algorithms, for instance, regression trees designed to solve regression problems, are trained to return a single
value as output. In order to capture travel time variability, we propose to combine ML algorithm with probabilistic
distributions as follows. First, the ML algorithm will be trained to predict travel times, these will then be grouped into
samples according to the resulting regression rules. Then, for each sample, travel time variability will be estimated
using probabilistic distributions. An illustration of a regression tree model for bus travel time prediction and sample
travel times resulting from the model output, fitted to a number of probabilistic distributions, to approximate travel
time variability, are given in Figures 6 and 7, respectively.

After validating the ML model, the next step is to deploy it to feed the simulation model with bus travel times.
At this stage, the model built will be registered in a specific database, in which each model is indexed by its key,
as well as a set of information, including: model algorithm, transit line, route segment origin and destination stops,
model input features and target attribute. In addition, the index database may contain the model parameters and its
error value, such as the coefficient of determination R?. This last score value is extremely important for sorting the
generated models. An illustration of the index file is presented in Table 3.
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transit line = “A",
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Figure 5: An illustration of the proposed scheme for setting up ML models. The initialization of a ML model is done at three levels. 1) Model
configuration by initializing ML model features and target attribute, as well as route segment information such as transit line, origin and destination
stops. 2) Selection of the supervised algorithm, for instance the regression tree. 3) Configuration of the algorithm parameters
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Figure 6: An illustration of a regression tree for travel time prediction. The white nodes refer to the decision conditions, while the cyan nodes are
the terminal leaves of the tree

In sum, a ML algorithm is initialized with predefined parameters, takes as input: a route segment dataset, features
to build the model, and an attribute of interest for prediction. It will then be trained to predict transit travel time, stored
locally and then deployed to feed a public transit simulation model.
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Figure 7: A detailed view of the proposed model output for travel time prediction. Illustration of the resulting day-to-day travel time variability
(Left): A regression tree terminal node, including average travel time and sample size. (Right): The sample travel time distribution, fitted to a
number of probabilistic distributions, to approximate day-to-day travel time variability with emphasis on probability density functions

key algorithm | transit line | from stop | to stop input features model target | score (R?)
68dsfnr6 RT A STP-1883 | STP-982 stop time real travel time 36%
chhm3moj RT A STP-982 | STP-990 stop time real travel time 54%
wrlw7ecg RT A STP-990 | STP-994 stop time real travel time 47%
z4pObiet RT A STP-994 | STP-998 stop time real travel time 35%
jj8gxgzf RT A STP-998 | STP-1005 stop time real travel time 41%
cq5x4ddu RT A STP-1883 | STP-982 | stop time;stop delay | real travel time 36%
53t58nae RT A STP-982 | STP-990 | stop time;stop delay | real travel time 53%
lylgivje RT A STP-990 | STP-994 | stop time;stop delay | real travel time 46%
qvin2kyt RT A STP-994 | STP-998 | stop time;stop delay | real travel time 34%
yiiktOc1 RT A STP-998 | STP-1005 | stop time;stop delay | real travel time 42%

Table 3: A sample of the deployed models index database. Index information can be grouped into four groups. 1) key used to distinguish models
with same other characteristics. 2) transit line, origin and destination stops, denoted from stop and to stop, refer to model segment route. 3) input
features and target attribute are the data attributes used to build the model. 4) score refers to the evaluation measurement value

3.1.3. Public Transportation Simulation Model

In this section, Starling proposed by Leblond et al. [86] will be briefly described. Starling combines an agent-
based framework and a discrete-event approach, it is a microscopic model for mobility simulation. The goal of this
framework is to provide a basis for the development of computer models for the simulation of specific transport
systems, consisting of generic simulation classes that can be extended to match the specifications of the simulated
system. Among the mobility modules, a public transport bus simulation module is implemented. To work, it requires
a set of inputs including: transit schedules feed (e.g. GTFS data) and bus operator settings that define the behaviour
of the bus vehicle and the operating rules, such as: minimum bus recovery time and bus holding control strategy.
Simulating buses according to schedules, with defined travel times between two successive stops, can be seen as
hypothetical. The bus may be delayed due to: traffic jams, traffic accidents and passenger boarding.
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In order to perform a bus simulation with a more realistic behaviour, travel times can be estimated using ML
models trained on historical observations. The generated travel times are then subject to operating rules, in order
to maintain realistic bus behaviour. Additionally, in order to perform transit simulation, scenario data and operator
parameters will be added to the simulator inputs. An overview of how deployed ML models are used with a generic
framework for public transport simulation is shown in Figure 8.

Implemented Models

Simulator Inputs il
Synthetic Trips 2
Spatio-temporal information Generic Framework Simulator Outputs
o and individual characteristics of trips
H Abstract Classes Simulation Events
H Mobility Services sy | Generic description of an agent applied to transportation = LB S
H E.g. Transit network
H Discrete-Event Engine Key Perforr_nanoe Indicators
H Simulation Parameters Generic simulation layer Simulated scenario assessment measures
Settings to configure agent behaviour
A
.

. » 4

Scenario Data
Transit schedules such as:
GTFS data and control points

—
memmnw

Operator Parameters
Including: minimum recovery time,
bus holding control strategy,
user pick-up and drop-off times, etc.

Deployed Machine Learning Models
Travel time prediction models

Figure 8: An overview of using a generic framework for public transport simulation based on ML models. It consists of two blocks: the block
above refers to the simulation framework; the block below gathers the scenario data and the operator parameters as well as the ML models deployed
for the prediction of travel times

Holding Control Strategies. They are among the most widely used public transport control methods, aiming to to
improve the regularity of service by regulating departure time from stops according to predefined criteria [103].
Implementing bus holding strategies involves two key design decisions: selecting the set of time point stops and the
holding criteria [104]. Holding strategies are generally classified into two categories: schedule-based strategies and
headway-based strategies. A schedule-based holding strategy defines the earliest time a bus can depart from a time
point stop relatively to the schedule. This rule can be formulated as:

ET,'jk = max(SETijk - sij7ATijk + DT,'jk) (2)
Where:

ET;j;: exit (departure) time for line i on trip k from stop j

S ET;j: scheduled exit (departure) time for line i on trip k from stop j
s;j: non-negative slack size defined for line i at stop j

AT ;j: actual arrival time for line i on trip k from stop j

DT;j.: dwell time for line i on trip k from stop j

Previous studies on the interaction between slack size and generalized passenger travel time have concluded that
the slack size should be set to zero [105; 106]. This implies that buses arriving early have to wait at time point stops
until the scheduled departure time. Schedule-based strategies are useful for low-frequency services when passengers
follow the timetable or when transfer coordination is an important issue [107]. In contrast, headway-based holding
strategies use headways between consecutive vehicles as a criterion to regulate departure times from time point stops.
If the headway-based strategy only takes into account the headway from the preceding vehicle, then the holding
criteria is defined by a minimal headway requirement:
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ET,'jk = max(AT,-j,k,l + - Hfil’k,ATijk + DT,'jk) 3)
Where:

. Hf"’k: planned headway between trips k-7 and k on line j
e q: threshold ratio parameter

Stop-Skipping. Also known as expressing is a control measure allowing a vehicle to skip one or a series of stops, if it
is running behind schedule. Stop-skipping can correct service inconsistencies due to the inherent variations in travel
time and passenger demand, but may result in increased waiting times for passengers waiting at the skipped stops
[108]. Thus, most stop-skipping approaches address the problem by considering: 1) passenger-related costs concerns,
such as passenger waiting times and their in-vehicle times; and 2) operator cost concerns, such as total vehicle trip
travel times [109]. Stop-skipping strategies can be designed either at the tactical planning level or at the operational
level (dynamic stop skipping). At the tactical planning level, the emphasis is on developing reliable, resilient or robust
strategies that will maintain good performance in the event of disruptions during actual operations. On the other hand,
dynamic stop-skipping strategies at the operational level are reactionary, need to be computationally efficient, and in
which the skipped stops of a vehicle trip are determined just before dispatch [109; 110; 111]. Stop-skipping strategies
have been proposed mainly at the planning level and formulated as optimization problems [108; 112]. When stop-
skipping, the vehicle leaves the stop immediately after the alighting time without boarding of passengers [113]. The
departure time can be formulate as:

ETij = ATjx + DT} jx 4)
In this case, the dwell time DT corresponds to alighting only.

3.2. Two-Step Validation Framework

The second proposed framework in this study is the two-step validation framework. It aims to validate the simu-
lation results obtained using performance indicators. The validation is twofold: first, assessing the accuracy of travel
times generated by ML models; second, evaluate how well the simulation model reproduces reality using certain
reliability metrics. The proposed validation process is detailed below. From a technical point of view, the valida-
tion process will be undertaken by comparing the output simulation results with actual observations, including: 1)
simulated segment travel times and 2) bus delay at timing points.

The first validation process will take place as follows. First, the theoretical and actual travel times will be extracted
from the actual data, while the simulated travel times will be extracted from the simulation results. Next, the theoretical
and simulated travel times will be compared to the actual observed travel times in order to: firstly, understand how
well the actual and theoretical travel times are fit and secondly, validate the ML models for travel time prediction. We
denote by T T cnua and TTy;,, respectively the actual and simulated average travel times of the route segment r. In
order to compare numerically the travel time measurements, a derived metric A,, referring to the relative difference
per route segment » between 77Ty, and T T, 1s defined in Equation 5.

_ TTactual,r - TTsim,r
T Tuclual,r

A, &)

The second validation process aims to investigate how well the simulation model reproduces reality based on
certain reliability metrics, by validating the simulation results against actual observations, using on-time performance
measurements. In this work, the punctuality of both operated and simulated buses will be assessed according to
departure delay at the bus stop at the control points of each of the bus lines. The validation process will be performed
at three delay metrics, defined as follows:
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Aggregated delay metric: refers to on-time performance within the one-minute early and five-minutes-late
arrival range used by several urban transit agencies across the United States [114]. In this metric, the delay of
a bus can fall into three categories, in which the bus is considered 1) on-time travel if the delay is between not
earlier than one minute and not later than five minutes at the timing point; 2) in Advance, if the bus is more than
one minute ahead of the scheduled time; and 3) in Significant delay, if the bus is late by more than five minutes.

Bus severity delay metric: in which, delay at control points is grouped into five categories; while the classifi-
cation of in Advance and in Significant delay remains similar to the first metric, On-time travel is divided into
three classes including, in addition to On-time travel, minor delay and moderate delay, in which each subclass
spans a two-minute range. The last two delay values have been defined according to the classification used in
the work proposed in [115].

A third bus delay metric is defined in which stop delays are grouped in one-minute increments between more
than five minutes early and more than seven minutes late.

The two first delay metrics are given in more detail in Table 4.

