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Abstract

The aims of this thesis are to integrate machine learning or artificial intelligence (Al) and building
information modelling (BIM) for predictive railway maintenance. The study process starts by
collecting data. Data sources in this thesis consist of two main sources which are field data and
numerical data. For field data, it is mainly from MRS Logistica S.A. which is a railway authority in
Brazil. Examples of field data are track design, track measurement, defect inspection report,
maintenance report, and maintenance manual. For numerical data, data are numerically
generated using simulations such as multi-body simulations and finite element models. To ensure
that numerical data are reliable and realistic, every simulation and finite element model is
validated using relevant field data. If differences between numerical data and field data are in
the acceptable range, it demonstrates that numerical data can be used as representatives of field
data. An advantage of using numerical data is it can create data diversity and variation which is
required for machine learning model development. Then, data are prepared and processed to
make them in forms that can be used to train machine learning models. Different machine
learning models will be used in this thesis. The techniques can be grouped into three types which
are supervised learning, unsupervised learning, and reinforcement learning. The application of
these machine learning models is to develop predictive maintenance in the railway system such
as defect detection, defect severity evaluation, deterioration prediction, and maintenance plan
preparation. To fulfil the aim of the thesis, BIM models are developed and integrated with

machine learning which can be conducted using different techniques. Results from the study
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show that the developed machine learning models can fulfil their purposes with high
performance and the developed BIM models can be fully integrated with machine learning as a
data management platform. Contributions of the study are the developed approach can improve
the maintenance efficiency and support predictive maintenance in the railway, machine learning
models can support decision making and have high performance according to their functions,
and the railway system can improve reliability, availability, maintainability, safety, including

passenger comfort when applies the developed approach proposed in this thesis.
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1 Introduction

1.1 Background and research problems

The demand for railway transportation is increasing over time [1]. To meet the increasing
demand, speed and the load of rolling stock have to be increased as well. As a result, railway
infrastructure is applied by the increasing load. This is a reason for the rapid deterioration of
railway infrastructure. To maintain railway infrastructure in a standard condition, passenger
comfort, and safety, railway maintenance has to be done more frequently and efficiently
otherwise the infrastructure may suffer from a bad condition or excessive maintenance costs [2].
Based on many studies, maintenance cost is one of the majority costs in a railway project due to
long service life and the maintenance stage is also the longest stage in a railway project. Without
efficient maintenance, the railway project may suffer from poor serviceability, availability,

reliability, passenger comfort, efficiency, and safety of the overall railway system.

Railway operators can apply many approaches to railway maintenance. Three main maintenance
approaches are corrective maintenance, preventive maintenance, and predictive maintenance.
Corrective maintenance is conducted when something wrong takes place such as defects. Based
on the nature of the corrective maintenance, it is unplanned which results in high maintenance
costs and disruption because the occurrences of defects or problems are unknown and
uncontrollable. In addition, railway operators may be fined by a railway authority based on the
disruptions. Therefore, this approach is not desirable nowadays although it is unavoidable

sometimes. Preventive maintenance is an approach to keeping everything in good condition. It
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is planned to perform routinely. The frequency of the maintenance may be defined based on
experience or historical data. It can be seen that preventive maintenance can remove unforeseen
events when corrective maintenance is applied [3]. Therefore, defects and problems tend to less
occur which is beneficial in terms of maintenance cost and disruption. However, a significant
disadvantage of preventive maintenance is excessive unnecessary maintenance costs because
railway infrastructures with the good condition may be maintained although they do not need to
be maintained. A trendy approach that is developed to dominate the disadvantages of corrective
and preventive maintenance is predictive maintenance. Predictive maintenance has a goal to
minimize the maintenance as much as necessary to keep railway infrastructure in good condition.
It can be done by predicting railway components that possibly have defects in the future and
maintaining them before defects or problems occurs. On the other hand, the maintenance
activities are limited to components that really need to be maintained. Therefore, excessive
maintenance activities are limited as well as defects and problems. However, the deployment of
corrective maintenance cannot be possible without potential tools that allow railway operators
to predict occurring defects and problems. Together with the limited budget, railway

maintenance requires tools for efficient maintenance.

In terms of the amount of information and data, the maintenance stage of a railway project also
creates an enormous amount of information and data not only the long duration of the stage but
also the complication of the railway system. In addition, data will be added or occur during the
stage of the railway project from construction, test and commission, operation, maintenance,

and decommissioning [4]. Therefore, efficient data management is required to make sure that
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the management will be done properly. In addition, a benefit gained from efficient data

management is data can be utilized to improve railway maintenance [5].

From the long period, high costs of maintenance, and complication of data, an approach to
managing all of these efficiently is required. The main problems of railway maintenance are the
amount of data and lack of tools to utilize information including the efficiency of railway
maintenance. Therefore, this thesis will explore the potential of varied tools to resolve the

problems and summarize the results of the exploration of tools to resolve this problem.

