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Abstract

Evaluating the performance of public transportation, such as bus lines for example, is a major issue for Public
Transportation operators. To be able to integrate specific and local behaviors, microscopic line simulations, modelling
each buses on a daily basis, provide actual added value in terms of precision and quality. Carrying out more realistic
and accurate simulations requires the use of appropriate parameters. To achieve this, machine learning models trained
on real-world data can be used to feed and parameterize simulation models. To address this scientific question, it
is necessary to determine how to efficiently integrate machine learning and simulation models. This study aims
to couple machine learning and microscopic simulation models using various strategies, evaluate their accuracy and
performance and discuss the advantages and drawbacks of each. A case study involving three bus lines was conducted,
with results validated against real-world data, showing a good fit for both online and offline strategies. With the best
simulation time, good accuracy and adequate travel times and bus punctuality, an offline strategy seems to stand out
from other coupling strategies.

Keywords: Machine learning, Microscopic simulation, ML-assisted simulation, Travel time variability, Bus travel
time, Bus punctuality, Bus line simulation

1. Introduction

Rapid progress in urbanization has modernized the lives of many people, but also brought major problems and
challenges, such as energy consumption, pollution and traffic congestion [1; 2]. To reduce traffic congestion, and
therefore its negative impacts, cities around the world are trying to shift personal traffic to Public Transportation (PT)
[3; 4; 5], also called public transport, public transit or mass transit. It is defined as passenger transportation service,
provided by public or private agencies, available to the general public.

In PT, reliability is considered as one of the most critical features for evaluating Quality of Service (QoS) from
the perspective of passengers and operators. Reliability refers to the certainty that passengers have about the level of
service they will experience while travelling [6]. Maintaining reliable service is important for both transit passengers
and transit operators [7]. Travel time, waiting time, transfer time and comfort level experienced during the transit
trips are also some of the most important attributes of reliability [8], while punctuality and regularity are among the
most important measures for evaluating public transport operations. Punctuality is a feature consisting of a predefined
vehicle arriving, departing or passing at a predefined point at a predefined time [9].

In practice, performance indicators are often estimated purely statistically by practitioners over several months or
years of data. This method provides a relatively consistent picture of the past behaviour of bus lines with low modelling
effort and computational cost, but does not allow these indicators to be evaluated in different "what if?" scenarios
(e.g. roadworks, new traffic priorities, etc.). To face these challenges, bus operators need efficient microscopic bus
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lines simulation models to evaluate the performance indicators of current lines and forecast indicators on potential
developments of these lines.

Machine learning (ML), a branch of Artificial Intelligence (Al), involves using algorithms to enable systems to
learn from data and make predictions or decisions, emulating aspects of human learning. ML and simulation have an
area of intersection, namely machine learning-assisted simulation, describing the integration of ML into simulation
[10]. Performing ML and simulation in the same framework aims at improving the quality of simulation results to
some extent. However, incorporating ML techniques into the simulation model tends to make the overall framework
more complex and very time-consuming.

In this paper, to couple ML models trained on actual bus data with a microscopic transit simulation model, we
propose two strategies: an online strategy with more precise but time-consuming ML models, and an offline strategy
that is less time-consuming but with approximated ML results. The accuracy and performance of the resulting coupled
models will be evaluated using a case study based on real-world data provided by an operator. This evaluation will
include an analysis of travel time day-to-day and period-to-period variability and punctuality performance indicators.
In addition, a discussion on the advantages and limitations of each coupling strategy will be conducted.

The remainder of this article is structured as follows: section 2 reviews related literature, including travel time
variability and prediction, traffic simulation models, as well as the coupling of ML with simulation models. Section 3
provides an overview of the proposed framework for coupling ML and microscopic simulation framework, describes
and illustrates the two suggested coupling strategies in detail. A case study scenario will be described 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 will be presented in section 6 and some concluding remarks in section 7.

2. Literature Review

2.1. Travel Time Variability and Prediction using Machine Learning

Travel time variability (TTV), also known as travel time uncertainty, is the key indicator for measuring the perfor-
mance of the transport system, and can be divided into three distinct components: day-to-day variability, variability
over the course of a day and vehicle-to-vehicle variability [11]. Research emphasizes day-to-day variability, which
describes the degree of variation in travel time for a trip taking the same route over a specific period [12]. TTV im-
portance can be seen from the standpoint of operators and passengers. From the operators’ point of view, high TTV
leads to poor performance of the transport system. This could therefore lead to a loss of passengers and thus revenue
for transport operators. From a passengers’ perspective, travelers expect that the transport system travel time should
not exceed the average or scheduled time by more than an acceptable amount. [13].

Probabilistic distributions are capable of describing the nature and the pattern of TTV. Understanding travel time
distributions and their components is a prerequisite for reliability analysis. Appropriate choice of travel time distribu-
tion is an essential element for efficient microscopic simulations of transportation and transit systems, as well as for
predicting travel time and modeling discrete choices in route selections [14]. Various studies have made considerable
effort to fit travel times using different types of distributions, such as normal [15], lognormal [16; 17; 18; 19; 20],
gamma [21; 22], Weibull [23], Burr [24; 25], Generalized extreme value (GEV) distribution [26], Gaussian Mix-
ture Model [27]. 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 [13].

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. A number of works have been devoted to predicting ETA [28; 29; 30;
31; 32; 33; 34; 35; 36]. Moreover, ML techniques have been widely reported for travel time prediction, due to their
ability to solve complex problems and extract patterns. A number of ML approaches have been widely implemented to
predict the estimated bus arrival time [37; 38; 39; 40; 41; 42; 43; 44] and bus travel time [45; 46; 47; 48; 49; 50; 51; 52].

2.2. Traffic Simulation Models

Traffic simulation can be defined as the mathematical model of transportation systems, implemented through the
application of dedicated computer software. They can be divided according to the level of details provided into
microscopic and macroscopic traffic simulation models. Microscopic traffic simulator focuses on the movement of
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each individual entity in the system. They provide a detailed picture of each individual vehicle including: location,
time and speed [53]. These models are very effective in assessing heavily congested conditions. However, they
are time-consuming, costly, and can be difficult to calibrate. Macroscopic traffic simulators rely on deterministic
relationships between traffic flow, speed and density. They are originally developed to model traffic within specific
transportation sub-networks, such as freeways and rural highways [54].

Over the past decades, a number of traffic simulation frameworks have been developed, among which:

o 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 [55];

e MIT (Massachusetts Institute of Technology) developed MITSIMLab, an open-source microscopic traffic sim-
ulator that evaluates the impacts of alternative traffic management systems, public transport operations and
various strategies at the operational level [56];

o MATSim (Multi-Agent Transport Simulation) developed by ETH Zurich, is a major open-source framework,
used to implement large-scale agent-based transport simulations, it is highly modular, allowing a very high
level of customization [57];

e SUMO (Simulation of Urban MObility) was developed at the German Aerospace Centre. It is a microscopic
multi-modal traffic simulator capable of simulating different types of traffic data, in which vehicles, public
transport and persons are modeled explicitly [53];

e Starling, an agent-based simulation software, proposed by Leblond et al.[58], was developed as a generic frame-
work to deal with spatial issues of territories. The simulation framework is designed to evaluate a specific
mobility service.

2.3. Machine Learning and Simulation Models

The fields of ML and simulation have an intersecting area, which can be divided into three subfields: 1) Simulation-
assisted machine learning describes the integration of simulation into ML; 2) Machine-learning assisted simulation
describes the integration of ML into simulation; and 3) A hybrid combination describes a combination of ML and
simulation with a strong mutual interaction [10].

In recent years, several works have opted for simulation-assisted machine learning, including an approach using
unsupervised ML algorithms to automatically detect repetitive patterns in a program’s execution, to reduce costly
simulation time without significant loss in accuracy [59]. Shafizadeh et al.[60] coupled ML techniques including
SVM, ANNS, tree-based models and statistical models with cellular automata to simulate urban growth in the city
of Tehran. Elbattah et al.[61] proposed a framework incorporating simulation modeling along with ML to design
pathways and assess the return on investment of implementation. Chabanet et al.[62] combined a computationally
expensive simulator with a KNN classifier, which is less computationally costly to use online but whose predictions
are only approximations of the simulator.

On the other hand, ML assisted simulations have been performed in a number of studies, including a proposed
simulation framework to explore the effectiveness of different ML approaches in streamflow simulation for four rivers
in the United States [63]. Yan et al.[64] proposed a method for coupling neural networks and numerical models to
simulate and identify high-risk areas for urban flooding, as well as to predict water accumulation depths. The outputs
of the simulation models are used to feed the neural network. Shahhosseini et al.[65] proposed an approach to couple
a simulation model with ML techniques, incorporating simulation results into the ML models to enhance corn yield
predictions in the US Corn Belt. Abdelaty et al.[66] used the simulated energy consumption scenarios to develop four
different data-driven modelling techniques.

In the field of transportation, many studies have used simulation data and results to build ML models. Al Mamlook
et al.[67] evaluated and compared different ML approaches to predict road accidents, based on driving simulation data.
In another work, Sroczynski et al.[68] used the simulation results to develop and test ML models for traffic prediction.
ML has also been implemented to assist traffic simulation models, among which can be cited Jiang et al.[69], that used
unsupervised ML techniques for parameter calibration of a traffic simulation model. Ratrout et al.[70] proposed a ML
model-based calibration methodology for the PARAMICS model. Jang et al.[71] proposed a method for integrating
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deep reinforcement learning into traffic simulation modeling. Daguano et al.[72] presented a method for calibrating
microsimulation models using artificial neural networks.

The use of frameworks combining ML models and public transportation simulators is still relatively underutilized.
Othman et al.[73] proposed a framework integrating neural network models into a public transport simulation model
to improve real-time supply based on multiple demand scenarios. First, a Multi-Layer Perceptron combined with a
Linear Regression model, trained on traffic data and weather information, was employed to predict congestion type,
duration, and associated travel delays. These predictions are then input into a simulator to model various scenarios,
with the goal of optimizing a scheduling plan in the most cost-effective manner possible.