Delay metric Delay class Range (seconds)
In advance delay < -60
Aggregate Delay Metric | On-time delay e [-60; 300]
Significant delay | delay > 300
In advance delay < -60
On-time delay € [-60; 60]
Bus Severity Delay Metric | Minor delay delay € [60; 180]
Moderate delay | delay € [180; 300]
Significant delay | delay > 300

Table 4: A description of the aggregate and severity delay metrics

After defining the three sets of bus punctuality metrics, in the following, the defined on-time performance metrics
will be applied at the control points on the actual observations and the simulated results. In order to compare the
resulting punctuality shares, an offset and a deviation measure denoted ¢ and A, defined respectively, in equations 6
and 7, can be then be calculated between two sets of shares. Therefore, the defined measure A aims to quantify the
part of the share poorly located between the two sets.

0c(8i,S)=8ic—Sje (6)
ASHS) = D 0SS ) - i ™
ceC
Where:

i and j are two datasets

C: refers to delay values according to the punctuality metric used

c: a delay value

S ;: corresponds to the punctuality shares of the buses from the i dataset
S ;. refers to share of cin S;

@jje: 1if (S > S ;) and O otherwise

A detailed illustration of the proposed two-phases validation framework is shown in Figure 9.
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Figure 9: A detailed illustration of the proposed two-phase validation framework. The first phases consist of validating the bus travel times.
Actual and simulated travel times can be extracted, from actual data and simulation results, respectively and then compared based on deviation
measurements. The second phases consist of validating bus punctuality, a set of on-time performance metrics can be applied to estimate the actual
and simulated punctuality share of the buses, then a comparison using deviation measures will take place for the assessment

In summary, the proposed ML-based microscopic simulation and validation frameworks can performed together as
follows. First, ML models will be trained on actual data to predict travel times of bus route segments, then deployed
to feed the public transport simulation model. Next, the simulation scenario will be implemented and then run.
Subsequently, the results of the simulated scenario will then be assessed by the two-step validation framework. Finally,
based on the adequacy of the simulated travel times and bus punctuality shares, the ML models selected for bus travel
times and the simulation parameters such as recovery time and bus holding strategy can be updated. An overview of
how the two proposed frameworks perform together is shown in Figure 10.

Actual Data
¥
[ Machine Learning ]
Model building and deployment

R = o Deployed Machine Learning Models |

! [ Public Transit Simulation Model }7 _______
I S

mplement and run transit simulation scenario!
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v

53 i ; } 83
£ E i Simulation Results 3¢
g i REe s e N . g =
59 ‘ a3
§2 : 38
o5 v 85
88 T us
© Validation Framework 58

Assess simulated travel times and bus punctuality <

1 Update ML & Simulation Models
Depending on the adequacy of the simulation results:
1) Select another machine learning models ~ |[= ===
2) Adjust the simulation model parameters:
Recovery time & bus holding control strategy

Figure 10: An overview of the two proposed frameworks: ML-based microscopic simulation framework and a validation framework

The remainder of the paper is structured as follows: in Section 4, a case study scenario consisting of three bus
lines of a French city will be presented. In Section 5, the simulation results will be analyzed and validated based on a
set of metrics. In Section 6, a discussion of the analyses presented, as well as some concluding remarks will be given
in Section 7.
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4. Simulation Scenarios

The simulation scenarios were developed for three bus lines referenced respectively by A, B and C. In this section,
the chosen bus lines and the timing points will be described first. Next, the ML feature selection technique along with
the trained ML models will be given. Finally, the simulation parameters including bus holding strategies as well as
the implemented simulation scenarios will be detailed.

4.1. Bus Lines: Description

Line A buses run Monday to Saturday from approximately 4:45 a.m. (first departure) to 9:05 p.m. (last departure)
and Sunday from approximately 5:35 a.m. to 8:05 p.m. Buses on this line serve 31 stops in one direction and 30
stops in the other direction, for approximately 8 km of distance and 30 minutes travel time. This bus line is highly
frequented line with on average one bus every 6 minutes during peak-hours and one bus every 8 minutes during oft-
peak hours, for a total of 234 trips on working days. Line B operates between approximately 5:42 a.m. and 8:26 p.m.
only on working days. Like line A, the buses serve 31 and 30 stops respectively, over a distance of approximately 9
and half km and 23 minutes of travel time. Line B operates with an average of one bus every 6 minutes and 8 minutes
respectively, during peak and off-peak hours, for a total of 271 trips per working day. Line C buses operate all week
from approximately 5:15 a.m. to 8:30 p.m., serving 10 stops in both directions. Compared to previous lines, line C
is much shorter with approximately 3 km distance and a travel time of 10 minutes. This line runs on average with a
bus every 6 minutes and 10 minutes respectively, during peak and off-peak hours, for a total of 198 trips per day. A
summary description of the bus lines studied is presented in Table 5.

transit | bus | travel distance | travel time | headway
route ID | stops (kms) (minutes) | on/off peaks
Ax 31 7.90 30 6/8 minutes
AR 30 7.87 35 6/8 minutes
By, 31 9.67 23 6/8 minutes
Bgr 30 9.65 23 6/8 minutes
Cy 10 3.05 12 6/10 minutes
Cr 10 3.17 10 6/10 minutes

Table 5: A description of the bus lines studied including: transit line identifier, number of stops per direction, distance and time travel, in addition
to the line’s service frequency during peak and off-peak hours. A4 and A respectively designate the route in one direction Aller, and the route in
the opposite direction Retour of line A

The emphasis of this first work is placed on the simulation of a public transport scenario on working days (Monday
to Friday), assumed to be more representative in terms of operating days and, consequently, operational trips for the
public transport operator. The available operational data for the bus lines covered 73, 146 and 41 days for lines A, B
and C respectively. A workday can be divided into peak and off-peak periods, as presented in Table 6.

time period abbreviation | time interval
Morning off-peak hours | AM off-peak | [00h0O - 07h30]
Morning peak hours AM peak | [07h30 - 09h30]
Inter-peak hours - [09h30 - 16h30]
Evening peak hours PM peak | [16h30 - 19h30]
Evening off-peak hours | PM off-peak | [19h30 - 23h59]

Table 6: A description of the periods of the day, their abbreviations and associated time intervals
The shares of bus line trips, according to the time of day, are reported in Table 7.

4.2. Bus Lines: Timing Points

After selecting the bus lines for the simulation scenario, the next step is to set the timing points for each transit
bus route. The control points are used to split a bus route into route segments in order to: firstly, build ML segment
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bus morning morning inter- evening evening
line | off-peak hours | peak hours | peak hours | peak hours | off-peak hours
A 12% 18% 41% 22% 6%
B 13% 13% 43% 20% 10%
C 9% 19% 46% 21% 6%

Table 7: Relative frequency of trips of the bus lines studied by period of the day

travel time models and, subsequently, deploy them for use in simulation; second, the control points will be used by the
simulator for regularization purposes by applying bus holding strategies. Based on the actual data available, timing
points correspond to bus stops, in which scheduled departure times are rounded to the nearest minute (hh:mm:00).
The control points, along with the derived route segments and theoretical segment travel times, for the chosen bus
lines are shown in Figure 11.
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Figure 11: A detailed illustration of the route segments of the three chosen bus lines. We count, six and three control points per direction for lines
A and C respectively; for bus line B, six timing points are defined in the Aller direction, and eight in the Refour direction. The route segment is
referenced by: its transit line, its transit route direction (A/R) and its index in the transit route. For instance, A-A2 refers to the second segment of
the Aller route of line A

4.3. ML: Algorithm and Feature Selection

ML Algorithm. In this study, trained ML models are used to feed public transport simulation model with travel times
matching actual travel times, with more emphasis on accurately estimating travel time variability rather only a single
travel time prediction. Thus, ML algorithms returning a single output value are not suitable. On the other hand, ML
algorithms such as RT, kKNNs and K-means, in which according to IF-THEN rules, the initial dataset can be split into
samples, are suitable for dealing with travel time variability. The choice of regression tree as the ML algorithm for
this study is motivated by the fact that RT is a rule-based approach, in which the built tree can be easily transformed
into regression rules. Furthermore, to overcome the limitations of the standard RT, in which only one output value is
returned, probabilistic distributions are used to fit travel times of the corresponding samples, in order to estimate the
variability of the segment travel time.
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Feature Selection. Feature importance refers to techniques that assign a score to input features based on their useful-
ness in predicting a target variable. Feature importance scores can provide insight into the dataset, in which relative
scores can highlight which features may be most relevant to the target, and the conversely, which features are least
relevant. For tree-based models, mean decrease in impurity is a measure of how each variable contributes to the ho-
mogeneity of nodes and leaves in the resulting trees. The higher the value of mean decrease Gini score, the higher
the importance of the variable in the model. The resulting feature importance based on mean decrease in impurity,
applied to three bus line datasets studied, is summarized in Table 8.

feature line A | line B | line C
stop time 43% | 49% | 41%
stop delay 40% | 32% | 41%
day of the week | 11% | 11% | 12%
season 6% 8% 6%

Table 8: Feature importance based on mean decrease in impurity

From Table 8, it can be seen that stop time and stop delay, are the most important features compared to the features
day of the week and season. Moreover, an attempt to extend dataset, by including weather information was carried
out. The mean decrease in Gini score applied to three studied lines is reported in Table 9.

feature line A | line B | line C
stop time 36% | 38% | 35%
stop delay 21% | 19% | 23%
temperature 17% | 17% | 17%
wind 16% | 16% | 15%
day of the week | 6% 6% 7%
season 2% 3% 3%
rain 1% 0% 1%

Table 9: Feature importance based on mean decrease in impurity, including the weather information

From Table 9, temperature and wind attributes seem to have similar scores, roughly equivalent to stop delay, and
therefore can be considered as potential features for predicting bus travel time. On the other hand, rain attribute has
almost an almost zero score, this low score may be due to the nominal nature of rain attribute grouped into four values
(none, slight, moderate and shower). Therefore, ML models will be built with five sets of input features, including
stop time, stop delay and weather attributes such as temperature, wind and rain. The first set includes only stop time,
the second set includes stop time and stop delay, the third set only includes stop time, the fourth set includes only the
weather attributes, while the fifth set includes stop time and the weather attributes. The observed actual travel time is
chosen as model target.