1.2 Aim and objectives

Based on the background and research problems in the previous section, the main problems
focused on in this thesis are the lack of tools to manage occurring data during the railway
maintenance stage efficiently and to utilize the data. From the problems, the integration
between building information modelling (BIM) and machine learning can resolve the problems.
BIM will be used as a tool to develop a platform for managing data and information. It is worth
noting that data in this thesis refers to raw data which are unprocessed while information refers
to processed data and ready to be used to deploy for specific purposes. BIM can be the data
management platform that allows projects to create data such as design during the design and
construction stages, store data from different stages of projects, exchange data between stages,
orimport and export data from BIM models [6]. It can be seen that the use of BIM can significantly
solve problems with the amount of data because data and information can be stored in a BIM

model seamlessly. When the enormous amount of data can be solved, the next issue is how to
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utilize the data. Machine learning can be used to develop machine learning models to perform
predictive maintenance which is the main goal of this thesis. Based on the nature of machine
learning, it requires a large amount of data [7] that conforms to the nature of the problems in
this thesis. Therefore, the integration between BIM and machine learning proposed in this thesis
will definitely solve the problems in railway maintenance. In addition, results from machine
learning can be used to support the decision-making of railway operators because they can make
a decision based on data that is not biased. In addition, the railway system is complicated and
railway maintenance is no exception. Decision-making based on experience or opinion may not
be proper. Machine learning can reduce the negative effect of experience and opinion. If the data
are comprehensive enough, the railway operators can even apply the concept of data-driven
which is the ultimate goal of machine learning applications when every decision is completely
made based on data. It is expected that the overall efficiency of railway maintenance will be

improved when machine learning is applied.

To summarize, the thesis aims to develop an approach to integrate BIM and machine learning for
railway infrastructure maintenance to solve problems with data and railway maintenance

efficiency. From the aim, the objectives of this thesis can be described as follows:

1. To explore the different approaches to integrate BIM and machine learning for railway
infrastructure maintenance.

2. To select software and tools to integrate BIM and machine learning for railway
infrastructure maintenance.

3. To develop 6D BIM models that are appropriate for machine learning integration.
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4. To define parameters and variables to be stored in BIM models and develop predictive
models using machine learning techniques.

5. To discover insights from the data using machine learning techniques.

6. To evaluate the influences of different parameters and variables on railway infrastructure
defects and deterioration using statistical and machine learning techniques.

7. To assess the performance of developed predictive models.

1.3 Scope of work

The scope of the work focuses on the railway maintenance stage and maintenance activities. The
components to determine are railway infrastructure such as track structures, track geometry,
and wheel-rail interface. The thesis will propose the development of an approach to integrate
BIM and machine learning together to solve the research problem as mentioned. For the BIM
models, the development aims for developing 6D BIM models to allow the BIM models to include
comprehensive data not only data relevant to maintenance but also data occurring during
construction such as design, schedule, and cost. For machine learning or artificial intelligence,
the thesis will focus on supervised learning, unsupervised learning, and reinforcement learning.

In other words, all main types of machine learning models will be used.

1.4 Novelties and contributions of work

In general, BIM is applied during the design and construction stages. Use of BIM during the
maintenance stage is limited especially in the railway industry where BIM has not been widely

used. In terms of machine learning, machine learning application in the railway system is also
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limited. This thesis will explore the feasibility to apply machine learning for predictive
maintenance in the railway system. In addition, various forms of data will be explored for the
potential to develop machine learning models which have not been explored in previous studies.

Specific novelties and contributions will be discussed in detail in Chapters 5-9.

The general contributions of this thesis can be defined as follows:

1. BIM and machine learning can be integrated which improves the overall efficiency of
railway infrastructure maintenance.

2. The proposed 6D BIM model concept can be a data exchange platform in the railway
industry.

3. Data and information stored in BIM models can be used to develop machine learning
models.

4. Results from the developed machine learning model will be beneficial for railway
predictive maintenance and make predictive maintenance feasible.

5. Significant parameters and variables related to railway infrastructure maintenance are
known and beneficial for railway predictive maintenance.