2.4. ML-Simulation Coupling

A framework for coupling ML and simulation model will mainly include four layers: a data layer, a ML layer, a
simulation layer and an evaluation layer. The coupling scheme depends on the nature of the coupling. In simulation-
assisted ML approaches: input data will be used to prepare datasets to train ML models, the generated ML models will
be used during the simulation, the results of which will be evaluated using key performance metrics. In ML-assisted
simulation approaches, the process begins by setting up and running the simulation scenario. The results from this
simulation are then used to create datasets for training ML models. These models are subsequently evaluated using
appropriate performance metrics. An overview of the ML coupling scheme is shown in Figure 1.

Simulation Simutaton Hodei
Layer Set up simulation scenarios
= . Data Layer
: 7 Data Preparation H
- - Prepare datasets for training ML models
: Input Data Simulation -
B P Results v
Data Layer [ Build Machine Lgarning Models } v
i Data Preparation Set up and train ML models
: Prepare datasets for training ML models ML I-ayer
: i [Deploy Machine Learning ModeIsJ :
N { Build Machine Learning Models } . '
Set up and train ML models v V
ML Layer . -
il : : Simulation Model Simulation
H Deploy Machine Learning Models Implement and run simulation scenarios Layer
E v v v
Evaluation { Model Evaluation J Model Evaluation Evaluation
Layer Evaluate performance of deployed ML models Assess simulation results using KPIs Layer
Simulation-assisted ML Machine learning-assisted
coupling scheme simulation coupling scheme

Figure 1: ML-Simulation coupling scheme

In the field of transportation, there might be a research gap related to the lack of methodology to couple ML and
microscopic models for public transport simulation. Although there is limited existing works on the topic, the cou-
pling process itself, including the exchange between ML and simulation layers, is briefly outlined in most studies. To
address this research gap, this work contributes to the literature by proposing and comparing two strategies for cou-
pling ML with a public transport simulation model. We refer by online the coupling strategy in which the ML models
will provide PT simulation model with bus travel times, the two exchanging directly via a request-response process.
On the other hand, we refer by offline the coupling strategy in which the simulation model will not directly exchange
with the ML models, but will only have access to the resulting outputs of ML models. In other microscopic traffic
simulation works, online/offline strategies refer to online/offline learning, while in this study we refer to online/offline
coupling. In other words, whether a ML is accessible (online) or not (offline). In offline coupling, the results of ML are
integrated (loaded) as input into the simulation model. It is also interesting to evaluate the accuracy and performance
of the simulation model and to understand to what extent each of the coupling strategies can be applied. An overview
of a proposed framework for coupling ML and public transport simulation model is given in Figure 2.
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Set up and train models for bus travel time prediction ¥
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Deploy Machine Learning Models
Bus travel time prediction models |
Response ' Request

v
Public Transit Simulation Model }__l Simulation
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Figure 2: An overview of a framework for coupling ML and public transport simulation models. It consists of four layers: Data layer, in which
transit schedules and actual data are used to generate aggregated datasets. ML layer, in which datasets will be first prepared, a ML model will be
set up, then trained for bus travel time prediction, and finally deployed. Simulation layer, in which a simulation scenario is implemented and then
simulated, in which travel times are estimated by ML models following a request-response process. Evaluation layer, in which the simulation will
be evaluated using a set of KPIs
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Abdelaty et al.[66] X ML prediction models for battery-electric bus energy consumption in transit
Al Mamlook et al.[67] X X ML to predict the freeway traffic accidents-based driving simulation
Chabanet et al.[62] X | x Coupling digital simulation and ML metamodel
Daguano et al.[72] X X Automatic calibration of microscopic traffic simulation models using ANNs
Elbattah et al.[61] X Designing care pathways using simulation modeling and ML

Hamerly et al.[59] X Using ML to guide architecture simulation

Jang et al.[71] X X Agent-based simulation modeling with Deep RL for smart traffic signal control

Jiang et al.[69] X X Parameters calibration of traffic simulation model based on data mining

Othman et al.[73] X X X X ML aided simulation of public transport utilization

Ratrout et al.[70] X X Calibration of PARAMICS model: Application of Al-based approach

Shafizadeh et al.[60] X Coupling ML, tree-based and statistical models with CA to simulate urban growth
Shahhosseini et al.[65] | x Coupling ML and crop modeling improves crop yield prediction in the US Corn Belt
Sroczynski et al.[68] X X Road traffic prediction: by ML equally effectively as by complex microscopic model
Tongal et al.[63] X Simulation & forecasting of streamflows: ML coupled with base flow separation

Yan et al.[64] X A prediction model of urban flood inundation: coupling ML and numerical simulation
Proposed work X X X X x | ML-assisted microscopic PT simulation: two coupling strategies

Table 1: Comparative table of related works

In Table 1, We compare our proposed work with existing studies based on the following aspects: whether the
framework is simulation-assisted ML or ML-assisted simulation, whether the focus is on transportation and public
transport, and whether the work addresses TTV and prediction.
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3. Methodology

In this section, the spatial and temporal components of transit bus route, as well as the data used, will be briefly
presented. The proposed approach to couple ML and simulation models, including online and offline strategies, will
then be explicitly detailed and illustrated on a real case application.

3.1. Problem Statement

A transit bus travels from an origin to a destination, passing through a set of transit stops along the way. Spatial
components can be grouped, according to their type. Section refers to the links between consecutive stops. Segment
is made up of several consecutive sections. Route is formed by the join of all sections from an origin terminal to a
destination terminal [74]. In order to maintain acceptable service reliability, bus operators set up control points along
the bus route. Control points, also called timing points, are particular stops where bus departure times are subject to
regulation or to meet a specific buffer time [8]. Additionally, timing points can be used to divide a transit route into
segments. An illustration of the spatial components of bus routes is given in Figure 3.

Route
Segment 1 Segment k
Section 1 | Sectioni Section N-1
S ‘ ; . o Stop N
UstilE] Stop 2 Stgp I Stop i+1 stopit Terminal

® O O 0 ° o

Figure 3: An illustration of the different spatial components of a transit line

The temporal components of bus routes can be divided into durations and time points. Travel time, dwell time, and
running time are durations, while arrival time and departure time at bus stops are specific points in time. Travel time
consists of both dwell time and running time. Dwell time refers to the period during which a bus remains stationary
at a scheduled stop, while running time refers to the period during which a bus is in motion between two stops.

Depending on the level of detail, operating times can be categorized as follows:

1. Section travel time: This corresponds to the dwell time and running time between successive stops within a
specific section.

2. Segment travel time: This refers to the sum of the travel times for all sections within the segment under
consideration.

3. Route travel time: This refers to the total travel time from the first stop to the last stop.

Figure 4 provides an illustration of the temporal components of bus lines at the section level.

In this study, the data used consist of: 1) Transit schedules, grouped by transit line (e.g., bus line) and formatted
as GTFS (General Transit Feed Specification) tables [75]; and 2) Actual data, structured similarly to a GTF'S stop
times table, providing information on transit trips during a specified period of the year, including date, vehicle ID, the
corresponding trip, and actual stop times. The latter are recorded from GPS trackers on transit vehicles at each stop.
Therefore, scheduled and actual stop times can be mapped in the same data structure based on mutual attributes (e.g.,
trip ID and stop ID).

Next, the actual observations, which are originally available at the stop level, can be transformed to the section
and segment levels. This transformation aims to mitigate the impacts of imprecise stop times, which are susceptible

6



176

177

178

179

180

181

182

183

184

185

186

section travel time

<&
<

.

- dwell time running time
Stop i : Stop i+1
arrival time at  departure time arrival time at
Stop i from Stop i Stop i+1

Figure 4: An illustration of the different components of travel time between two transit stops

to measurement errors that can adversely affect the quality of ML models. The components of the bus route, as well
as the stop and travel times of a bus trip, aggregated at the stop, section, and segment levels, are shown in Figure 5.
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travel time 6mn 485 5mn 32s

Figure 5: An illustration of the components of a bus route with stop and travel times

3.2. Coupling ML and Simulation Models

Before outlining the proposed approach to couple ML and public transport simulation model within the frame-
work, an overview of a generic traffic simulation model Starling [58] will be given. It combines an agent-based
framework and a discrete-event approach, it is a microscopic model for mobility simulation. Its aim is to provide
a basis for the development of computer models for the simulation of specific transportation systems, consisting of
generic simulation classes that can be extended to match the specifications of the system being simulated.

3.2.1. Coupling Approach: Overview

The developed coupling approach was designed in order to provide public transport simulation model with more
realistic travel times, based on historical data via ML models. It consists of three entities: traffic simulation model, the

7



17 deployed ML models and a ML interface which ensures the exchange between the simulator and the ML models. Ad-
s ditionally, in order to perform transit simulation, scenario data and operator parameters will be added to the simulator
19 inputs. An overview of a generic simulation model coupled with deployed ML models is shown in Figure 6.

Simulation Inputs

[ Simulation Parameters ] Generic Framework Simulation Outputs

Settings to configure agent behaviour Abstract Classes
“ - [Generic description of an agent applied to transportation] [ Simulation Events ]
Transit Scenario Data = =>>
Transit schedules and control points l N
Discrete-Event Engine Key Performance Indicators
Generic simulation layer Simulated scenario assessment measures

Including: minimum recovery time,

holding control strategy, etc.