From Figure 12, ML models built with stop time and stop delay as features seem to outperform. Moreover, ML
models, in which stop time is a feature, appear to score higher compared to those built without stop time feature, for
each of the three bus lines studied. Additionally, ML models with only stop delay feature score relatively higher than
those built with only weather features. From a technical point of view, integrating weather information is challenging
and requires the implementation of a validated weather generator into the public transport simulation model, addling
an additional layer of complexity to the simulation framework. In the remainder of this paper, we refer to ML models
built with stop time as a feature by f, stop time and stop delay as features by f, stop delay as feature by f;.
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Figure 12: The coefficient of determination for ML models built with different feature sets, for the studied route segments

4.4. Trained Models: Hyperparameters Tuning

In order to tune the ML model parameters, the Grid Search approach, a traditional hyperparameter optimization
method was selected. It simply iterates exhaustively through a manually specified subset of a learning algorithm’s
hyperparameter space [116]. To build the ML model, we opt for k-fold cross-validation (CV), a technique used in ML
to evaluate the performance of a model on unseen data. In k-fold CV, the dataset is divided into k subsets (known as
folds). A fold is used once in each iteration as test data, while the remaining folds are used as training data [117]. So
the process is iterative until the entire dataset is evaluated. In this study, kK = 5 is selected. In terms of parameters,
regression trees are built according to the following parameter values: tree maximum depth varies between 2 and 14
levels, while minimum samples per leaf takes four values (25, 50, 75 and 100). In total, for each route segment, 156
regression trees are built and deployed. For lines A and C, respectively 780 and 312 trees were generated per route
direction. For line B, 780 and 1092 were generated, respectively, for B4 and Bg.

From Figure 13 and Figure 14, maximum tree depth parameter seems to have an impact on the quality of the built
ML models, with a steady increase in terms of score for models with maximum tree depth between 2 to 5 and the
highest score recorded for models with maximum tree depth between 6 and 8 levels. In contrast, minimum sample size
parameter appears to have less impact on model scores, with very small differences observed.

4.5. Simulation: Model and Parameters

In order to assess and validate the quality of the proposed ML-based microscopic simulation framework, a simu-
lation model as well as a set of its parameters need to be defined. Firstly, the simulation scenarios will be carried out
using the generic framework Starling proposed in [86] and briefly described in Section 3.1.3. Secondly, the number of
runs to simulate is set to 1000 iterations. Usually, a high number of iterations is required in order to generate enough
samples to validate the simulation results. In addition to validating the simulated travel times, this study aims to
investigate the impacts bus recovery time strategies and bus holding strategies, on the punctuality of simulated buses.
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4.5.1. Bus Recovery Time Strategies

Sufficient recovery time should be built into the schedule to ensure that the delays encountered during one trip
do not carry over on subsequent trips. In this study, a first simulation scenario S| will be carried out with a fixed
minimum recovery time of two minutes. Based on the actual departure delays presented in Figure 15, it appears that
buses are likely departing a minute earlier and up to two minutes later than the scheduled time. Therefore, a second
scenario S, in which recovery times adjusted based on actual departure delays fitted to probabilistic distributions,
will be conducted.
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Figure 15: Illustration of the actual departure delay of buses on three lines studied, fitted to a certain number of probabilistic distributions

4.5.2. Bus Holding Control Strategies

In order to investigate the impacts of applying bus holding strategies on bus punctuality, two instances of scheduled-
based holding strategy, respectively named S Hy and S H3, an instance of headway-based holding strategy named HH,
and a base strategy without control NC, will be implemented. S Hy and S H3, are two variants of the scheduled-based
holding strategy defined in Equation 2, in which s is equals to zero and three minutes, respectively. In NC, the simula-
tion will be conducted without applying a bus holding strategy. HH is a variant of the headway-based holding strategy
defined in Equation 3, in which @ = 0.8. The strategies implemented are reported in Table 10. Note that NC can be
thought of as an instance of scheduled-based holding strategy, with s = +oo (S Hy,).

Scenario Scenario Bus Holding Strategy
ID Short Name Strategy Parameters
NC no-control Scheduled-based s = +o00

S H; 3-Min Scheduled-based | s = 3 minutes
S Hy scheduled-based | Scheduled-based | s = 0 minutes
HH headway-based | Headway-based a=038

Table 10: A summary of implemented bus holding strategies. s refers to the non negative slack size defined for a bus line, while « is a threshold
ratio parameter
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4.5.3. Bus Stop-Skipping Strategy

In this section, we aim to investigate to what extent skipping stops impacts bus punctuality. Stop-skipping control
measure used to correct service inconsistencies, particularly to eliminate bus delay, is formulated in most studies as
an optimization problem. With the interest of this study on bus punctuality, the decision whatever or not to skip a stop
will depend primarily on how late is the bus at the control point. The stop-skipping criteria can be defined as follows:

Dijt = Dyax > 0 ®)
Where:

e D;ji: refers to the delay time for line 7, on trip k, at bus stop j
e D,,,: anon-negative maximum bus delay

If the stop-skipping criteria is met, the set of stops j + 1, j+ 2, ..., ¢ — 1 between the current control stop j and the
next control stop ¢ will be skipped. Skipping is only permitted if the following conditions are met: 1) the stop is not
a control stop and 2) the preceding bus did not skip the stop (to avoid passengers being denied twice). The departure
time from a skipped stop is given in Equation 4. In this study, two scenarios S K3 and S K5 will be conducted, in which
D,y 1s set to three and five minutes, from which a bus is moderately late and significantly late, respectively according
to the second punctuality measure presented in Section 3.2.

4.6. Case Study: Challenges

In this study, we faced a number of challenges in setting up this case study, as follows. The first challenge was
which bus stops to choose as control points ? We first considered each bus stop as a control point. However this
choice seemed to be so limited due to: 1) The segment travel times were too short, not exceeding one minute on
average, which largely impacted the quality of the trained ML models which seemed to underfit due to low variance
in observed travel times; 2) Scheduled stop times (from GTFS) are rounded to the nearest minute, where multiple
bus stop times are set to the same rounded minute. As a result, inaccurate punctuality for the simulated buses. To
overcome this issue, a set of stops predefined by the bus operator was used.

The second challenge was detecting and handling outliers. With actual data available prone to measurement errors,
especially departure time (at first stop) and arrival time (at last stop), in which some stop times were not accurate. In
order to clean the dataset, Inter Quartile Range (IQR), a detecting outliers technique was applied. On average, about
5% of observations were detected as outliers and therefore removed.

The third challenge was the choice of a probabilistic distribution to fit the travel time distribution, in order to
estimate the travel time variability. To overcome this issue, the sample travel times - constituting according to ML
model output, such as regression rules - were fitted to a number of probabilistic distributions, then compared based on
the R? score and the law with the best-fit score as well as its parameters, will be selected.

5. Experiments and Results

In this section, the proposed two-step validation framework will be performed. The first phase of the proposed
validation framework involves validating the simulated travel times while the second involves validating the simulated
bus punctuality.

5.1. Validation of Travel Times

In this section, the validation of travel times process will be applied. First, scheduled and actual bus travel times
times will be compared side by side. Next, the resulting travel times of f, f> and f; will be compared over the entire
day and subsequently over the morning and evening peak hours according to the relative difference metric defined
in Equation 5. Furthermore, in order to evaluate the quality of ML models, a comparison with four probabilistic
distributions, according to two goodness-of-fit measures MAE and RMSE will be carried out.
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Figure 16: Theoretical and actual average travel times are presented side by side for each segment of lines studied. For line A, overall, larger
differences can be observed on certain segments between theoretical and actual travel times. For line B, again, the simulated travel times seem
to correspond well to the actual travel times. In contrast, differences can be observed between theoretical and actual travel times, with minor to
moderate differences for segments in the Aller direction, and more significant for segments in the Refour direction. For line C, che simulated
travel times appear to match actual travel times very well. Furthermore, the theoretical and actual travel times match well for segments in the Aller
direction, while moderate differences can be observed for route segments in the Refour direction

5.1.1. Validation of Travel Times: Theo vs Actual

Below, Theoretical and actual average travel times are presented side by side for each segment of three lines
studied are presented side by side in Figure 16.

At first glance, the average segment travel times for bus line A seem slightly longer for Aller than for Retour.
Furthermore, theoretical travel times are on average a little overestimated compared to the actual travel times, particu-
larly on A-A5 and A-R5, with differences ranging from moderate for segments A-A3, A-RI and A-RS, to significant for
segments A-A2, A-A5 and A-R3. For line B, one can notice scattered differences in travel times between B-Aller and
B-Retour, appearing greater on latter route, especially on segments betwen B-R4 and B-R6. Overall, differences seem
moderate on Aller and to a lesser extent on Retour. For line C, one can see that the differences are limited between
the theoretical travel times and the actual travel times.

5.1.2. Validation of Travel Times: Actual vs Simulation
The resulting travel times of fi, f> and f; as well as the relative differences metric A (see Equation 5), for bus lines
A, B and C are reported, respectively, in Table 11, 12 and 13.

For line A, the simulated Aller travel times estimated using f; models, are on average more precise than those
estimated using f> and f3. Furthermore, the simulated Retour travel times appear to be more accurate than those of
Aller, with f and f, corresponding well to the actual travel times. Overall, f; and f, seem to outperform f3.
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segment ID segment stops TTacwal | Ar1 | Apa | A3
A-Al STP-1006 — STP-1013 | 429 |-5% | -8% | -6%
A-A2 STP-1013 — STP-1017 121 1% | 8% | 2%
A-A3 STP-1017 — STP-1022 | 420 1% | 0% | 3%
A-A4 STP-1022 — STP-1030 | 603 2% | 3% | 5%
A-A5 STP-1030 — STP-1846 | 419 7% | 12% | 16%

A-R1 STP-1883 — STP-982 423 0% | 0% | -1%
A-R2 STP-982 — STP-990 629 3% | 1% | 1%
A-R3 STP-990 — STP-994 253 3% | 3% | 9%
A-R4 STP-994 — STP-998 226 2% | 1% | 4%
A-RS STP-998 — STP-1005 333 3% | 4% | 9%

Table 11: Reported actual average travel times T Tqcruar (in seconds) as well as the relative differences Ay, Ay and A3, respectively, from fi, fo
and f3, for each route segment of bus line A

segment ID segment stops TToctuar | Agi Ap | Ap
B-Al STP-2349 — STP-1380 | 560 2% | 2% | 0%
B-A2 STP-1380 — STP-1390 | 568 3% | 2% | 3%
B-A3 STP-1390 — STP-1394 | 249 2% | 2% | 19%
B-A4 STP-1394 — STP-2408 | 433 5% | 5% | 12%
B-A5 STP-2408 — STP-2746 92 -13% | -14% | -13%

B-R1 STP-2747 — STP-2348 114 4% | 2% | -3%
B-R2 STP-2348 — STP-1411 | 417 1% | 0% 1%
B-R3 STP-1411 — STP-1415 | 231 3% | 3% | 4%
B-R4 STP-1415 — STP-1420 | 286 4% | 2% | 3%
B-R5 STP-1420 — STP-1424 | 315 4% | 6% | 16%
B-R6 STP-1424 — STP-1379 | 353 4% | 5% | 2%
B-R7 STP-1379 — STP-834 169 3% | 3% | 3%

Table 12: Reported actual average travel times 7T ycqqr as well as the relative differences Ay, Ar> and Ags, for bus line B

586 For line B, the simulated Aller travel times of f; and f, seem to be highly similar. Regarding the travel times of
se7  f3, more significant deviations can be observed compared to the actual segment travel times, in particular for B-A3
sss  and B-A4. Despite the large underestimate of travel times of B-AJS, it only amount to around 12 seconds. Concerning
sso  the Retour route, f; and f,, provide similar travel times, both seeming to correspond well to actual travel times.
s Furthermore, f3 seems to match the actual data, expect for B-R5, in which travel times are greatly overestimated. In
sot  sum, the three sets of ML models predict very similar travel times, including f; and f>, and to a lesser extent f;.

segment ID segment stops TTocrual | As1 | Ay | Aps
C-Al STP-2521 — STP-2525 282 | -3% | -2% | -2%
C-A2 STP-2525 — STP-2526 | 343 3% | -3% | -2%

C-R1 STP-2526 — STP-2527 | 353 |-2% | -2% | -1%
C-R2 STP-2527 — STP-2440 | 226 |-1% | -1% | 0%

Table 13: Reported actual average travel times T Tyeruar as well as the relative differences Ay, Ay and Ags, for bus line C

592 With regard to A in Table 13, the differences seem negligible, averaging a few seconds per route segment.
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Thus, from the results illustrated on the three bus lines studied (A, B and C), the simulated travel times provided
by ML models are highly resembled and statistically similar to the actual travel times.