6. Insights from railway infrastructure maintenance are discovered.

7. The machine learning models can be applied for railway infrastructure predictive
maintenance.

8. Railway maintenance plans can be prepared using the developed approach.

9. The developed approach is beneficial for supporting the decision-making of railway

operators or parties who are responsible for railway infrastructure maintenance.
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1.5 Thesis structure

This thesis consists of ten chapters including the introduction and conclusion. Chapter 1 presents
the introduction to provide some background about the content of this thesis. This chapter is
separated into five sections which are background and research problems, aim and objectives,
the scope of work, novelties and contributions of work, and thesis structure. Chapter 2 will
present the literature review conducted by reviewing previous studies related to this thesis. Two
main keywords are used to conduct the literature review which are machine learning and BIM.
However, keywords are not limited to these two terms. Railway maintenance, different
techniques of machine learning, or sustainability are also used to perform the literature review.
At the end of the literature review, a summarized table will be provided to present the overview
of research in this area. Research gaps are discussed including how this thesis can fulfill those
research gaps. Chapter 3 presents the first step to develop the approach of BIM and machine
learning integration which is data collection, preparation, and processing. This chapter will
discuss methods used to make data ready for machine learning development including
characteristics of data. Chapter 4 presents how to set up a computer, environment, and other
related software for developing machine learning models. Machine learning models can be
developed using different methods. This thesis will explore and review before summarizing the
differences between each method including providing some detail about the method used in this
thesis. Chapters 5-7 will discuss applications of machine learning and how this thesis applies them
to railway infrastructure predictive maintenance. Chapters 5-7 will present the application and

how to develop machine learning models using each machine learning category in each chapter.
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In each chapter, further details will be provided. For supervised learning in Chapter 5, they can
mainly be separated into two parts which are classification and regression. Classification is a
problem when labels are classes or discrete while regression refers to a problem when the labels
are continuous values or real numbers. Chapter 6 discusses unsupervised learning for railway
maintenance. This chapter will explore the insights of data using unsupervised learning which
other machine learning techniques or humans cannot recognize [8, 9]. In Chapter 7,
reinforcement learning applications will be discussed. The aims of reinforcement learning
application in this thesis are to apply reinforcement learning in improving railway predictive
maintenance efficiency and reducing carbon emissions from railway maintenance activities. As a
result, this chapter will demonstrate how to prepare a railway maintenance schedule using
reinforcement learning and predictive maintenance concept. At this stage, machine learning
models have been already developed and are ready for application. To fulfil the aim to integrate
BIM with machine learning in this thesis, Chapter 8 will present how to create BIM models to
achieve 6D BIM models and the developed BIM models have the capability to integrate data and
information to allow the integration with machine learning. Then, Chapter 8 will also discuss how
to integrate BIM with machine learning using different tools to make the integration seamless.
The last part of Chapter 8 will present how to develop Graphical User Interface (GUI) to make the
application easier for people who do not have a background in coding and allow them to deploy
the developed approach with ease. Chapter 9 will explore and demonstrate the deployment of
the developed approach using a different platform. A summarized table is prepared to
demonstrate the advantages and disadvantages of each platform to make sure that people who

want to apply the developed approach will be able to choose the platform that best suits them.
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The last chapter is Chapter 10 which is the conclusion and recommendations. This chapter will
discuss the overall findings in the thesis and recommendations for further study which can be

improved based on this thesis. The overview structure of this thesis can be shown in Figure 1-1.
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Figure 1-1 Thesis structure
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2 Literature review

2.1 Machine learning in the railway maintenance

For railway maintenance, the first step to schedule maintenance efficiently is defect inspection
and detection. Railway inspection can be done using different approaches such as site inspection,
acoustic emission [10], laser [11], electromagnetic tomography [12], machine vision [13], or
image processing [14]. When defects are detected, railway operators will prepare maintenance
schedules to deal with those defects in terms of corrective maintenance. For preventative
maintenance, the mentioned approaches can be used to monitor and evaluate the conditions of
tracks. When the size or severity of defects reaches the trigger value, the railway operators can
plan the maintenance schedule to keep railway infrastructure in a standard condition. As
mentioned, predictive maintenance attracts more attention nowadays. To be able to conduct
predictive maintenance, a capable tool is required otherwise it cannot be done. With the
increasing computational power, machine learning is one of most powerful tools to detect and
predict defect in railway infrastructure as well as the preparation of the maintenance schedule.
This chapter will present studies related to the application of machine learning for railway

maintenance.

Machine learning has been widely deployed in other industries such as Architecture, Engineering,
and Construction (AEC) Industries. However, its application in the railway system is relatively low
compared to other industries. In addition, the application of machine learning for railway

maintenance especially railway predictive maintenance is even more limited. However, many
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scholars have paid more attention to its potential and tried to apply its concept to the railway

industry. Some relevant studies can be discussed as follows.

Guler [15] developed a predictive model using an artificial neural network (ANN) for predicting
railway track geometry deterioration. They applied machine learning models to predict vertical
settlements, wear and contact fatigue, general deterioration, and change in deterioration when
there were significant changes in traffic conditions. In that study, a vertical settlement was
focused on. The findings of that study were that the deterioration was too complex to predict
due to the uncertainty of various parameters such as dynamic train loads, substructure, material,
and environmental conditions, affecting the deterioration mechanism. Although there was no
clear relationship found in that study, the study could draw some conclusions. It said the
deterioration rate was generally a function of time and cumulative train loads and ANN had the
potential to predict the track geometry deterioration. in terms of limitation, that study focused
on ballastless tracks and the maintenance requirement was relatively low compared to ballast
tracks. Therefore, the application of the developed model proposed in that study is limited. Many
maintenance activities were ignored because the ballastless track does not require some

maintenance activities such as tamping, ballast cleaning, and track lining.