[ Operator Parameters ]
A

PR P

ML Commander |

Deployed Machine Learning Models
Travel time prediction models

Figure 6: An overview of coupling a generic framework with ML models. It consists of two blocks: the block below groups the ML models
deployed for travel times prediction; the block above refers to the simulation framework, its parameters, the scenario data as well as the operator
parameters, and in addition to a ML interface (commander) which ensures the exchange between simulator and ML models

190 From a technical point of view, the simulator iterates through the transit trips one by one, uses the input control
191 points to split the trip route into segments, and applies a specific process to simulate the travel segments. In essence,
12 at each control point, the simulated bus requests its next segment travel time by providing the ML interface with the
153 route segment and simulation information. The ML commander, on the other hand, selects the most suitable model
14 for the requested route segment based on the request information provided. The chosen model will then predict and
195 return the travel time of the corresponding segment based on the simulation information. Finally, the ML interface
1s ~ Will prepare a response and send it back to the simulator. An overview of the coupling process is shown in Figure 7.

— — — — — — — — — — — — — — — — — — —

/; T Generic Framework \ [ Simulator
I : Transit Trips | ‘ ( I
I I
4 ! Trip Route i ; i
; Trip 1 I‘"" Oriain o o Destination | I I : TNP ! i
: (A Terminal Terminal | 1 v | I
I et g Segment 1 Segment 2 Segment k ] ! s 1
(w2 | ! @i : | e —e . I
! | P
] I i
I : = i cP, Segmenti cp, Segment 2 CPy Segment k ! | cpy Segment 1 cp, |
Trip i travel time 7 travel time ? travel time ? ! i travel time 7 !
\‘ ,,,,,,,, - Y- 7 Y ! i 1A ‘}
esponse 1 Request2 & ! Response 2 Requestk § : Responsek
Vi vi
=== == o e et i o o e e —
. Machine Learning Commander (Interface) I
R et Tt e e e —

Segment 1 Segment 2 S k Model 1
Models Models Models Models
Model 2

Travel Time Prediction Machine Learning Models
Models

Travel Time Prediction
ML Models

Figure 7: An overview of the proposed coupling process. The simulation model proceeds on trip-by-trip, dividing the trip route into segments
according to the defined control points (CPs). At each control point, the travel time of the next segment is estimated through a request-response
process. Stepl: The simulator requests the segment travel time. Step2: The ML controller selects the appropriate ML model for travel time
prediction based on the request information. Step3: The selected model predicts the travel time using the provided information and sends the
prediction back to the ML controller. Step4: The ML controller prepares an appropriate response and sends it back to the simulator.
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3.2.2.

Coupling Approach: Online Strategy

In this section, the coupling process will be described in more detail. At this stage of the work, a technical
concept that requires further explanation is the simulator request. It consists of three components: 1) Route segment
information, including attributes such as transit line, origin, and destination stops of the route segment, which will be
used to select the corresponding ML models for travel time prediction; 2) Simulation information, including attributes
such as time of day and stop delay, will be mainly used by the selected ML model to predict the travel time of the
corresponding segment; 3) The data type variable refers to the type of response data, which may be a single value,
such as a mean value, or a probabilistic distribution, such as a normal distribution. An example simulator request is
shown in Figure 8.

zoding="UTF-8"%>
e = "transit line" value "AM />
: = "from stop" value = "STp-1883" />
e = "to stop" value = "STP-982" />
e = "time of the day" wvalue = "07:41:50" />
= "stop_delay" value = "00:00:50" />

; imulation >
<data_ type value = "normal"
</request>

Figure 8: An example of a simulation request, consisting primarily of a route segment and simulation information

The coupling process is performed in several steps as follows:

The simulator prepares a request and transfers it to the ML interface, including the transit route segment, the
simulation information, and the data type of the predicted values.

The ML commander will use the different request information to find the most suitable ML model. This selec-
tion process is carried out in three stages:

— In the first stage, the ML interface retrieves the deployed ML models from the model database, which
match the request segment information. For the sake of simplicity, we assume that there is at least one ML
model deployed for each requested route segment.

— In the second stage, among the retrieved models, the ML models built with mutual features related to the
simulation information are selected.

— In the third stage, the selected deployed models will be compared using evaluation metrics, such as the
coeflicient of determination R?. The best-fit model will then be chosen by the ML commander to predict
the travel time of the requested segment.

Next, the chosen model for the travel time prediction will use the simulation information as the test dataset,
apply the prediction and then return the corresponding travel time parameters to the ML interface.

Subsequently, a response will be prepared by the ML commander using the parameters received. Depending on
the type of the request, specific processes will be applied to distinguish two cases: 1) the predicted travel time if
the requested result is a single value; 2) the parameters of the probabilistic distribution, which can be extracted
by fitting the corresponding dataset of the predicted travel time to the requested law.

Finally, the prepared response will be sent back to the simulator, including the requested parameters.

Figure 9 schematically illustrates the different steps of the coupling process.
In the remainder of the paper, we refer to the ML model as the regression tree model.

9



228

229

230

231

232

233

234

235

236

237

238

239

3
o ., 9
| =
Simulator Prepares a Request LB
Including transit route segment and simulation information i E
N ‘ 7
/’/ \\\
( | Retrieve Models Corresponding to Requested Segment ||
e SSe According to route segment information: transit line and segment stops g
Y N\ ¥ c
{ \\ - - - ©
Select Machine Learning Models with Mutual Feature(s) £
Based on simulation information £
Response Request ¥ 8
Sort Retrieved ML Models then Choose Best-Fit Model E‘
‘. | According to an evaluation metric, such as the coefficient of determination (R2 //
LT ST =
L 3
£~} [} e & ' N
gk S5 - .y =
o= 82 Travel Times Prediction for the Route Segment g
§ $ g5 According to simulation information
a5 @ " oo
! =
\ F . -
\\ // // " " Y -
el . Prepare Response from the Predicted Travel Times %
Depending on the type of request, additional processes may apply c
for instance, fitting the predicted dataset to probability distributions E
¥ £
Return Response to Simulator 8
Including requested travel time parameters a
\ #
N s

Figure 9: A detailed view of the proposed coupling process. (Left): an illustration of the request-response process, simulator prepares and sends
arequest to the ML commander, this latter provides the ML models with request simulation information, which will be used to predict the travel
time, and this will be returned in response to the simulator afterwards. (Right): coupling process - steps

Travel time prediction by the ML model and response preparation by the ML interface, the most important steps in
the coupling process, are presented as follows. First, the simulation information, consisting of a set of feature values,
will be used to retrieve the appropriate decision rule, and hence the associated travel time. From a technical point
of view, an ML test dataset will be built by matching the ML model features with the simulation values, and will
then be used to predict the corresponding decision rule, and therefore the segment travel time. Second, the dataset
corresponding to the selected decision rule will be retrieved from the original data. As stated above, depending on the
type of the request, the response may take the form of a single value or a distribution. In the first case, the average
travel time of the observations will be retained. In the second case, the observations will be fitted with the requested
probability law, and the latter parameters will be estimated. Finally, the estimated travel time parameters will be
returned to the simulator. An overview of the coupling process with a focus on travel time prediction and response
preparation, with the regression tree as the ML model, is shown in Figure 10. In the presented coupling approach, the
simulator and ML models exchange simultaneously via the ML interface. Therefore, in the remainder of this paper,
the proposed approach will be referred to as the online strategy.

[ Simulator Prepares a Request ] / Regression Tree \
L} { Create a Test Dataset from the Request |
ML Commander Selects the Most Suitable Matching mode/ features |
Model for the Req ed S | with simulation information |
________________ N — " |
- i edict Corresponding Tree Leaf (Rule)
| [ Travel Times Prediction for the Route Segment J I | ‘ Applying of the regression tree model to test the dataset |
I { [.., corresponding to the simulation information |
| [ Prepare Response from the Predicted Travel Times } ) I L] |
——————————— — | Prepare Decision Rule Dataset
T | From the original data, retrieve tree leaf observations I
[ Return Response to Simulator ] | - ‘_ |
Estimate Travel Time Parameters |
l Depending on the type of request:
\ 1) Single value > average travel time l

N 2) Probability distribution -> fitted parameters of the requested law ),

Figure 10: Coupling process - regression tree - the focus is on the stages of predicting travel times and preparing the response

10



240

241

242

243

244

245

248

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

3.2.3. Coupling Approach: Offline Strategy

Running a simulation scenario with an online strategy may seem time-consuming because, for each simulation
request, a ML model must be selected and then used to predict the segment travel time. To address the drawbacks of
the online strategy, an offline coupling strategy is proposed in this section. It aims to run simulation scenarios using
approximated segment travel times rather than overusing deployed ML models. In the offline coupling approach, a
pre-simulation is first performed, using ML models to create a table of segment travel times, and then integrating
the generated table into the framework coupling as part of the ML commander. An overview of the offline coupling
strategy is presented alongside the online strategy in Figure 11.

1
| Bl |
]
i Response Request | i Response Request i
]
: | |
| kol :
: P oo ——— |
: : : {/ \\\ }
: ; {’ [ ML Commander \ ;
! 1 i C | |
| @ = | |
| b | 3E w £5 ; !
| | ! } t® B ‘g I |
i ML Commander bl ! %3 25 ! i
| ] | | =Elyes
i i : } Segment } i !
: - i \ | Travel Times Table | ; ;
o €5 | \ 9 ”
| = £ o = | S - !
| Q& = | | |
! e ag L |3 |
| Bzl |22 ol Yo
! as n g | Build Segment !
| | Travel Time Parameter Table I ;
| i ! I Adjusted law parameters !
I ]
| \ bl I | |
1 ! }

L e >
N / 3 \

Online strategy Offline strategy

Figure 11: An overview of coupling strategies with emphasis on the request-response process. For the offline strategy, a table with approximate
travel time parameters will first be built based on deployed ML models, integrated into the ML interface, and then used to simulate travel times
during the request-response process

To build the segment travel time parameter table, the following process will be applied. First, based on a set of
features and an evaluation metric, the best-fit deployed ML model will be retrieved for each route segment. Second, a
dataset consisting of the actual observations corresponding to each decision rule of the selected model will be prepared.
Third, the travel time parameters of the decision rules will be estimated. This involves adjusting the corresponding
observed travel times of each decision rule to the chosen probability law. An overview of generating a table of segment
travel time parameters based on deployed ML models is depicted in Figure 12.