To test the reliability the ML models trained for bus travel time prediction, simulated and actual travel times will
be compared over morning and evening peak hours. For line A, the results show that the actual segment travel times
of Aller route are on average relatively longer during morning rush hours than during evening hours, and vice versa
for the Retour segments. For line B, similar actual travel times are observed at both peak hours, while an increase in
segment travel times is observed during the evening hours compared to the morning peak hours, for line C.

In sum, ML models in which features include stop time (f; and f>) perform better than those built by only consid-
ering bus delay at the stop. Moreover, ML models with only the stop time as a feature (f}) relatively match the best
actual travel times. In the remainder of this work, the ML models are referred to the f; models. An in-depth analysis
of actual travel times together along with relative differences from three set of models (fi, f> and f3) over peak hours,
for bus lines A, B and C can be found in Appendix B.

5.1.3. Validation of Travel Times: ML vs Probabilistic Distributions

To assess the accuracy of the ML models for bus travel time prediction, the simulated travel times provided by ML
will be compared to four probabilistic distributions, including: normal, lognormal, gamma and generalized extreme
value (GEV) distributions, with a focus on morning and evening peak hours. The actual travel times as well as the
relative differences resulting from ML and probabilistic distributions over peak hours, for bus lines A, B and C are
reported, respectively, in Table 14, 15 and 16.

Morning peak hours Evening peak hours
Segment ID TTaCtual AM L Anorm Alngnorm Agamma AGE |4 TTactual AM L Armrm Alognorm Agazmma AGE Vv
A-Al 513 | -10% | -16% | -16% | -53% | -16% 422 | -3% | -3% -3% 3% | -4%
A-A2 132 1% | -1% -3% 33% | -2% 125 1% | 1% 0% 1% 0%
A-A3 481 -1% | -10% | -9% 5% | -8% 433 | -5% | -1% -1% 1% | -1%
A-A4 653 -1% | -4% -4% -3% -4% 619 |-1% | 0% 1% 0% 0%
A-AS 500 10% | 16% | 17% 20% | 12% 433 1% | 6% 7% -18% | 1%
A-R1 418 3% | -7% -6% 1% | -T% 472 1% | -3% -3% 3% | -3%
A-R2 628 2% | -6% -6% -5% -5% 706 4% | 2% 2% 2% 2%
A-R3 248 1% | -3% -3% 3% | 2% 271 3% | 8% 10% -29% | 14%
A-R4 231 -1% | -4% -4% -4% -5% 253 0% | -1% -1% 0% -3%
A-R5 349 5% | -4% -4% 3% | 395% 349 2% | T% 8% 12% | 13%

Table 14: Reported actual average travel times T Tycrar as well as relative differences Ayr, Aporms Aiognorm» Agamma and AGgy, respectively, from
ML, norm, lognorm and GEV distributions, for each route segment of bus line A, over morning and evening peak-hours

From Table 14, one can see that the ML travel times are on average more precise compared to the travel times gen-
erated by the different probabilistic distributions, during morning and evening rush hours. Moreover, the differences
between ML and distributions are more significant during morning peak hours than during evening hours.

For line B, a similar trend is observed with more precise ML travel times compared to those estimated by the
probabilistic distributions, in the morning and to a lesser extent during the evening rush hours. Furthermore, while
the normal, lognormal, and gamma distributions seem to correspond to the actual travel times to a lesser extent, GEV
distribution appears to strongly overestimate actual travel times.

From Table 16, one can see that on average the ML travel times of line C seem to be more precise than the statistical
distribution travel times, both during morning and evening peak hours. Additionally, the resulting travel times of the
four probabilistic distribution are highly resembled, with on average, generalized extreme value distribution appearing
to provide more accurate travel times than the normal, lognormal, and gamma distributions.
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Morning peak hours Evening peak hours

Segment ID TTacma] AM L Anorm AZagnorm Agzzlmma AGE |4 TTactual AM L Anorm AIagn()rm Agamma AGE Vv
B-Al 573 2% | -T% -7% -6% 2% 625 2% | -4% -5% -4% | 38%
B-A2 617 0% | -5% -5% 5% | T4% 635 -1% | 2% -2% 2% | 118%
B-A3 305 9% | -16% | -16% | -56% | 738% 313 -1% | -7% -8% 1% | 123%
B-A4 548 2% | -3% -4% 0% 44% 450 1% | 2% 2% 2% | 183%
B-AS 105 |-14% | -15% | -16% | -16% | -19% 103 | -27% | -27% | -26% | -27% | -29%
B-R1 99 5% | -5% -6% -5% 0% 131 -4% | -4% -3% 3% | -3%
B-R2 413 -1% | -4% -4% -4% -1% 490 2% | -6% -6% -6% -6%
B-R3 284 1% | -7T% -7% 1% | 58% 260 1% | -4% -4% 4% | -6%
B-R4 310 0% | -5% -5% -6% | 40% 312 0% | -2% -2% -2% -4%
B-R5 342 8% | 8% 8% 8% | 844% 352 2% | 2% 2% 2% | 104%
B-R6 375 2% | -8% -T% -T% 2% 384 -1% | -3% -4% -4% -3%
B-R7 188 3% | -7% -8% 1% | 21% 179 -1% | -4% -4% -4% 6%

Table 15: Reported actual average travel times as well as relative differences resulting from ML and probabilistic distributions, for each route

segment of bus line B, over morning and evening peak-hours

Morning peak hours Evening peak hours
Segment ID TTactual AML A110rm AIogn()rm Agamma AGEV TTactual AML Armrm Al()gm)rm Agamma AGEV
C-Al 284 | -3% | -6% -6% -6% | -5% 300 |-6% | -9% -9% 9% | -9%
C-A2 342 | -3% | 9% | -10% 9% | -8% 395 5% | -14% | -14% | -15% | -8%
C-R1 373 -1% | -10% | -10% | -10% |-10% 396 | -4% | -10% | -10% | -10% | -3%
C-R2 231 3% | -6% -6% -6% | -6% 233 0% | -1% -1% -1% | -1%

Table 16: Reported actual average travel times as well as relative differences resulting from ML and probabilistic distributions, for each route

segment of bus line C, over morning and evening peak-hours

5.1.4. Validation of Travel Times: Goodness of fit

In order to thoroughly evaluate the quality of the simulated travel times provided by ML and the probabilistic
distributions, mean absolute error (MAE) and root mean square error (RMSE), two goodness-of-fit measures (GOF),
will be estimated at morning and evening peak hours, for each route.

In essence, segment travel times will be grouped into half-minute slot. MAE and RMSE measures, are respectively
formulated in Equations 9 and 10. The estimated values of MAE and RMSE, applied to the three bus lines, are reported
in Tables 17 and 18, respectively.

MAE =

CEDIPIA A

seS teT

RMSE = é P - PR

seS teT

Where:

e s: aroute segment
e S: aset of route segments
e t: atravel time increment.
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e T: a set of travel time increments

e P! : refers to the actual relative frequency for segment s with 7T € ¢

e P! : refers to relative frequency of a distribution d for segment s with with 7T € ¢

Morning peak hours Evening peak hours

Route ID | ML | norm | lognorm | gamma | GEV ML | norm | lognorm | gamma | GEV
A-Aller | 19% | 23% 24% 54% | 21% 11% | 15% 13% 17% 14%
A-Retour | 9% | 10% 9% 9% 11% 13% | 19% 15% 27% | 20%
B-Aller | 13% | 17% 15% 29% | 28% 10% | 12% 11% 11% | 42%
B-Retour | 10% | 14% 13% 13% | 27% 9% | 10% 8% 8% 10%

C-Aller 5% | 15% 17% 17% | 14% 6% | 15% 20% 20% 19%
C-Retour | 5% | 20% 21% 22% | 23% 5% | 8% 10% 9% 9%

Table 17: Mean Absolute Error (MAE) between actual and simulated travel times, by route, during morning and evening peak-hours

At first glance at Table 17, ML seems to have the lowest MAE on most bus routes. Additionally, the differences
between ML and other distributions tend to be smaller, to some extent, during evening peak hours, with the exception
of line C routes, on which ML appears to significantly outperform.

Morning peak hours Evening peak hours
Route ID | ML | norm | lognorm | gamma | GEV | | ML | norm | lognorm | gamma | GEV
A-Aller | 11% | 15% 17% 40% | 14% 7% | 10% 9% 13% 9%
A-Retour | 8% | 8% 7% 7% 8% 9% | 13% 12% 23% | 14%

B-Aller 9% | 11% 10% 25% 18% 7% | 10% 10% 9% 36%
B-Retour | 8% | 11% 11% 11% | 24% 8% | 8% 7% 6% 8%

C-Aller 4% | 12% 13% 13% | 11% 4% | 10% 14% 14% 13%
C-Retour | 4% | 15% 17% 17% 18% 4% | 6% 7% 7% 6%

Table 18: Root Mean Square Error (RMSE) between actual and simulated travel times, by route, during morning and evening peak-hours

From Table 18, ML models show the lowest RMSE error on most line routes. Similar to MAE, ML appears to
outperform probabilistic distributions during morning peak hours and, to a lesser extent, during evening peak hours.

Furthermore, with exception to A-Refour and to a lesser extent C-Aller routes, the resulting travel times during the
evening rush hours appear more accurate than those during morning hours.

5.2. Validation of Simulation Results: Impacts of Recovery Time Strategies on Bus Punctuality

In order to investigate the impacts of bus recovery time on simulated bus punctuality, two simulation scenarios S
using a fixed minimum recovery time of two minutes and S, using an adjusted recovery time, will be conducted. In
the following, aggregated delay and bus delay severity, two of the on-time performance metrics presented in Section
3.2, will be applied at the control points on the actual observations and the two simulated scenarios (S and §»), for
each of the three bus lines (A, B and C). The results obtained on each dataset will then be statistically analyzed and
compared side by side.

5.2.1. Impacts of Recovery Time: Aggregated Delay Metric

Figure 17 provided first insights at how bus punctuality is distributed. It illustrates the resulting bus status share
according to the first punctuality metric, applied to the 9 datasets. Further on, Table 19 illustrates in more detail the
differences between the shares resulting from simulation scenarios and the actual shares.
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BUS PUNCTUALITY - A BUS PUNCTUALITY - B BUS PUNCTUALITY - C

ACTUAL 51 52 ACTUAL 51 52 ACTUAL 51 s2

WAdvance >1min WO Time MSignificant Delay WAdvance >1min MOnTime WSignificant Delay WAdvance >1min  WOnTime MSignificant Delay

Figure 17: Bus punctuality shares for the bus lines studied, based on the first on-time measurement. For lines A and B, a strong similarity of shares
is observed between S| and S, while compared to actual shares, the differences are minors, with S, appearing to slightly outperform S ;. For line
C, the resulting shares of S| and S, are different, compared to the referenced shares, S, seems to slightly outperform S |

S1A)[S2A) | [S1B)[S2B)| [S1(O)|S52(C)

Advance > 1 min | +5% +3% +5% | +3% -1% +5%
On-time travel -1% -1% 0% -1% +3% -5%
Significant delay | -4% 2% -5% 2% -2 0%
A(S, actual) 5% 3% 5% 3% 3% 5%

Table 19: Illustration of the differences and gaps between the resulting simulation shares and the actual shares according to the first punctuality
metric, for lines A, B and C

At first glance, one can see some differences in the shares between the different lines, line C seems to be the most
regular on-time bus line among the lines studied, followed by line B then line A. Based on in advance shares, line A
buses are much further ahead than compared to lines B and C. Furthermore, line C, with its shortest bus routes, has the
least late buses, in which the share of Significant delay is negligible, while lines A and B show statistically an almost
identical ratio for significantly delayed buses. The analysis process will proceed as follows: the bus status shares of
the actual observations will be analyzed first, followed by those from the two simulated scenarios. Secondly, the share
of the actual observations will be compared to the shares resulting from the simulation.

For bus line A, the results show that about two thirds of the actual buses are on time and about one third are early
at the timing points. On the other hand, the results of the simulated scenarios indicate a very similar trend for S
and S, with an identical share for on-time travel (with 62%) and minor differences (+ 2%) between in advance and
significantly delayed buses. Compared to the actual data, minor differences were observed with 5% for S| and 3% for
S, respectively.

For bus line B, the shares indicate that approximately three thirds and one fifth of actual buses are on-time and
early, respectively, while significantly late buses represent less than a tenth of the total buses. Furthermore, the results
also show that S| and S, follow a similar trend, with minor differences (3%) for the in advance and significantly late
buses. As for bus line A, the differences between the actual and simulated shares are minor and almost identical, with
a difference of approximately 5% and 3%, respectively, for S| and S .

29



676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

703

For bus line C, it can be observed that almost all actual buses travel on-time, while that a tenth are ahead. On the
other hand, the share of significantly delay is very negligible. Unlike the two previous bus lines (A and B), the results
of the two simulated scenarios (S and §S,) show different trends. S, overestimates the share of buses in advance
(+5%) compared to actual observations and to S, while on the other hand, S| completely underestimates the buses
with a significant delay, estimated to be almost zero.

In total, the results showed significant similarities between S| and S,, with minor differences on bus lines A and
B, and to a lesser extent on line C where the differences appear more significant. Compared to the actual bus delays,
the delays shares resulting from the simulation, using the adjusted recovery time in S, scenario, are more accurate
than those in §';, in which a fixed minimum recovery time of two minutes was implemented. The results obtained in
S, slightly overestimate the ratio of buses ahead of schedule. In short, the resulting simulation distributions for the
three lines studied are with a good fit to the actual reference distributions according to this studied metric.

5.2.2. Impacts of Recovery Time: Bus Delay Severity Metric

In order to investigate in more details the delay shares obtained previously according to the first metric used, the
bus severity delay metric defines buses ahead of schedule and significantly delayed as in the first metric, in contrast,
distinguishing the on-time travel into three sub-classes with a 2 minute horizon, as follows: on-time travel, minor
delay and moderate delay, respectively, if the delay is between -1 and +1, +1 and +3 and +3 and +5 minutes.

BUS PUNCTUALITY - A BUS PUNCTUALITY - B BUS PUNCTUALITY - C
o 5% 5 —— 5% 2%
8% 9%
9% 1% 2oz
15% e
18% 26% 27%
17%
27%
26%
41%
36%
37% a7%
69%
49%
37% S 55%
35%
B 3 33% »
» 22%
19% 16%
1% 10%
ACTUAL s1 > ] ACTUAL s1 52 ACTUAL s1 s2
W Advance > 1 min BOn-time Travel - Minor Delay M Moderate Delay W Significant Delay W Advance > 1 min @ On-time Travel = Minor Delay ® Moderate Delay @ Significant Delay W Advance > 1 min BOn-time Travel © Minor Delay ® Moderate Delay MSignificant Delay

Figure 18: Bus punctuality shares for lines A, B and C, based on the second on-time metric with five levels of delay: in advance, on-time
travel, minor, moderate and significantly delayed. Concerning the resulting shares, the differences between S| and S are much more significant,
particularly for the on-time travel share. The S, shares appear to match the actual data well for lines A and B, and to a lesser extent for line C. In
contrast, S1 seems to considerably overestimate the share of on-time travel and underestimate all the remaining shares

From Figure 18 and Table 20, one can observe a strong resemblance between the shares of bus punctuality both
for the actual observations and S, and that for the three studied bus lines. An exception to note for bus line C, part
of the share (around 5%) of in advance and on-time travel buses seems is poorly located. Furthermore, the share of
minor, moderate and significant delays is almost identical between S, and actual observations. In sum, S is slightly
overestimates the shares of early buses, well adjusted to the shares of minor, moderate and significant delays, with an
approximate deviation of 4% to 6% for the lines studied. In contrast, the S; shares show a significant overestimation
of in advance and on-time, and therefore, an underestimation of minor, moderate and significant shares, with an
approximate deviation of 9% for line A, 15% for line B and 14% for line C.

In short, the results of the second on-time performance metric show that applying an adjusted recovery time
strategy improved the quality of results compared to the fixed recovery time strategy.
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S1(A)[S20) | [S1B)[S2B)| [51(O)|52(0)
Advance > 1 min | +5% | +3% +5% | +3% -1% | +5%
On-time travel +4% -1% +10% | 0% +14% | -6%
Minor delay 2% | +1% 4% | +1% 6% | +1%
Moderate delay | -3% -1% -5% -2% -5% 0%
Significant delay | -4% 2% -5% 2% 2% 0%
(S, actual) 9% 4% 15% 4% 14% 6%

Table 20: Illustration of the differences and gaps between the resulting simulation shares and the actual shares according to the second on-time

metric, for lines studied
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5.3. Validation of Simulation Results: Impacts of Bus Control Strategies on Bus Punctuality

In this section, the emphasis is placed on investigating the impacts of different bus control strategies on bus
punctuality. The strategies implemented are reported in Table 10. In the following, the resulting shares will be
analyzed and compared to the actual shares, according to a number of one-time performance metrics.

5.3.1. Impacts of Bus Holding: Aggregated Delay Metric
The bus punctuality shares based on aggregate delay metric for bus lines A, B and C are shown in Figure 19. The
differences between the resulting simulation shares and the actual shares according to the first punctuality metric are

reported in Table 21.
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Figure 19: Impacts of bus holding strategies - Bus punctuality shares for the bus lines studied, based on the first on-time measurement

A(S, actual) | no-control | scheduled-based | scheduled-based | headway-based
NC S H; S Hy HH
Line A 3% 3% 31% 7%
Line B 4% 3% 22% 12%
Line C 4% 5% 7% 2%

Table 21: Impacts of bus holding - Illustration of the differences between the resulting simulation shares and the actual shares according to the first

punctuality metric, for bus lines A, B and C
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For bus line A, results obtained from actual observations show that about two thirds of buses on time and about
one third are early at the timing points. On the other hand, the results indicate a very similar trend for scenarios NC
and S H3, with an identical share for on-time travel and minor differences (+ 3%) between in advance and significantly
delayed buses. The results show that S Hy appear to completely underestimate the share of ahead bus, and strongly
overestimate the share of on-time buses, the share of significantly delayed buses, on the other hand, is slightly underes-
timated. Furthermore, the HH results indicate an underestimation of the share of early buses, and an underestimation
to a lesser extent of the share of on-time and significantly late buses. In short, for line A, the shares of NC and S H3
appear more similar to the actual shares compared to the shares of HH.

For bus line B, the shares shown indicate that approximately three thirds and one fifth of actual buses are on-
time travel and in advance, respectively, while the buses with a significant delay represent less than a tenth of the total
buses. Furthermore, the results show that NC and S H3 follow a similar trend, with minor differences for the ahead and
significantly late buses. For S Hy, a trend similar to that of line A is observed, including a complete underestimation
of the share of early buses. Moreover, the HH results indicate an underestimation and overestimation of the share
of in advance and significantly delayed buses, respectively. Overall, for line B, the differences between the real and
simulated shares are minor for NC and S Hs3 and, to a greater extent, for HH and S H.

For bus line C, one can observe that almost all actual buses travel on-time, while that a tenth are ahead. On the
other hand, the share of significantly delay is very negligible. The results show a similar trends for NC and S H3 with a
slightly overestimation and underestimation of the share of buses ahead and on-time, respectively, and match well with
the actual share of significantly delayed buses. On the other hand, S Hy follows a different trend by overestimating and
underestimating, respectively, the share of buses early and on-time. Unlike lines A and B, the shares of HH appear to
correspond well to the actual shares, outperforming those resulting from the scheduled-based scenarios.

In total, the analyzed results show significant similarities between NC and S H3, corresponding well to the actual
shares of bus punctuality. In contrast, S Hy seems to strongly underestimate the share of early buses, while HH tends
to overestimate the share of late buses.