The presented offline strategy travel times table is built according to the set of decision rules (a set of feature
values). A second alternative for estimating a segment’s travel time parameter table can be derived based on static
time periods (e.g., in 15-minute increments) corresponding to a temporal attribute (e.g., stop time). Therefore, the
process of generating the segment travel time parameter table for the second variant is given as follows. First of all,
and similarly to the first offline variant, the ML model best suited to the corresponding segment s € S will be selected.
Next, the selected model rules will be filtered, and only a set of rules R corresponding to the time period t € T will
be kept. The fitted parameters of the chosen law will then be estimated for each decision rule » € R. Next, for each
selected decision rule r € R, a weight value w, for period ¢ will be estimated according to Equation 1. Finally, the law
parameters per time period ¢ € T will be estimated according to Equation 2.
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Figure 12: An overview of the building segment travel time parameter table process

t It N rtime?atlI
W, = ——
It
Where:

ey

o |#: is the absolute duration of a time period ¢
® Time_an: Tefers to the selected time attribute numeric range in which a decision rule r is satisfied
e wi: is the estimated weight of rule r for time period ¢

Pi= " Plwl

reR

Where:

@

e P! refers to the estimated value of the law parameter i of the time period
e PI: refers to the estimated value of the law parameter i of the decision rule r

The normal distribution has been widely used to estimate TTV [15; 14; 76]. An application of Equation 2 accord-
ing to the normal law is formulated in Equation 3.

u’=Zu’-W’r

reR

o' = E o wh

reR

Where:

3

e u and o refer to the mean and standard deviation parameters of the normal distribution, respectively.

An overview of the updated process for estimating travel time parameters with static time periods is presented in

Figure 13.
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Figure 13: An overview of the process of estimating travel time parameters based on static time periods. The process iterates through each of the
route segments and time periods, selects the best-fit segment ML model, retrieves and estimates the corresponding decision rules and their travel
time parameters, respectively. Finally, the rule weights will be calculated and then used to deduce the corresponding law parameters over static
time periods

After detailing the process of building the segment travel times table, the next step in the offline strategy is to
update the request-response process, as follows. First, the simulator prepares its request in the same way as in the
online strategy. Then, the ML commander uses the simulation information along with the route segment to retrieve the
corresponding travel time parameters from the created table. Finally, the ML commander prepares its response and
sends it back to the simulator in the same way as in the online strategy. An overview of the offline request-response
process is shown in Figure 14.
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Figure 14: An overview of the request-response for offline coupling strategy. (Left): Overview of the process. (Right): Process steps
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3.3. Coupling ML-Simulation: Illustrations

3.3.1. Online Strategy: Illustration

In this section, the application of the described coupling process applied on the first route segment of an anony-
mous French urban bus line referenced as A, will be detailed in the following. The selected transit route and its bus
stops are shown in Figure 5. An overview of the coupling framework applied on the chosen route segment is shown

in Figure 15.

Generic Framework

I
; TransitTrips =
i : i Origin THin Boute Destination
3 TRP-;1022 ) T. ! Terrr?inal ‘ » Terminal
i . Segment 1 . :
i i . . ....................... . .
i | ! y !
i | | i
; | | stp-18s3 | Segmentd STP-982 STP-998 STP-1005
i : : travel time ?
Lo s A /
Request 1 E E Response 1
v:

Travel Time Prediction
Machine Learning Models

Figure 15: An overview of the coupling framework on a real case application: an anonymous French urban bus line

The first step in the coupling process is preparing the request, which includes: the type of the request, route
segment information, and simulation information, the latter including the stop time of the simulated bus and its delay
at the stop. An illustration of a simulator request is shown in Figure 8. At this point, it should be noted that the request
type, which defines the type of the travel time data returned, will be discussed in more detail below.

Next, the ML commander receives the request from the simulator and processes it in three stages. In the first
stage, the segment route information from the request will be used to filter the indexed models. Therefore, the models
corresponding to the transit line A, with STP-1883 as the origin and STP-982 as the destination, will be retrieved.
These models are presented in Table 2.

key algorithm | transit line | from stop | to stop input features model target | score (R?)
68dsfnro6 RT A STP-1883 | STP-982 stop time real travel time 36%
frvec9fb RT A STP-1883 | STP-982 stop time real travel time 35%
cq5Sxdddu RT A STP-1883 | STP-982 | stop time;stop delay | real travel time 36%
73p81dxl RT A STP-1883 | STP-982 | stop time;stop delay | real travel time 35%

Table 2: A sample of the indexed models with a focus on the selectable route segment models (in bold)

In the second stage, the time of the day and stop delay attributes will be used to match the suitable ML models.
Therefore, ML models without mutual attributes will be dismissed. It is worth noting that request attributes with the
same meaning to model input features will be updated. For instance, stop time and time of the day are two feature
attributes with the same meaning. The matched and dismissed models are given in Table 3.
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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%
frvec9tb RT A STP-1883 | STP-982 stop time real travel time 35%

cq5x4ddu RT A STP-1883 | STP-982 | stop time;stop delay | real travel time 36%
73p81dxl RT A STP-1883 | STP-982 | stop time;stop delay | real travel time 35%

Table 3: A set of ML models from the indexed database matching the simulator request. (Black): ML models corresponding to simulation attributes.
(Red): unselected ML models

208 In the third stage, the selection of the best-fit ML model will be based on evaluation metrics. In this study, the
200 coefficient of determination R? is used as an evaluation metric and referenced by score attribute in the model index
a0 database. Therefore, the selected ML model for travel time prediction, corresponding to the model with the the highest
st score among the matched models, is given in Table 4.
key algorithm | transit line | from stop | to stop input features model target | score (R?)
cq5x4ddu RT A STP-1883 | STP-982 | stop time;stop delay | real travel time 36%
Table 4: The indexed model chosen for travel time prediction

a02 Next, the selected regression tree model will be used to predict the travel time of the illustrated route segment.
as A test dataset is built by matching the simulation information to the model input features, then used to select the
s« appropriate decision rule, ending with a tree leaf and hence the predicted travel time class. The test dataset, the
as regression tree used, the rule selected, and its tree leaf are shown in Figure 16.
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Figure 16: An illustration of applying the chosen regression tree model on the test dataset built on the simulation information. The green nodes
constitute the selected path nodes corresponding to the predicted decision rule, the grey nodes are the terminal leaves of the tree, while the red node
is the selected tree leaf containing the predicted travel time variable value. On the other hand, white nodes and blue nodes refer to stop time and
delay conditions respectively
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The last step in the coupling process is the preparation of a response from the predicted travel time. In order to
prepare this last response, the selected decision rule observations will be retrieved from the segment’s original dataset.
Depending on the type of request, two responses are to be considered: 1) Single value request, in which the predicted
value is the average travel time of the retrieved observations; 2) Probability distribution request, in which the retrieved
observations are fitted to the requested probability distribution. The parameters of the fitted law will therefore be
returned. The prepared response, depending on the request type, is shown in Figure 17.

Case 1 - single value -
_{Average Travel Time:]

388s

travel time = 0:06: 28
samples = 826
]

0.008

0.006

0004
Case 2 — distribution

normal law a0

Relative Frequency

0.000

Travel Time (ss)

Figure 17: An illustration of the responses prepared based on the type of request. 1) The predicted value is the average travel time of the sample
observations. 2) The relative frequency of the retrieved observations is shown, along with the normal law density function requested and its
parameters: mean (u) and standard deviation (o)

3.3.2. Offline Strategy: Illustration

After illustrating an application of the request-response process using the online coupling strategy, this section
presents an illustration of the offline strategy. It is carried out in two stages: First, the table of segment travel time
parameters, estimated based on the deployed ML models, will be provided; Second, a detailed illustration of a request-
response process will be given. The offline strategy will be applied to the same route segment and simulator request
shown in the previous section.

To build the segment travel time parameter table, a number of parameters need to be initialized. As stated above,
the illustration will take place on the first route segment with STP-1883 as the origin and STP-982 as the destination.
Depending on the offline strategy variant, the following parameters are initialized as follows. For the first variant, the
attributes stop time and start delay are considered as selected features; the distribution chosen is the best-fir, which
corresponds to the probability law best suited to the appropriate ML models. For the second variant, the stop time
attribute is considered as the selected feature; the normal distribution is the chosen law, while the time periods are
increments of 15 minutes. The best-fit deployed models selected to create the segment travel time parameter tables
are given in Table 5, while the two built segment travel time parameter tables are presented in Table 6 and Table
7, respectively. More details on the travel time parameter tables, as well as the distribution laws, are presented in
Appendix A.

key algorithm | transit line | from stop | to stop input features model target | score (R?)
cg5x4ddu RT A STP-1883 | STP-982 | stop time;stop delay | real travel time 36%
68dsfnr6 RT A STP-1883 | STP-982 stop time real travel time 36%

Table 5: Selected best-fit deployed ML models from the model database. Depending on the offline strategy variant: for the first variant (in black);

for the second variant (in blue).
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transit | segment | segment feature probability parameter

line | from stop | to stop values law values
A STP-1883 | STP-982 | 07:25:30 < stop time < 08:09:00 % loc = 178.97; scale = 11.05; df = 18.83
A STP-1883 | STP-982 | 08:09:00 < stop time < 08:33:00 | exponweib loc = 113.78; scale = 231.19;

a=4.73;¢c=1.96

A STP-1883 | STP-982 | 08:33:00 < stop time < 10:45:00 | genextreme | loc = 388.95; scale = 70.80; ¢ = 0.18
A stop delay < 37

A STP-1883 | STP-982 | 08:33:00 < stop time < 10:45:00 X’ loc = 200.05; scale = 11.13; df = 18.26
A stop delay > 37

A STP-1883 | STP-982 | 18:47:00 < stop time < 23:59:59 | genextreme | loc = 312.36; scale = 65.17; c=0.16