5.3.2. Impacts of Bus Holding: Bus Delay Severity Metric

The bus punctuality shares based on bus severity delay metric for bus lines A, B and C are shown in Figure 20. The
differences between the resulting simulation shares and the actual shares according to the second punctuality metric
are reported in Table 22.
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Figure 20: Impacts of bus holding strategies - Bus punctuality shares for the bus lines studied, based on the second on-time measurement

32



744

745

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

A(S, actual) | no-control | scheduled-based | scheduled-based | headway-based
NC S Hj S Hy HH
Line A 4% 4% 31% 9%
Line B 6% 4% 22% 17%
Line C 4% 6% 9% 4%

Table 22: Impacts of bus holding - Illustration of the differences and gaps between the resulting simulation shares and the actual shares according
to the second punctuality metric, for bus lines A, B and C

From Figure 20 and Table 22, one can observe a resemblance between the shares of bus punctuality for the
actual observations, NC and S H3, and that for the three studied bus lines. Exception to note for line C, part of the
share (around 5%) of in advance and on-time travel buses seems is poorly located. Furthermore, the share of minor,
moderate and significant delays is almost identical between S H3, NC and actual observations. For S Hy, the resulting
early and on-time bus shares are heavily neglected and overestimated for lines A and B respectively, while the slightly
late bus shares are also overestimated, but to a lesser extent. On the other hand, for line C, one can observe a similar
trend but to a lesser extent to that of lines A and B, with an underestimation and an overestimation, respectively for
the share of buses in advance and on-time. For HH, the resulting shares of line A indicate an underestimate of the
share of early and on-time buses, but also a slight overestimation of share of late buses, a similar trend is observed
for line B but to a greater extent, while for line C, minor differences with the actual shares are observed, including an
underestimation of the share of on-time buses.

In short, the shares obtained according to this second bus punctuality measure follow similar trend to that of
the first measure. Compared to actual bus punctuality, the shares resulting from NC and S H3, are on average more
accurate than those from S Hy and HH.

5.3.3. Impacts of Bus Holding: a Third Bus Delay Metric

After having presenting in detail the shares resulting from the application of the two bus punctuality metrics, for
the bus lines studied. The simulation results showed some differences between the actually observed delays and the
delays resulting from the simulation. To better understand the those resulting differences in more detail, the actual
shares will be compared over intervals of one minute increments, alongside the shares resulting from the simulated
scenarios.
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Figure 21: A comparison of actual and simulated bus punctuality shares at control points grouped in one-minute increments, for bus line A
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In Figure 21 the relative frequencies of bus punctuality at the control points of bus line A are illustrated. The
shares resulting of the no-control strategy (NC) correspond well to the actual shares with a negligible difference to
note. One can observe that the shares of S H3 follow the same trend as those of NC, with the exception of the share
of buses more than four minutes ahead, where the share is completely ignored. On the other hand, for buses two to
three minutes ahead, the share is overestimated (+8). For S Hy, the share of early buses is completely underestimated,
while HH appears to slightly underestimate the share of early buses, slightly overestimate the share of late buses, and

match well with the share of on-time buses.
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Figure 22: A comparison of actual and simulated bus punctuality shares at control points grouped in one-minute increments, for bus line B
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Figure 23: A comparison of actual and simulated bus punctuality shares at control points grouped in one-minute increments, for bus line C
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Figure 22 illustrates the relative frequency of bus delays for line B. The results show that NC and to a lesser extent
S H3, ranging from good fit to slightly overestimate the share of buses ahead and on-time, respectively. Furthermore,
S Hy and S H3 seem to strongly underestimate the share of buses in advance, with more than three minutes and one
minute ahead, respectively. Moreover, the resulting shares of the scheduling-based holding scenarios follow the same
pattern by slightly underestimating the share of buses with moderate to significant delay. On the other hand, HH
appears to underestimate the share of early buses, to a lesser extent slightly underestimate and overestimate the share
of on-time and late buses, respectively.

From Figure 23, it can be observed that the bus line C is the most punctual line among the lines studied. The results
show that the resulting shares of scheduled-based holding scenarios, correspond well to the actual share of late buses.
NC and S Hj slightly overestimate and underestimate the share of early buses and on-time buses, respectively. In
contrast, S Hy significantly overestimates the share of buses on time and underestimates the share of buses in advance.
On the other hand, HH seems to underestimate the share of on-time buses and to a lesser extent the share of buses too
early, while it slightly underestimates the share of buses significantly delayed.

The differences between the resulting simulation shares and the actual shares according to the third punctuality
metric are reported in Table 23.

A(S, actual) | no-control | 3-min | scheduled-based | headway-based
NC S H; S H, HH
Line A 4% 11% 35% 8%
Line B 7% 10% 22% 14%
Line C 6% 6% 11% 5%

Table 23: Illustration of the differences and gaps between the resulting simulation shares and the actual shares according to the third punctuality
metric, for bus lines A, B and C

Overall, NC seems to adequately match the actual shares of lines A and B, and on average outperform S H3 and
HH. On the other hand, HH shares correspond well to the actual shares of line C, slightly outperforming NC and S H3.
In contrast, the S Hy corresponds the least to the actual shares, for the three studied lines.

5.3.4. Impacts of Bus Stop-Skipping on Bus Punctuality

In this section, the focus is on studying the impacts of bus stop-skipping approach on bus punctuality. The resulting
bus punctuality shares - based on the second metric - of the two scenarios (S K3 and S K5) in which stop-skipping is
implemented, as well as the actual shares and the resulting shares of no control scenario, are shown in Figure 24.

BUS PUNCTUALITY - A BUS PUNCTUALITY - B BUS PUNCTUALITY - C
™ 3% 3% % 1%
EZ _“ = £ = =2 5%
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40%
38% 52% 53% 53%
a9 L 55%
35%
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Figure 24: Bus punctuality shares for the bus lines studied, based on the second on-time measurement. Expressing 3-min and Expressing 5-min
refer respectively to the resulting shares of scenarios S K3 and S K5
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For bus line A and B, we can observe a slight increase in the share of early and on-time buses, and at same time
a slight decrease in share of moderately and significantly late buses, for S K3 compared to NC. In contrast, for S Ks,
negligible changes were observed. For line C, the shares of NC, S K3 and S K5 were almost the same. Compared to the
actual shares, S K3 and S Ks seem to diverge, with a greater overestimation of the shares of early buses compared to
NC. In sum, the applied stop-skipping strategy appears to have a slight impact on bus punctuality shares, in particular
by decreasing the share of late buses.

5.4. Simulation vs Actual: Off-Peak and Peak Hours

In addition to the overall validation of bus travel times, previous analyzes using the three bus punctuality metrics
have shown that the simulation results correspond well to the actual bus shares. In the following, a validation process
will be conducted, in which the simulation results of no control scenario will be compared side-by-side with the
actual observations, using the bus severity metric based on defined periods of the day (see Table 6). The simulation
and actual bus punctuality shares, for the three bus lines, are given in Figure 25.
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Figure 25: Punctuality shares of buses, per time slot of the day for the three lines studied

For bus line A,the actual and simulation delay shares appear to follow similar pattern over a number of periods.
During morning peak hours, the share of in advance and on-time travel buses is slightly overestimated. Next, a similar
trend is observed during inter-peak, evening peak and off-peak hours, which account for more than two-thirds of total
trips. The biggest difference is observed during AM off-peak hours, with a significant overestimation of the share of
in advance buses (+11%), and consequently a slight underestimation of the shares of on-time and delayed buses.

For bus line B, moderate differences are observed compared to line A. A very similar trend is observed, between
the two shares during the morning peak hours, and to a lesser extent during inter-peak and evening peak hours.
Concerning the late evening shares, one can observe a significant overestimation of in advance buses (+8%). On the
other hand, few buses run during this late period with approximately less than a tenth of total trips.
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For bus line C, the simulation and actual shares essentially follow a similar trend during evening rush hours and, to
a lesser extent during inter-peak hours. Furthermore, larger differences can be observed during AM peak and off-peak
hours, and PM off-peak hours, with the share of buses in advance being overestimated by +5% in evening off-peak
hours, by +8% in morning off-peak hours, and strongly underestimated in morning rush hours with around +10%.

In short, the results presented in this section give us some insights into the extent to which the simulation is able
to reproduce reality. For the two main bus lines studied (A and B), the shares obtained show a similar trend during
the two peak hours and during the inter-peak hours, which represents more than three quarters of the total trips, for
the two bus lines. On the other hand, more significant differences are observed during off-peak hours in the morning
for line A, and during off-peak hours in the evening for line B. Concerning bus line C, it can be observed that the
differences in sharers are considerably greater compared to lines A and B, due to a certain overestimation on the share
of in advance buses, particularly during morning periods.

6. Discussion and Perspectives

In this section, a discussion of the obtained results, including actual and simulated travel times and bus punctu-
ality, will be discussed in depth. Next, the feature selection process along with an in-depth discussion of simulation
parameters will be presented. Finally, the limitations and perspectives of the proposed work will be given.

6.1. Discussion: Results

In this first section, the resulting travel times and bus punctuality will be analyzed. Furthermore, a discussion on
the impacts of bus recovery time, holding and stop-skipping strategies will be detailed.

6.1.1. Analysis of Travel Times

From the results at hand, the theoretical travel times seem to differ slightly from the observed travel times, these
differences can be explained by: on the one hand, the theoretical arrival times at control points are rounded to nearest
minute (hh:mm:00); on the other hand, on the last route segments, bus drivers will often tend to reach the terminal
stop as quickly as possible. Furthermore, differences travel times between routes on the same line can be explained by
a different level of demand and traffic in each direction. For line B, another explanation for the observed travel times
differences is plausible, with the Refour route has more segments than Aller route. Furthermore, route segments B-A 1
and B-A2, together with B-R4 to B-R7 follow the same road but in opposite directions, this latter split of the Retour
route, resulting in a higher number of control points, generates some of the significant differences due to shorter
segments and therefore shorter travel times. For line C, the differences are insignificant in both directions, can be
explained by the fact that the bus routes of line C are much shorter compared to A and B.

The simulated travel times provided by ML models (fi, f> and f3), are highly resembled and statistically similar
to the actual travel times. For line C, the differences across all route segments are negligible, averaging a few seconds
per route segment. These similarities can be explained by the nature of travel time variability, which to some extent
corresponds to probabilistic distributions regardless of the features selected to train ML models. In sum, ML models
with stop time as feature (f; and f,) perform better than those built by only considering bus delay at the stop (f3).
Moreover, ML models with only the stop time as a feature (f}) relatively match the best actual travel times. As
expected, bus travel times are highly dependent on the time of the day. In contrast, travel times seem less sensitive to
the bus delay, whether the bus is late or not.

Overall, ML travel times are on average more accurate compared to the travel times estimated by probabilistic
distributions, according to both goodness of fit metrics MAE and RMSE, during morning and evening peak hours.
Furthermore, the travel times obtained during the evening rush hours appear more accurate than those during morning
hours, which may be explained by a better fitting of evening travel times using probabilistic distributions compared to
the morning travel times.
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6.1.2. Analysis of Bus Punctuality

Impacts of Bus Recovery Time Strategies. The share of bus punctuality, resulting from the first two simulated sce-
narios (S and S,) appear to closely follow the actual shares according to the first metric, S, seems to significantly
outperform S| according to the second metric, in which S, greatly overestimates the share of buses on time. This
could be explained by the applied recovery time strategy, in which the latter simulation parameter was set to a min-
imum of two minutes in S, while it was adjusted in S,. The choice of recovery time strategy will be discussed in
depth below.

Impacts of Bus Holding Strategies. The second set of scenarios aims to investigate the impacts of bus holding strate-
gies on bus punctuality (see Table 10). The shares obtained according to the first and second metric, show significant
similarities between NC and S H3, with both on average more accurate than those from S Hy and HH. In contrast, S Hy
seems to strongly underestimate the share of early buses, while HH tends to overestimate the share of late buses. Ac-
cording to third metric, NC seems to adequately match the actual shares of lines A and B, and on average outperform
S H; and HH. On the other hand, HH shares correspond well to the actual shares of line C, slightly outperforming NC
and S H3. In contrast, the S Hy corresponds the least to the actual shares, for the three studied lines. The bus holding
strategies implemented, including holding criteria will be discussed in detail below.

Impacts of Stop-Skipping Strategy. The third set of implemented scenarios (SK3 and SKS5) aims to investigate the
impacts of bus stop-skipping strategy on bus punctuality. The observed slight decrease of the shares of moderately
and significantly late buses is the result of applying the stop-skipping strategy. Overall, this strategy has a negligible
impact on bus punctuality shares, which can be explained by: 1) a low share of buses moderately and significantly
late, and 2) the impact of the defined skipping criteria, which will be discussed in detail below.

Simulation vs Actual: Off-Peak and Peak Hours. Besides, the simulation results fit well with the actual data, in terms
of bus punctuality during the two peak hours and during the inter-peak hours, for lines A and B and, to a lesser extent,
for line C, in which the differences are more significant, due to an overestimation of the share of in advance buses,
particularly during morning periods. These larger differences may be explained by the nature of line C, with a low
number of route segments (two segments per route) and by relatively short travel times with on average 10 minutes
for line C compared to 30 minutes for line A and 23 minutes for line B.

On the other hand, the simulation model shows a certain difficulty in adjusting the shares of bus delay during
off-peak hours in the morning and evening. This lack might be caused by an overestimation of the share of early buses
mainly due to a low number of trips during off-peak hours, and therefore a smaller dataset to train and build more
accurate ML models. An interesting observation needs to be pointed. For line A, a very high share of early buses
is observed during evening off-peak hours, which can be explained by a lower traffic level, fewer passengers, which
implies short dwell times and therefore shorter travel times.

6.2. Discussion: Feature Selection

The training dataset is mainly derived from actual bus AVL data, with bus vehicle and trip information such as
bus stop time, bus stop delay and segment travel time, in addition to other derived information such as day of the
week and season. Analyzing the resulting mean decrease in Gini score, stop time and stop delay appear to be the
two most relevant features. Additionally, an in-depth analysis of the input features was then conducted, showing a
higher R? score for ML models built with stop time and stop delay compared to those built with weather features.
The selected features corresponding to the information of a bus during a trip, which make the ML models relatively
simple to implement. On the other hand, training a ML model with few features will likely result in an underfit model.
Additionally, the ML models implemented in this study are designed to predict the travel time of a bus independently
on its fleet. By including information about buses ahead will potentially enhance the quality of trained models. In
contrast, some features may be highly correlated with each other due to the temporal nature of the data, which can
lead to multicollinearity issues.

6.3. Discussion: Simulation Parameters

In this section, the simulation parameters including bus recovery time strategies, scheduled-based, headway-based
and stop-skipping holding criteria will be discussed in depth.
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6.3.1. Bus Recovery Time

Another point to discuss is the choice of bus recovery time strategy. Sufficient recovery time should be built into
the schedule to ensure that the delays encountered during one trip do not carry over on subsequent trips. In this study,
two strategies S| and S, were implemented, with a fixed minimum recovery time up to two minutes in §; and an
adjusted recovery time estimated from the observed recovery times in S .

Applying a fixed recovery time, as with S |, is relatively simple to implement without requiring other correspond-
ing data. On the other hand, the implementation of a short duration straightforward at the end of the trip will likely
have an impact on the bus departure time, only if the arriving bus was very late, otherwise the next bus departure will
be at the predefined time. From the departure delays observed in Figure 15, one can see that buses will likely depart
one minute early and up to two minutes late than the scheduled time. S, attempted to overcome the limitations of S,
by adjusting the departure delay based on those observed, which improved the quality of simulated bus punctuality.
However, the application of this second approach has a major drawback, as it will require historical data, which not
always available, limiting its application to other cases studies.

6.3.2. Holding Criteria

Scheduled-Based Holding. In this section, the value of holding criteria s will be discussed with emphasis on the
three variants of the scheduled-based holding strategy. With s = 0 (S Hp), buses were held whenever were ahead
of schedule. This strategy seems too theoretical and does not reflect actual bus trends, leading to near ignorance on
the share of early buses. Bus drivers tend to tolerate being to some extent ahead of schedule and will therefore not
systematically hold up the bus each time they are early. In fact, bus operators considered a bus up to a minute early
to be on time [114]. With s = +oco (NC), no holding control strategy was applied. Surprisingly, the obtained bus
punctuality shares seem to correspond best to the actual shares, with a slight overestimation of buses ahead. Once
again, this trend may be explained by a certain tolerance of buses ahead to a certain extent on the lines studied. In
order to understand to what extent the holding criteria implemented correspond to the actual criteria, in other words,
how early does a bus to be to be held ? A third holding strategy was implemented with s = 3 minutes (S H3). The
results show that even with more than three minutes ahead, some of in advance buses were not held.

Headway-Based Holding. The headway-based holding strategy HH was implemented with @ = 0.8, which implies
that a bus will only be held if its headway is more than 20% shorter than the scheduled headway. For lines A and B, HH
seems to slightly underestimate and overestimate the shares of ahead and late buses respectively. Explanations may
be as follows: 1) HH aims to maintain the predifined headway between running buses and, with the holding control of
a bus heavily dependent on the preceding bus, an early or delayed departure of the bus will have a subsequent impact
on the following buses; 2) In this study, service reliability is evaluated according to punctuality measures, more suited
to scheduled-based strategies than to headway-based strategies, since it evaluates one vehicle at a time, and in which
maintaining the headway may not be enough to guarantee the punctuality of buses. For line C, HH presents the best
fit with actual shares, which can be explained by: 1) short travel times, on average 10 to 12 minutes; 2) The holding
control is carried out at a single timing point, since the first and last points correspond to the origin and destination
stops respectively; 3) Line C has a relatively large headway compared its route travel time (6/10 minutes versus 12
minutes), and therefore buses will mostly not be held.

6.3.3. Stop-Skipping Criteria

In this section, the value of stop-skipping criteria D,,,, will be discussed. The stop-skipping will only occur if
the bus delay at the control point is greater than D,,,,, and if not, the skipping will not performed. This can lead to
additional delays, particularly if the bus continues to run slower than than expected, and subsequently further skipped
stops, which likely explains the relative slight variation in the share of moderately and significantly late buses, for line
A and B. For line C, with only one skipping stop and relatively short travel times, stop-skipping may not occur, which
may explain the no change in terms of S K3 and S K5 shares compared to NC.

Another factor that we need to highlight is the performed dwell time, in which alighting is allowed, while boarding
is denied. Besides, from the available data, the dwell time is considered as part of the running time, which may to
some extent overestimate the simulated travel times and thus generate a slight delay for buses.
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6.4. Limitations and Perspectives

This study has potential weaknesses and limitations. First, relying on data from just three bus lines in the same
city might not fully capture the complexity and variability of urban public transportation systems. Additionally,
the model’s effectiveness in other contexts, cities, or transportation modes may not have been thoroughly explored
or validated. Although this study attempted to validate the simulation framework based on ML results, it will be
interesting to extend its scope to other cities by conducting simulation scenarios with a larger number of bus lines.

The dataset for bus travel time prediction is somewhat poor, including only trip information. Therefore, it will be
interesting to enrich the training dataset, with information about traffic and road characteristics such as: speed limit
and traffic lights, in order to: on the one hand, to improve the accuracy of ML prediction and, on the other hand,
to extend the scope of the application to other bus lines. Another limitation needs to be pointed out regarding the
resilience and adaptability of the framework. The simulation scenarios were carried out with emphasis on working
day, it will be interesting to carry out other scenarios with emphasis on week-ends and public holidays. In addition,
incorporating more diverse dataset, including special event, will test the resilience and adaptability of the framework.

The results of this study put into perspective certain points on which it will be interesting to work. 1) Running
a simulation model with ML models can be time-consuming, especially for bus lines with a large number of seg-
ments. Thus, in order to overcome this drawback, several ML-Simulation coupling strategies, can be implemented.
2) Another direction for future research concerns the findings of this study. Although previous analyzes have shown
that the simulation model produces good results according to a number of bus on-time metrics, it is also interesting
to investigate the extent to which operational recovery time influences bus on-time performance. 3) One further step
could be the application of different strategies to eliminate delay occurrences, which can be useful to bus operators to
improve service regularity.

7. Conclusions

This paper sheds light on the evaluation of public transportation performance, which constitutes an important issue
facing operators. In this paper, we aim to propose a validation framework integrating microscopic simulation model
with ML techniques. We introduced a hybrid approach combining regression trees trained with three feature sets for
travel times prediction and probabilistic distributions to accurately estimate travel time variability to feed simulation
model. Furthermore, a case study on three bus lines was carried out, in which two scenarios (S and S,) and six
scenarios (S Hy, S H3, NC, HH, S K3 and S K5) were implemented, respectively, to study the impacts of recovery times
and bus control strategies on bus punctuality. The results show that the travel times simulated using ML were very
resembled, with f; adequately matching the best actual travel times with minor differences. They also show that
the proposed hybrid approach combining ML with probabilistic distributions can better better estimate travel time
variability than probabilistic distributions on average.

A first analysis of bus punctuality was carried out, showing a good match between the actual and simulated
simulated shares resulting of S; with a fixed minimum recovery time and S, with an adjusted recovery time derived
from actual data, with overall S, more precise than S ;. A second analysis was carried out. Surprisingly NC with no
holding control seems to correspond best to actual shares, while S Hy seems too theoretical and does not reflect actual
bus trends, leading to high underestimation of bus shares ahead. HH with headway-based holding strategy, presented
the best fit with actual shares for line C. A third analysis was carried out, showing a limited impact of the implemented
bus stop-skipping strategy on the bus punctuality, due to a low share of late buses and the limitation of stop-skipping
to buses very late. We also conduct an error analysis on the punctuality of simulated buses depending on the time of
the day. The simulated buses follow a similar trend during inter-peak and peak hours, and to a lesser extent during the
off-peak hours, in which lines A and B seem to correspond better to actual shares compared to C. The results show
that bus travel times seem strongly dependent on the time of the day and, on the other hand, seem less sensitive to bus
delays. Furthermore, the departure delay at the originating terminal as well as the applied holding control strategy are
the two most influential factors on bus punctuality.