Table 6: Segment travel time parameter table built for the first offline variant, with stop time and start delay as selected features and best-fit
distribution as the chosen law

transit | segment | segment feature probability parameter
line | from stop | to stop values law values

A STP-1883 | STP-982 | 07:30:00 < stop time < 07:45:00 normal u=384;0 =66
A STP-1883 | STP-982 | 08:45:00 < stop time < 08:00:00 normal | u=384; 0 =66
A STP-1883 | STP-982 | 08:00:00 < stop time < 08:15:00 normal u=404;0 =70

A STP-1883 | STP-982 | 18:45:00 < stop time < 19:00:00 normal u=432,0=92
A STP-1883 | STP-982 | 19:00:00 < stop time < 19:15:00 normal u=336;0="70
A STP-1883 | STP-982 | 19:15:00 < stop time < 19:30:00 normal u=336;0="70

Table 7: Segment travel time parameter table built for the second offline variant, with stop time as the selected feature and normal distribution as
the chosen law

328 After presenting the two segment travel time parameter tables, an illustration of the application of request-response
ae  process with the offline strategy will be given. An overview of the framework used with offline as a coupling strategy
a0 is shown in Figure 18.
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| .
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I j
. | Segment Travel Time Parameter Table | *

Figure 18: An overview of the framework used with offline as a coupling strategy: a real case of application for an urban bus line
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a1 Next, the simulation request presented previously (see Figure 15), will be prepared. Furthermore, in offline cou-
sz pling, the response is presented in the format of a distribution law with its associated parameters. Therefore, the data
ss  type will no longer be included in the request. The updated request is shown in Figure 19.

oding="UTF-8"2>
= "transit line" value = "A" />
nte = "from_stop" value = "STP-18B3" />
> = "to_stop" value = "STP-982" />
on_info>
ttribute = "time of the day" value = "07:41:50" />
<feature attribute = "stop delay" value = "00:00:50" />

</simulation infos
</request>

Figure 19: Simulation request updated according to offline strategy
a4 Based on the route segment and simulation information, the corresponding decision rule will be selected, by

ss  matching the request information with the feature values of decision rule. The corresponding decision rules according
s to the offline strategy variant are given in Table 8.

transit | segment | segment rule feature offline parameter
line | from stop | to stop values variant values
A STP-1883 | STP-982 | 07:25:30 < stop time < 08:09:00 | first law = y?; loc = 178.97;

scale = 11.05; df = 18.83
A STP-1883 | STP-982 | 07:30:00 < stop time < 07:45:00 | second | law = normal; u = 384; o = 66

Table 8: Decision rules selected based on offline variant

a7 According to the matched decision rule, a response is prepared by the ML commander, including the corresponding
ss law along with its parameters. An illustration of the responses returned by the ML commander to the simulator,
s depending on the offline variant, is shown side by side in Figure 20.
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Figure 20: An illustration of the responses returned based on the offline variant, consisting of the selected law density function and its parameters
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4. Simulation Scenarios

The simulation scenario was developed for three bus lines referenced respectively as A, B, and C. In this section,
the chosen bus lines will be described first, the timing points will be illustrated, and the trained ML models as well as
the simulation model parameters will be provided.

4.1. Bus Lines: Description and Timing Points

Line A buses run Monday to Saturday from approximately five in the morning for the first departure and until
approximately a quarter past nine in the evening for the last departure. On Sundays, the line’s buses run from around
six in the morning to around a quarter past nine in the evening. Buses on this line serve 33 stops in one direction
and 34 stops in the other direction, over a distance of approximately nine kilometers and a travel time of thirty-five
minutes. This bus line is very busy, with an average of one bus every ten minutes during peak hours and one bus every
quarter of an hour during off-peak hours, resulting in a total of 179 trips per working day.

Line B operates every day between five in the morning and nine twenty in the evening. Buses on this line serve
32 stops in both directions, covering a distance of approximately nine and a half kilometers and a travel time of just
over half an hour. In terms of frequency, Line B runs on average with one bus every six minutes during peak hours
and twelve minutes during off-peak hours, resulting in a total of 208 trips per working day.

Line C buses operate all week from approximately five in the morning to nine in the evening, serving 6 stops in
one direction and 5 in the opposite direction. Compared to the previous two lines, bus line C is much shorter, with a
distance of around two kilometers and a travel time of seven minutes. This line runs on average with one bus every
seven minutes during peak hours and ten minutes during off-peak hours, resulting in a total of 186 trips per day.

route | route |route | route distance | route travel time | service frequency
1D name | stops (kms) (minutes) on/off peak hours
Ay A-Aller 33 9.00 37 10/15 minutes
Agr | A-Retour | 34 9.39 38 10/14 minutes
By B-Aller 32 9.59 33 6/12 minutes
Br | B-Retour | 32 9.67 31 7/12 minutes
Cy C-Aller 6 2.19 6 7/10 minutes
Cr | C-Retour 5 1.81 7 7/10 minutes

Table 9: A description of the bus lines studied including: line identifier and name, number of stops per route direction, distance and time travel, in
addition to the line’s service frequency during peak and off-peak hours. A4 and Ag respectively designate the route in one direction Aller, and the
route in the opposite direction Retour of line A

The public transport simulation scenarios will be carried out on working days (Monday to Friday). The operating
days available for the selected lines covered 86, 274, and 281 days for lines A, B, and C, respectively. A description
of the bus lines studied is given in Table 9.

After selecting the bus lines for the simulation, the next step is to define the control points for each bus route.
These selected points will be used to divide each bus route into route segments, in order to train and then deploy ML
segment travel time models. These models will feed the simulation model with appropriate travel times. The retrieved
bus timing points, derived route segments, and their scheduled travel times for the selected bus lines are shown in
Figure 21.

4.2. Machine Learning: Models Trained

In this work, ML models are trained and then deployed in order to: 1) directly feed the simulation model with the
travel times of the route segments in the case of online coupling; 2) build a table of segment travel time parameters in
the case of offline coupling. This study focuses on accurately estimating travel time variability rather than returning
a single travel time prediction value. ML algorithms such as regression trees, which divide the original dataset into
samples based on IF-THEN rules, are suitable for dealing with travel time variability. Thus, the Regression Tree
algorithm is chosen as the ML algorithm in this study. Next, regression trees are trained with two sets of input
features: a) with only stop time; b) with stop time and stop delay. The actual travel time attribute is set as the target.
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Figure 21: A detailed illustration of the route segments of the three selected bus lines. For bus line A, eleven control points are defined in the Aller
direction, and nine in the Retour direction; there are eight and four timing points per direction for bus lines B and C. The route segment is identified
by: its transit line, its route direction (A/R) and its index in the transit route. For instance, B-R2 refers to the second segment of the Retour route of
line B

To build the ML model, we opt for k-fold cross-validation (CV), a technique used in ML to evaluate the perfor-
mance 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 testing data, while the remaining folds are used as training data [77]. Thus, the process is
repetitive until the entire dataset is evaluated. In this study, k = 5 is selected.

In terms of parameters, regression trees are built according to the following parameter values: tree maximum depth
varies between five and fourteen levels, while minimum samples per leaf takes four values ranging from 25 to 100.
In total, for each route segment, 80 regression trees are built and deployed. For line A, 800 and 640 models were
generated respectively, for A4 and Ag. For lines B and C, respectively, 560 and 240 models were generated per route
direction.

4.3. Simulation Model: Model and Parameters

In order to evaluate and validate the quality of the different coupling strategies, a simulation model as well as a
set of its parameters must be defined. The simulation scenarios will be carried out using an online strategy and three
offline coupling variants. In the first two offline variants S| and S, the segment route travel time parameter table will
be built based on the normal distribution, with a static time period of a quarter of an hour for S;. On the other hand,
the table of parameters of the third variant S'3, will be generated according to the best-fit distribution law. We assume
that S 3, and S 3, are considered equivalent during the simulation runtime because no ML models will be trained during
the simulation runtime. Thus, the best-fit ML model from which the segment travel times table will be constructed
will remain the same. S3, and S3, will be referred to as S5 in the remainder of this paper. The different coupling
variants implemented are given in Table 10.

In this study, the simulation scenarios will be performed using a generic framework, briefly described in section
3.2. A high number of simulation iterations is necessary in order to generate sufficient samples for the evaluation of
the coupling strategies. The number of runs to be simulated is set for this study to 1000 iterations.
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strategy coupling | probability time
abbreviation | strategy law periods
S1 offline normal 15-minutes
S» offline normal -
S 34 offline best-fit -
Sap online best-fit -

Table 10: Implemented coupling variants for the simulated scenario, including three offline strategy variants (S|, S and S3,) and one online
strategy (S 3p)

5. Experiments and Results

Before presenting the results obtained, the two-step evaluation process undertaken will be briefly detailed. It aims
to assess the quality of simulation results obtained from each of the coupling variants using performance indicators.
The process is twofold: First, validate ML models for travel time prediction; Second, evaluate the simulated bus
on-time performance accuracy of each coupling strategy. From a technical perspective, simulation results will be
compared to actual observations, including: 1) segment travel times and 2) bus delays at control points. Furthermore,
a computational evaluation of the simulated coupling strategies will take place. Note that the initial dataset was used
entirely as a test dataset to validate the simulation performance.

In the first step of the evaluation process, the simulated segment travel times will be compared side-by-side to the
actual segment travel times. We denote by 7T and TTg, respectively the actual and simulated average travel times
of the route segment r. The two travel times will be compared according to a derived metric A ,, which refers to the
relative difference per route segment r between TTs and TTy4, formulated in Equation 4. Furthermore, the two-sample
Kolmogorov-Smirnov (KS) test [78], a non-parametric method used to assess the similarity between two distributions,
will be performed between actual and simulated travel time distributions, in order to evaluate the resulting day-to-day
travel time variability. Additionally, TTV over the course of the day will be evaluated.