Further research should involve further testing with a lager number of lines and different sets of control points to
evaluate the performance of the proposed framework. Additionally, actual data can be enriched by including informa-
tion on traffic and road characteristics. This will improve the quality of the input data and improve the effectiveness
and robustness of the ML model. The results of this study benefit bus operators to assist them in decision-making, by
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providing appropriate simulation parameters that correspond to a large extent to the actual situation, and thus realize
new scenarios, in actual and similar contexts, based on validated results. We believe this paper is of interest especially
for the practitioners in the field, as it provides in-depth insight into how ML and public transport simulation model
can be integrated into the same framework, to improve quality simulation results.
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Appendix A. Data Section

scheduled | scheduled real real
date vehicle id trip id stop id stop arrival departure | arrival | departure

sequence time time time time
20200916 | VCL-255 | TRP-21022 | STP-1883 1 07:41:00 07:41:00 | 07:41:22 | 07:41:22
20200916 | VCL-255 | TRP-21022 | STP-1884 2 07:42:20 07:42:20 | 07:43:21 | 07:43:21
20200916 | VCL-255 | TRP-21022 | STP-982 7 07:47:00 07:47:00 | 07:48:10 | 07:48:10
20200916 | VCL-255 | TRP-21022 | STP-983 8 07:47:53 07:47:53 | 07:49:12 | 07:49:12
20200916 | VCL-255 | TRP-21022 | STP-990 16 07:56:00 07:56:00 | 07:58:15 | 07:58:15
20200916 | VCL-255 | TRP-21022 | STP-991 17 07:57:06 07:57:06 | 07:58:52 | 07:58:52
20200916 | VCL-255 | TRP-21022 | STP-994 20 08:01:00 08:01:00 | 08:02:07 | 08:02:07
20200916 | VCL-255 | TRP-21022 | STP-995 21 08:01:50 08:01:50 | 08:02:49 | 08:02:49
20200916 | VCL-255 | TRP-21022 | STP-998 23 08:04:00 08:04:00 | 08:05:38 | 08:05:38
20200916 | VCL-255 | TRP-21022 | STP-2105 24 08:05:14 08:05:14 | 08:06:14 | 08:06:14
20200916 | VCL-255 | TRP-21022 | STP-1004 30 08:10:20 08:10:20 | 08:10:59 | 08:10:59
20200916 | VCL-255 | TRP-21022 | STP-1005 31 08:11:00 08:11:00 | 08:11:10 | 08:11:10

Table A.24: A sample of combined data, including scheduled and actual time attributes
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scheduled | scheduled | scheduled real real real
from stop to stop section | from stop to stop section from stop | to stop section
index time time travel time time time travel time
STP-1883 | STP-1884 1 07:41:00 07:42:20 00:01:20 07:41:22 | 07:43:21 00:01:59
STP-982 STP-983 7 07:47:00 07:47:53 00:00:53 07:48:10 | 07:49:12 | 00:01:02
STP-990 | STP-991 16 07:56:00 07:57:06 00:01:06 07:58:15 | 07:58:52 | 00:00:37
STP-994 | STP-995 20 08:01:00 08:01:50 00:00:50 08:02:07 | 08:02:49 | 00:00:42
STP-998 | STP-2105 23 08:04:00 08:05:14 00:01:14 08:05:38 | 08:06:14 | 00:00:36
STP-1004 | STP-1005 30 08:10:20 08:11:00 00:00:40 08:10:59 | 08:11:10 | 00:00:11

Table A.25: A sample dataset aggregated at section level, including: section stops and index, scheduled and real times, and derived travel times

scheduled | scheduled | scheduled real real real
from stop to stop segment | from stop to stop segment from stop | to stop segment
index time time travel time time time travel time
STP-1883 | STP-982 1 07:41:00 07:47:00 00:06:00 07:41:22 | 07:48:10 00:06:48
STP-982 STP-990 2 07:47:00 07:56:00 00:09:00 07:48:10 | 07:58:15 00:10:05
STP-990 STP-994 3 07:56:00 08:01:00 00:05:00 07:58:15 | 08:02:07 00:03:52
STP-994 STP-998 4 08:01:00 08:04:00 00:03:00 08:02:07 | 08:05:38 00:03:31
STP-998 | STP-1005 5 08:04:00 08:11:00 00:07:00 08:05:38 | 08:11:10 00:05:32

Table A.26: A sample dataset aggregated at segment level

Appendix B. Validation of Travel Times
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segment ID segment stops TTiheo | TTacruat | TTyp1 | TTp | TTy3 Ag | At | App | Aps
A-Al STP-1006 — STP-1013 | 434 429 408 | 395 | 402 1% | -5% | -8% | -6%
A-A2 STP-1013 — STP-1017 | 188 121 123 | 131 | 124 35% | 1% | 8% | 2%
A-A3 STP-1017 — STP-1022 | 371 420 422 | 421 | 432 13% | 1% | 0% | 3%
A-A4 STP-1022 — STP-1030 | 584 603 617 | 619 | 636 3% | 2% | 3% | 5%
A-A5 STP-1030 — STP-1846 | 597 419 450 | 470 | 487 -30% | 7% | 12% | 16%
A-R1 STP-1883 — STP-982 | 383 423 423 | 421 | 420 10% | 0% | 0% | -1%
A-R2 STP-982 — STP-990 620 629 648 | 637 | 636 1% | 3% | 1% | 1%
A-R3 STP-990 — STP-994 322 253 262 | 261 | 275 21% | 3% | 3% | 9%
A-R4 STP-994 — STP-998 247 226 230 | 229 | 235 8% | 2% | 1% | 4%
A-R5 STP-998 — STP-1005 392 333 342 | 346 | 362 -15% | 3% | 4% | 9%

Table B.27: Reported average travel times (in seconds) as well as derived relative metric A, for each route segment of bus line A

segment ID segment StOpS TTtheo TTactuul TTfl Tsz TTf'; At,a Afl Afz Af3
C-Al STP-2521 — STP-2525 | 280 282 275 | 276 | 277 1% | -3% | -2% | -2%
C-A2 STP-2525 — STP-2526 | 323 343 333 | 334 | 336 6% |-3% |-3% | -2%
C-R1 STP-2526 — STP-2527 | 288 353 347 | 345 | 349 22% | -2% | -2% | -1%
C-R2 STP-2527 — STP-2440 | 297 226 223 | 223 | 225 24% | -1% | -1% | 0%

Table B.28: Reported average travel times (in seconds) as well as derived relative metric A, for each route segment of bus line C

segment ID segment stops TTiheo | TTactua | TTy1 | TTpr | TTy3 AV Ag Ap Aps
B-Al STP-2349 — STP-1380 | 530 560 569 | 568 | 560 6% 2% 2% 0%
B-A2 STP-1380 — STP-1390 | 588 568 587 | 578 | 586 3% | 3% 2% 3%
B-A3 STP-1390 — STP-1394 | 297 249 254 | 255 | 296 -16% | 2% 2% | 19%
B-A4 STP-1394 — STP-2408 | 480 433 454 | 453 | 486 -10% | 5% 5% | 12%
B-A5 STP-2408 — STP-2746 | 75 92 80 79 80 22% | -13% | -14% | -13%
B-R1 STP-2747 — STP-2348 | 75 114 110 | 112 | 110 52% | -4% | 2% | -3%
B-R2 STP-2348 — STP-1411 | 449 417 422 | 417 | 420 1% | 1% 0% 1%
B-R3 STP-1411 — STP-1415 | 270 231 238 | 237 | 240 -15% | 3% 3% 4%
B-R4 STP-1415 — STP-1420 | 224 286 296 | 291 | 295 28% | 4% 2% 3%
B-R5 STP-1420 — STP-1424 | 444 315 327 | 334 | 365 29% | 4% 6% | 16%
B-R6 STP-1424 — STP-1379 | 251 353 366 | 370 | 359 41% | 4% 5% 2%
B-R7 STP-1379 — STP-834 | 206 169 174 | 223 | 174 -18% | 3% | 32% | 3%

Table B.29: Reported average travel times (in seconds) as well as A values, for each route segment of bus line B

43




Morning peak hours Evening peak hours
segment ID | TT i | Ap1 | App | Aps TTocruar | Ap1 | App | Ap3
A-Al 513 | -10% | -14% | -22% 422 | 3% |-6% | -3%
A-A2 132 1% | 2% | -3% 125 1% | -1% | -1%
A-A3 481 1% | 0% | -8% 433 | 5% | -4% | 1%
A-A4 653 1% | 0% | -3% 619 |-1%| 0% | 4%
A-AS 500 10% | 11% | 13% 433 1% | 3% | 13%
A-R1 418 3% | 4% | 0% 472 1% | 1% | -10%
A-R2 628 2% | 4% | 0% 706 | 4% | 4% | -T%
A-R3 248 1% | -3% | 6% 271 3% | 8% | 13%
A-R4 231 1% | 4% | 1% 253 0% | 2% | -9%
A-R5 349 5% | 2% | 0% 349 | 2% | 3% | 14%

Table B.30: Reported actual average travel times T 7T 4 as well as the relative differences A1, Ayy and Ags, for bus line A, over morning and
evening peak-hours

Morning peak hours Evening peak hours
segment ID | TTqcnar | As1 | Apa | Apz | | TTacruar | Ap1 | Ap2 | Ag3
C-Al 284 3% | -3% | -3% 300 -6% | -6% | -T%
C-A2 342 | -3% | -5% | -2% 305 |-5% | -4% | -14%
C-R1 373 1% | 2% | -7% 306 | -4% | -4% | -10%
C-R2 231 3% | -3% | -4% 233 0% |-1% | 2%

Table B.31: Reported actual average travel times 7 Tyear as well as the relative differences Arp, Ay, and Ay, for bus line C, over morning and
evening peak-hours

Morning peak hours Evening peak hours
segment ID | TT i1 | Ap1 | Ay | Ap TTacwat | Apt | App | Ags
B-Al 573 2% | 3% | 2% 625 2% | 2% |-10%
B-A2 617 0% | 2% | -5% 635 1% | 2% | -7%
B-A3 305 9% | 9% | -3% 313 1% | -1% | -4%
B-A4 548 2% | -3% | -6% 450 1% | 1% | 9%
B-A5 105 | -14% | -15% | -24% 103 | -27% | -28% | -24%
B-R1 99 5% | 0% | 10% 131 4% | 2% |-16%
B-R2 413 1% | 3% | 1% 490 2% | 3% |-14%
B-R3 284 1% | 0% |-14% 260 1% | 1% | -4%
B-R4 310 0% | 2% | -5% 312 0% | -1% | -6%
B-R5 342 8% | 9% | 14% 352 2% | 2% | 9%
B-R6 375 2% | -1% | 4% 384 1% | 2% | -8%
B-R7 188 3% | 4% | -8% 179 -1% | 4% | -4%

Table B.32: Reported actual average travel times T 7T 4enq as well as the relative differences A1, Ay and Ags, for bus line B, over morning and
evening peak-hours
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