Agp===—1 )

With TTg >0and TT} > 0

In the second step of the evaluation process, a quality assessment of simulated bus punctuality, using a punctuality
measure (operator service reliability), will be performed. It involves comparing actual and simulated punctuality
shares side by side. In this study, the punctuality of the operated and simulated buses will be evaluated based on the
departure delay at the bus stop at the timing points of each of the bus lines. A bus can be classified according to its
delay at the stop into three categories: a) ahead, if the bus is more than one minute ahead of the scheduled time; b)
on-time travel, if the delay is between not earlier than one minute and not later than five minutes at the timing point;
and c) significant delay, if the bus is late by more than five minutes [79].

After introducing the bus punctuality measure, the presented on-time performance metric will be applied at control
points to the resulting actual and simulated on-time performance shares. Thus, a A deviation measure defined in
Equation 5, aimed at quantifying the part of the sharing poorly located between two sets of shares, will be evaluated.

1
A(SisSj)zz'lei,c_Sj,c| (5)
ceC

Where:

i and j are two datasets

C: refers to bus punctuality values with C = {ahead, on-time travel, significant delay}

S ;: corresponds to the punctuality shares of the buses from the i dataset

S refers to share of cin S; with0 < §;. < land Y ¢ Sic =1

A(S;, S j): refers to the part of the sharing poorly located between S; and S ; with 0 < A(S;,5;) < 1
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5.1. ML: Model Validation

5.1.1. Model Validation: Actual vs Simulated Travel Times

In this section, the first step of the evaluation process will be applied. In order to understand how well the actual
and simulated travel times based on ML models are fitted, the simulated travel times resulting from the different
coupling variants will be compared side by side to the actual travel times. The attributes of the route segments of bus
line A, including its route segment ID, its segment stops, as well as the actual average (77T 4) and relative metric values
A, corresponding to the three simulation scenarios (S 1, S», and S3), are given in Table 11.

By analyzing the A values, it can be observed that the simulated travel times provided by the ML models match
the actual travel times well with a very slight deviation. For most route segments of bus line A, A does not exceed 5%,
with the exception of A-A2 and A-R6. These latter segments are particularly short, at around two minutes of travel
time. On the other hand, concerning the simulated travel times of S, S», and §'3, one can see that the differences are
negligible.

Segment ID Segment Stops TTy Asia | Asaa | Asza
A-Al STP-2790 — STP-281 | 222 0% | -1% | 2%
A-A2 STP-28 — STP-314 | 83 5% | -5% | -5%

A-A3 STP-314 — STP-301 | 293 2% | 2% | -2%
A-A4 STP-301 — STP-283 | 118 4% | -3% | -4%
A-AS5 STP-283 — STP-769 | 232 3% | -3% | -3%
A-A6 STP-769 — STP-122 | 190 1% | 0% | -1%

A-A7 STP-122 — STP-123 | 86 4% | -3% | -4%
A-A8 STP-123 — STP-40 | 248 0% 0% 0%
A-A9 STP-40 — STP-41 91 3% | 2% | -3%

A-A10 STP-41 — STP-1891 | 839 2% | 2% | -1%

A-R1 STP-1891 — STP-56 | 272 0% | 2% | -1%

A-R2 STP-56 — STP-65 499 1% | -1% | -1%
A-R3 STP-65 — STP-128 | 372 0% | -1% | -1%
A-R4 STP-128 — STP-129 | 67 2% | 3% | -2%

A-R5 STP-129 — STP-130 | 130 2% | 3% | 2%
A-R6 STP-130 — STP-131 | 120 5% | 5% | -5%
A-R7 STP-131 — STP-134 | 243 3% | 3% | 2%
A-R8 STP-134 — STP-2785 | 683 2% 2% 2%

Table 11: Reported average travel times 774, TTs1, TTs> and TTs3 (in seconds) as well as the related derived relative metric values A, for each
route segment of bus line A

After analyzing the different travel times of bus line A, the next step is to analyze the second bus line B and its
travel times. Regarding the A values in Table 12, the simulated and actual travel times fit well, with a deviation of no
more than 3% for most of segments, except for B-RI, B-R5 and B-R6. For B-RI and B-R5, Ag3 is the highest with
13% and 17% respectively, which is equivalent to a deviation of half a minute and three-quarters of a minute. In total,
the simulated travel times from three simulation scenarios are almost identical, with the exception of the departure
and arrival segment as well as B-RS5.

From Table 13, one can see that the route segments of line C are relatively shorter than those of the previous two
bus lines (A and B). As for A, the relative differences between route segments are minor, averaging a few seconds
per route segment. On the other hand, the travel times simulated using S; and S,, correspond statistically well to the
actual travel times compared to the simulated travel times of S 3.

22



452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

47

472

473

474

Segment ID Segment Stops TTy Asia | Asaa | Asza

B-Al STP-2713 — STP-2460 | 288 2% | 2% | -2%
B-A2 STP-2460 — STP-2465 | 320 1% | -1% | -1%
B-A3 STP-2465 — STP-2474 | 522 1% | -1% | -1%
B-A4 STP-2474 — STP-2478 | 411 2% | 2% | 2%

B-A5 STP-2478 — STP-2484 | 329 0% 0% 0%
B-A6 STP-2484 — STP-2489 | 153 3% 3% 3%

B-R1 STP-2490 — STP-2494 | 219 1% | -1% | 13%

B-R2 STP-2494 — STP-2500 | 316 1% | -1% | -1%
B-R3 STP-2500 — STP-2504 | 357 3% | 3% | -3%
B-R4 STP-2504 — STP-2514 | 579 2% | 2% | 2%

B-R5 STP-2514 — STP-2518 | 248 0% 0% | 17%
B-R6 STP-2518 — STP-2716 | 320 -6% | -6% | -6%

Table 12: Reported average travel times along with the associated deviation metric values, for each route segment of bus line B

Segment ID Segment Stops TTy Asia | Asza | As3a
C-Al STP-2531 — STP-2533 | 184 2% | 2% | -2%
C-A2 STP-2533 — STP-2534 | 75 0% | 0% | 5%
C-A3 STP-2534 — STP-2536 | 76 2% | 2% | -2%

C-R1 STP-2537 — STP-2539 | 102 0% | 0% | 9%
C-R2 STP-2539 — STP-2540 | 74 2% | 2% | -2%
C-R3 STP-2540 — STP-2541 | 65 5% | -5% | -5%

Table 13: Reported average travel times as well as A values, for the six segments of the C bus line

5.1.2. Model Evaluation: Day-to-Day Variability

In order to further analyze the resulting travel times, day-to-day variability will be investigated. Hence, the two-
sample Kolmogorov-Smirnov test will be carried out, between on one hand the distribution of actual travel times
and on the other hand the distributions of travel times simulated. Cumulative relative frequency distribution curves
obtained from the KS test for the three scenarios, over the three lines studied, are given in Figures 22, 23 and 24.

For line A, at first glance, negligible differences can be observed between the curves obtained, except for segments
A-AS as well as the two terminal segments A-A 70 and A-RS, in which certain differences are observed. Figure 23 shows
slight differences overall, except for B-A6 and B-R1, B-R5 for S3, in which a more significant difference between the
actual and simulated CDF values is observed. From Figure 24, larger differences are observed, for line C compared to
those for lines A and B. These differences can be explained by the particularity of line C, on which the route segments
are significantly short (around 2km) short routes segments and therefore short travel times.

In order to quantify the observed differences between the actual and simulated CFD, Kolmogorov’s D statistic (also
called the Kolmogorov—Smirnov statistic) - which quantifies the maximum vertical distance between the empirical
distribution functions of two samples - will be analyzed for each route segment. The resulting D-statistic values for
each route segment of the three lines studied are shown in Figure 25.

For line A, S3 seems to have the lowest D-statistic among the simulated scenarios on average (D ~ 0.06). In
contrast, no clear trend is observed for S| and S ,, with more similar D-statistic values on average (D ~ 0.08). For line
B, one can observe that S3 has on average the lowest D-statistic compared to S| and S,. In contrast and surprisingly,
S 3 has the highest D-statistic on the segments B-R/ and B-R5 (with D = 0.19). For line C, it can be observed that
D-statistic values are relatively higher compared to those of lines A and B. Overall, the results once again show that
S 3 has the lowest D-statistic on average compared to S| and S .

Thus, from the results illustrated on the three bus lines studied, the simulated travel times provided by the ML
models are statistically similar to the actual travel times. The travel times simulated with S; and S, coupling strategies
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Figure 23: Cumulative relative frequency distribution curves obtained for each route segment of bus line B

a5 slightly outperform those generated by S 3.
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Figure 24: Cumulative relative frequency distribution curves obtained for each route segment of bus line C

5.1.3. Model Evaluation: Period-to-Period Variability

After analyzing the day-to-day travel time variability, in this section the focus is on studying the variability of
travel times over the course of the day, also known as inter-period or period-to-period variability, which describes the
variability between vehicles making similar trips at different times during the same day [74].

From Figure 26, the segments of A-Aller route can be grouped into three sets given as follows. The first set
consists of segments A-Al, A-A3, A-A7, A-A8 and A-A9, its variation pattern is characterized by two travel time peaks:
1) at noon and 2) at hours during evening rush hour. Furthermore, for most of route segments, a similar trend is
observed between actual and simulated travel times. For A-A1, the simulation scenarios seem to slightly overestimate
the segment travel times. For A-A3, a similar tendency is observed during the morning and evening periods, and
throughout the day for S5, while in contrast, S| and S, appear to follow a different trend and overestimate the travel
times of the segments in the afternoon. For A-A7, a few observations need to be pointed out. First, the segment
travel times are the shortest among A-Aller segments. Second, three travel time peaks are observed (morning, noon
and evening). Third, the differences between simulated and actual travel times appear larger compared to other
segments. For A-A8 and A-A9, an overestimation of the simulated travel times over most of the day is observed, with
the simulated and actual travel times fitting well, during the evening peak hours.

The second set consists of segments A-A2, A-A4, A-A5 and A-A6, its variation pattern is characterized by a constant
increase in the travel times of the segments during the day, from early morning until during evening rush hours.
Furthermore, for most route segments, a similar trend is observed between actual and simulated travel times. For
A-A2, the results show that the simulated travel times are slightly underestimated during evening peak-hours. For
A-A4 and A-A5, one can observe a very similar tendency between the actual and simulated travel times. For A-A6, one
can observe that S| and §, follow different trends, particularly during the inter-peaks period.

The third set, consisting of segment A-A 10, is characterized by three travel time peaks, during morning and evening
rush hours as well at midday. For A-A10, the longest route segment, S3 on the one hand, seems to follow the same
trend as the actual observations (three peaks) with differences that seem to be greater in the morning and evening than
at midday. S| and S, on the other hand, experience two peaks (morning and evening), with travel times appearing to
stabilize during the inter-peak period.

From Figure 27, for A-Retour, the segments can be grouped into two sets as follows. The first set consists of
A-Retour segments (except A-AS5 and A-A6), where travel times during the day are characterized by relatively stable
values between the morning and evening rush hours.
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Figure 25: Kolmogorov-Smirnov (KS) test results (D-statistic) for each route segment

For A-R1, a particular segment with multiple peaks, S3 on the one hand seems to show similar trends to some
extent as the actual observations. S and S, however, follow a different trend with two peaks during morning and
evening rush hours. For A-R2, the simulated travel times follow a similar trend to the actual observations, with S3
showing a slightly different pattern from §; and S, in the morning. For A-R3, a similar trend is observed with the
actual observations for S3 and, to a lesser extent, for §; and S,. On the other hand, the differences appear most
significant among the "A-Retour” segments. Similar trends are observed with negligible differences for A-R4 and
A-R7, while more significant deviations were observed during the morning compared to inter-peak times for A-RS.

The second set includes A-R5 and A-R6, where a similar trend with a good fit is observed between actual and sim-
ulated travel times. Additionally, travel times observed during evening rush hours were significantly higher compared
to the rest of the day.

From Figure 28, the segments of the B-Aller route can be grouped into two sets as follows. The first set consists of
the first three segments, where the actual travel time variation pattern is characterized by two travel time peaks: 1) at
midday and 2) during the evening rush hour. The differences between the two peaks are relatively small for segments
B-AI and B-A2 and larger for segment B-A3. Furthermore, a similar trend is observed for the simulated travel times,
which are slightly longer during most of the day, except during the evening peak hours.

The second set, consisting of the last three segments, is characterized by a steady increase in actual travel times
throughout the day, with significantly high travel times during the evening rush hours, almost twice those observed
in the morning for B-A4. For B-A4, B-A5, and to a lesser extent B-A6, the resulting simulated travel times follow a
similar pattern to the actual observations with a main peak in the evening, but overestimate travel times throughout
most of the day.
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Figure 26: Travel time variability over the course of a day - bus line A - Aller
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Figure 27: Travel time variability over the course of a day - bus line A - Retour

From Figure 29, for B-Retour, the segments can be grouped into three sets.

The first set, consisting of B-R1 and B-R3, is characterized by a small variation in actual travel times over the course
of the day. Additionally, the travel times of S| and S, appear to follow the same pattern as the actual travel times
with minor deviations. In contrast, the travel times of S 3 seem significantly deviated, with substantial overestimation
during the evening and afternoon for B-R! and early in the morning for B-R5.
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Figure 29: Travel time variability over the course of a day - bus line B - Retour
530 The second set includes segments B-R2, B-R3, and B-R4. This set is characterized by a steady increase in travel

st times during the day for B-R3 and B-R4 and, to a greater extent for B-R2, with a peak in actual travel times during the
sz evening rush hours. A similar trend is observed for the simulation scenarios, with travel times overestimated to some
s extent throughout the day, except during the evening.
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The third set consists of segment B-R6, where two peaks can be observed at midday and during the evening rush
hours, with relatively small differences between the two peaks. Additionally, the simulated travel times seem slightly
overestimated.
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Figure 30: Travel time variability over the course of a day of bus line C

After analyzing the period-to-period travel time variability of lines A and B, the next step is to analyze the vari-
ability of line C, focusing specifically on the departure segments (C-A/ and C-RI) with an average travel time of more
than two minutes.

From Figure 30, similar trends between actual and simulated travel times can be observed, including multiple
peaks (morning, noon, evening). Contrary to the trends observed for lines A and B, travel times during morning rush
hours are longer than during evening rush hours. Furthermore, the differences appear relatively minor, averaging just
a few seconds. However, a notable observation is the trend for S3, where the simulated travel times are significantly
overestimated compared to the actual travel times for C-A2 and C-R1, particularly in the afternoon and around noon.

5.2. Simulation Model Precision: Actual vs Simulated Bus Punctuality

The second step in the evaluation process is to assess simulated bus punctuality. The punctuality measures outlined
in Section 5 will be estimated based on actual observations and the three simulated scenarios (S 1, S,, and S 3) for each
of the three bus lines (A, B, and C). The resulting shares, obtained from each dataset, will be statistically analyzed and
compared side by side.

Figure 31 provides initial insights into how bus on-time performance is distributed according to the presented
metric, applied to all 12 datasets. Further details on the differences between the shares resulting from the simulation
scenarios and the actual shares are provided in Table 14. At first glance, one can observe some differences in the shares
between the different bus lines, with A and C appearing to be slightly more punctual than B. Based on ahead shares,
line C buses are much more ahead compared to lines A and B. Furthermore, line C, with its shortest bus routes, has
the least number of late buses, where the share of significant delay is negligible, while lines A and B have statistically
similar ratios for significantly delayed buses.

For bus line A, results from actual observations show that approximately two-thirds of buses are on time and
about one-fifth are early at control points. On the other hand, the shares obtained from the three simulated scenarios
indicate a very similar trend, with minor differences (+ 2%) across different delay categories. In total, the simulation
shares appear to be comparable to the actual shares, with differences ranging from 4% to 5%, resulting from a slight
underestimation of the share of buses with significant delays.
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Figure 31: Bus punctuality shares for the bus lines studied, based on the first punctuality measurement. For the three studied lines, a strong
similarity shares is observed between S 1, S, and S3 compared to actual shares, with S| appearing to slightly outperform S and S3

For bus line B, approximately two-thirds of actual buses are on-time travel and one-fifth are ahead. Buses with a
significant delay represent less than a tenth of the total buses. Furthermore, the results show that the resulting shares
do not follow exactly the same trend. While S| slightly underestimates the share of late buses (-5%), S, and S 3 tend
to overestimate the share of on-time travel (+8% and +6%, respectively). As with bus line A, the differences between
the actual and simulated shares are moderate, ranging from approximately 5% to 8§%.

According to the results obtained from applying the first metric to the bus line C datasets, approximately two-
thirds are on time and one-quarter are early. On the other hand, the share of buses with significant delays is very
negligible. Unlike the two previous bus lines (A and B), the resulting shares from the three simulated scenarios show
an identical trend to the actual shares with negligible differences not exceeding 2%.

In summary, the analyzed results show significant similarities between the shares of S|, S,, and S3 with minor
differences on bus lines A and C, and to a lesser extent on line B. Compared to actual bus delays, the delay shares
resulting from the §; simulation scenario appear to be slightly more accurate than those from S, and S3, which
slightly overestimate the share of on-time buses. In short, the resulting simulation distributions for the three studied
lines are well-fitted to the actual reference distributions according to this metric, demonstrating good accuracy of the
simulation model.

Line A Line B Line C
Sa S Sy Ss3 S S So S3 Sa S Sy Ss3
Ahead 17% | 21% | 19% | 20% 21% | 24% | 18% | 16% 24% | 26% | 26% | 24%

On-time travel 76% | 76% | 18% | 77% | | 72% | 74% | 80% | 718% | | 75% | 74% | T4% | 75%
Significant delay 7% | 3% | 2% | 3% 7% | 2% | 2% | 6% 1% | 0% | 0% | 1%

A(S, actual) - 4% | 5% | 5% - | 5% | 8% | 6% - 2% | 2% | 0%

Table 14: 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

5.3. Coupling Model Performance: Offline vs Online Computation Time

After validating the simulated travel times and evaluating the accuracy of the implemented coupling strategies, the
next step is to evaluate the simulation model performance. Figure 32 illustrates the experimental computation times
for building a decision tree for travel time prediction as well as simulation execution time.

From Figure 32.(a) and (b), one can observe that the computation time for building one ML model, which includes
dataset preparation and training time, is higher for lines B and C compared to line A. On the other hand, it can be seen
that the total time required to build all segment models is higher for line A than for lines B and C. These trends can be
explained by a larger dataset for bus lines B and C, and a larger number of route segments for line A.
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From Figure 32.(c) and (d), the simulation time appears to be slightly higher for lines A and B compared to line
C. For the coupling strategies, S is notably the strategy with the lowest simulation time for all three bus lines. On
average, S | requires two to three times less computation time compared to S, and S 3,, and up to seven times less than
Sap. For S, and S3,, which are based on the normal and best-fit probability laws, respectively, a similar execution
time can be observed, with S35, having a relatively higher simulation time than S,. As expected, for S 35, the online
coupling strategy has a high computational time compared to the three offline coupling variants. For the scenarios
conducted, the online strategy simulation is on average twice as slow as its equivalent offline strategy.
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Figure 32: Overview of the different calculation times for each bus line. (a): Average time to prepare the dataset and train tree regression for
segment travel time prediction. (b): Total ML model building time per bus line. (c) and (d): Single and total simulation time for each bus line (1000
iterations). 1 is the strategy with the lowest calculation time, while the online strategy S 35, is the one with the highest computation time

The resulting differences in total simulation time between the studied lines can be explained by: 1) the number
of route segments and 2) the number of simulated trips. The advantage of S; over other strategies is explained
by the fixed size of the table of segment travel time parameters, built on the basis of a feature (stop time) and a
period static time (15 minutes). Furthermore, the relative difference in calculation time between S, and S 3, could be
explained by the fact that the empirical time necessary to generate a valid travel time value with the normal law is, on
average, lower than that of the best-fit law. Additionally, the application of the request-response during the simulation
is time-consuming, particularly using the online coupling strategy, which requires retrieving, for each request, the
corresponding ML model from the indexed ML database. Therefore, excessive access to the index database leads to
a much longer simulation time, as in S 3,. It should be noted that applying an offline strategy requires building a table
of travel time parameters, with the building time being relatively minor compared to the scenario simulation time,
ranging from a few seconds to a few minutes depending on the number of segments and the models built, and to a
lesser extent on the distribution law chosen.
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6. Discussions

The simulated travel times provided by the ML models match well with the actual travel times on the three lines
studied, with S| and S, slightly outperforming S 3. From Table 12, S5 appears to significantly overestimate the travel
times of B-RI and B-R5, which can be explained by an imprecise trend in period-to-period travel time variability. This
results in a significant deviation in travel times, in the afternoon and evening for B-R/ and during off-peak hours in
the morning and the evening for B-RS5.

Concerning day-to-day variability, the differences between the actual and simulated CFD for segments A-A10 and
A-R8 (see Figure 22) are the result of a significant overestimation of travel times during morning rush hours and, to a
lesser extent, during evening peak hours, in which travel times are the longest. Similarly for B-A6 (see Figure 23), and
despite a relatively small deviation between the travel times obtained (A =~ 3%), the differences can be explained by a
relative overestimation of the simulated travel times, particularly during off-peak hours in the morning and evening.

Concerning period-to-period variability, three trends were observed: 1) A pattern with a peak in the evening,
which can be explained by the impact of the increase in traffic over the course of the day; 2) A pattern with two
peaks at midday and in the evening, which can be explained by a reduction in road congestion in the afternoon; and
3) A pattern with three peaks (morning, noon, and evening), for certain segments of line C, where the earliest peak
is explained by the presence of traffic lights as well as crossroads near educational facilities such as high schools.
Furthermore, the results showed that travel times during evening rush hours are significantly longer than the rest of
the day, which can be explained by a high level of traffic and congestion.

For S| and S, a very similar trend was observed, which can be explained by the choice of normal distribution to
fit the observed travel times. The travel times estimated using S| and S, were more regular during the inter-periods,
which can be explained once again by: 1) the use of normal law and 2) a relatively small variation in the observed
travel times. In contrast, the S 3 trends appear to match those in actual travel times on most route segments. However,
it also fails to accurately estimate travel times, especially during inter-periods, leading to discrepancies, which can be
explained by an unsuitable law for travel time fitting.

The delay shares resulting from the simulation generally corresponded well to the actual shares, with a slight
underestimation of the shares of late buses according to the first bus punctuality metric. Furthermore, none of the
applied coupling strategies seem to stand out; the differences appear very limited or even negligible, S| and §3
being slightly more regular and outperforming S,. On the other hand, according to the second punctuality metric,
the resulting shares of the simulation lack precision, with significant differences, particularly for buses on time and
slightly late. This could be explained by a late departure of some buses. For instance, if a bus leaves its terminal
relatively late, it may not be able to make up the scheduled stop time and, therefore, be late at control points, resulting
in an increase in the number of delayed buses. To overcome this drawback, integrating actual bus departure delays
into the simulation model will greatly improve the simulation results.

From a computational point of view, the bus-line simulation time scales depending on the number of route seg-
ments and trips simulated. S is the strategy with the least simulation time, followed by S, and S3,, while S 3, has
the highest simulation time. The advantage of using an online strategy is retrieving from an updated model database.
Additionally, it provides the ability to use multiple models per route segment. On the other hand, applying an offline
strategy allows the use of a single model per route segment, with the need to rebuild the parameter table each time a
new ML model is built and inserted into the database. The building time of the travel time parameter table increases
slightly each time a new model is indexed but remains much lower than the online simulation time. In summary,
applying an offline coupling strategy requires less simulation time than an online strategy.

Overall, S| seems to stand out from other coupling strategies with a good trade-off between simulation time and
adequacy to actual observations for both travel time and bus punctuality. In short, the online coupling strategy is more
suitable for real-time applications. On the other hand, offline coupling strategies, with good model accuracy and the
best computation time, are suitable for simulation applications.
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7. Conclusions

This paper sheds light on how ML and public transport simulation models can be effectively coupled. In this
paper, we suggested two coupling strategies: 1) online, in which ML models provide PT simulators with travel times,
and 2) offline, in which travel times resulting from ML are integrated as input data into the transit simulation model.
In the proposed framework, various data sources are integrated, ML models are trained and deployed for predicting
bus travel times, and simulation scenarios are implemented and executed. A case study was carried out on three bus
lines in a French city with four scenarios, including three offline coupling variants (S, S, and §3,) and one online
variant (S 3,) per bus line.

A first analysis aimed at validating the simulated travel times was carried out. Furthermore, two analyses were
conducted to further evaluate the variability in travel from day to day and from period to period. The results showed
that S and S, followed a very similar trend, while S3 matched the actual trends but also showed difficulties in ac-
curately predicting travel times in particular situations, leading to some deviations. Overall, the resulting simulated
travel times adequately match actual travel times, with slight differences observed, in which S| and S, slightly out-
perform S3. On the other hand, an evaluation of the accuracy of the model was carried out. Despite the use of more
approximate travel times, the offline strategies show as good a match as the online strategy between the actual and
simulated bus punctuality shares. In terms of performance, S stood out from other coupling strategies with less sim-
ulation time. Overall, S| appears to be the best strategy, with good model precision and the best calculation time. We
believe this paper is of particular interest for practitioners in the field, as it provides insights into how to effectively
couple ML and public transport simulation models, as well as the benefits and limitations of each strategy.
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e Appendix A.

Abbreviation | Description

% Chi-squared distribution

dweibull Double Weibull distribution

exponnorm Exponentially modified Gaussian distribution
exponweib Exponentiated Weibull distribution

gamma Gamma distribution

genextreme Generalized extreme value distribution
log-normal Log-normal distribution

normal Normal distribution

rayleigh Rayleigh distribution

Table A.15: List of probability laws used in this work

feature probability parameter values

values law loc scale a c df K S
00:00:00 < stop time < 07:25:30 | exponnorm | 279.04 | 47.24 0.72
07:25:30 < stop time < 08:09:00 X’ 178.97 | 11.05 18.83
08:09:00 < stop time < 08:51:00 | genextreme | 405.45 | 81.22 0.16
08:51:00 < stop time < 09:52:30 | log-normal | 63.20 | 328.82 0.21
09:52:30 < stop time < 10:45:00 | genextreme | 397.87 | 61.38 0.17
10:45:00 < stop time < 11:05:00 | rayleigh | 286.08 | 126.84
11:05:00 < stop time < 12:32:00 | genextreme | 420.60 | 69.58 0.11
12:32:00 < stop time < 15:02:00 | log-normal | -43.50 | 470.37 0.14
15:02:00 < stop time < 16:09:00 | genextreme | 416.49 | 70.86 0.13
16:09:00 < stop time < 16:26:00 | genextreme | 432.99 | 87.79 0.15
16:26:00 < stop time < 17:32:00 | gamma | 221.73 | 57.94 | 5.32
17:32:00 < stop time < 17:51:00 | gamma 183.22 | 45.78 | 7.23
17:51:00 < stop time < 18:14:00 | rayleigh |275.95 | 165.22
18:14:00 < stop time < 18:58:30 | genextreme | 349.26 | 41.30 1.91
18:58:30 < stop time < 23:59:59 X’ 66.03 | 9.13 29.57

Table A.16: An illustration of the built travel time parameter table for the route segment, in which from stop = STP-1883 and to stop = STP-982
of transit line A, with stop time as selected feature and best-fit distribution as the chosen law. The meaning of the law parameters can be found in
https://docs.scipy.org/doc/scipy/tutorial/stats/
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feature probability parameter values

values law loc scale a c df K |s

00:00:00 < stop time < 07:25:30 | exponnorm | 279.04 | 47.24 0.72
07:25:30 < stop time < 08:09:00 X’ 178.97 | 11.05 18.83
08:09:00 < stop time < 08:33:00 | exponweib | 113.78 | 231.19| 4.73 | 1.96
08:33:00 < stop time < 10:45:00 | genextreme | 388.95 | 70.80 0.18

A stop delay < 37
08:33:00 < stop time < 10:45:00 X’ 200.05 | 11.13 18.26

A stop delay > 37
10:45:00 < stop time < 12:32:00 | genextreme | 406.98 | 64.48 0.06

A stop delay < 40
10:45:00 < stop time < 12:32:00 gamma 137.61 | 19.89 | 16.24
A stop delay > 40

12:32:00 < stop time < 14:02:00 | exponnorm | 397.84 | 53.72 0.78
14:02:00 < stop time < 15:07:00 | exponnorm | 372.67 | 50.53 0.96
15:07:00 < stop time < 16:14:30 | gamma 135.73 | 19.93 | 15.81

16:14:30 < stop time < 16:26:00 | dweibull | 469.40 | 85.49 1.34

16:26:00 < stop time < 16:37:30 | dweibull | 502.70 | 100.90 1.33

16:37:30 < stop time < 17:44:00 | exponweib | -403.20 | 120.65 | 2346.43 | 1.03

17:44:00 < stop time < 18:08:00 % 245.01 | 28.04 8.80
17:44:00 < stop time < 18:47:00 | exponnorm | 357.21 | 42.61 2.00
18:47:00 < stop time < 23:59:59 | genextreme | 312.36 | 65.17 0.16

Table A.17: An illustration of the built travel time parameter table for the route segment, in which from stop = STP-1883 and to stop = STP-982 of
transit line A, with stop time and start delay as selected features and best-fit distribution as the chosen law. The meaning of the law parameters can
be found in https://docs.scipy.org/doc/scipy/tutorial/stats/
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