Letot et al. [16] applied Monte Carlo simulation to reduce the maintenance cost with probabilistic
models. They used this concept to prepare maintenance schedules when the developed model
was based on track conditions. They found that the outcome was satisfying because the overall
maintenance cost could be reduced when compared to the maintenance cost from the

preventive maintenance or regular maintenance that was used as the benchmark. In that study,
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a maintenance activity that they focused on was tamping. That study demonstrated the potential
of the data-driven approach in improving maintenance efficiency. The main limitation of that
study is only one maintenance activity was considered. Therefore, the complexity of railway
maintenance has not been explored well because different maintenance activities have
relationships between them that results in the improvement or deterioration of the railway

infrastructure.

Lee et al. [17] combined ANN and support vector regression (SVR) to predict the deterioration
rate of railway tracks. The data used in that study were historical maintenance data and track
measurement data. The ballasted track was used as a case study in that study when the railway
system was a high speed rail (HSR). Parameters used to develop the predictive model were types
of substructures, track curvature, and velocity properties, number of tamping after ballast
renewal, million gross tonnages (MGT), and initial track quality index (TQl) values. They found
that ANN performs better than SVR. In that study, they assumed that the HSR structure was new
and the weather condition was not related to the deterioration of the track structure and TQl

which might not be right in many situations.

Sharma et al. [18] tried to optimize railway maintenance by developing a data-driven condition-
based policy for the inspection and maintenance of track geometries. The size of the track section
used in that study was one foot. They combined the concept of preventive and corrective
maintenance and used the data from the maintenance as features or inputs. The machine
learning techniques they used were random forests (RF) and Markov chain Monte Carlo (MCMC).

They found that they could reduce the maintenance cost by up to 10% compared to the reference
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data when applying machine learning models. However, their study has a limitation of limited
maintenance activities which they considered each activity independently. Combinations of
different maintenance activities have not been considered so there will be only maintenance
activities would be performed in a section based on their developed approach. It can be seen

that many studies had to simplify railway problems because of the complexity of the system.

Gibata and Konieczny [19] also applied ANN to develop a predictive model for the durability of
railway switches. The developed model would predict the requirement of the reparation of the
switches. Seven maintenance activities were concerned in that study which were half-switches
exchanging, screw tightening, crushed stone thickening, the width of basic trails regulating, the
width of turning trails regulating, sleeper exchanging, and crossing nose exchanging. In that
study, features that they used to develop the machine learning model were service speed in the
basic trail, service speed in the turning trail, type of fixation, time from the first measurement,
bend of railway switch, and radius of turning trail. They found that the ANN model had the
potential to be used to diagnose and prepare maintenance schedules for switches. However, the
main limitation of that study is they had a very limited number of samples. The total number of
samples was 15 only which might not be sufficient for machine learning because it requires a big

enough size of the sample to train the machine learning model efficiently.

Bukhsh et al. [20] utilized tree-based classification techniques which were decision tree (DT), RF,
and gradient-boosted tree (GBT) to support the decision-making of railway maintenance. The
developed models had the capability to determine the need for maintenance, maintenance

activities, and trigger conditions for maintenance. The scope of their study was switches and
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crossings. Features used in that study were characteristic of switches and crossings components.
They found that the GBT model had the highest performance in identifying the maintenance need
while the RF model performed the best in identifying the maintenance activities required and the
trigger’s status prediction. Different machine learning techniques are suitable for different
problems. Therefore, it cannot be concluded which machine learning technique is the best
without testing. Because they applied only tree-based machine learning techniques in their
study, there are many other machine learning techniques that might deliver better performance.

Therefore, other techniques should be explored for the potential as well.

Gerum et al. [3] developed a predictive model using discounted Markov decision process model.
They tried to optimize the inspection and maintenance schedules. Features were rail and
geometry defects, time and location of the defect, type and severity of the defect found, type of
inspection, the segment inspected, and time of inspection. They found that they could improve
the overall efficiency of the inspection and maintenance by using the developed model. However,
they still had limitations in the technique they used because it was not completely clarified as a
machine learning technique which might have a better performance than the technique, they

used to develop the predictive model.

Gao et al. [21] used ANN and genetic algorithms (GA) to develop machine learning models for
detecting wheelflats. Features in that study were noise. From the model development, they could
detect wheelflats 10% better than the use of the conventional method that they were using in

the industry.
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Krummenacher et al. [22] developed a machine learning model by using a support vector
machine (SVM) and convolutional neural network (CNN) to detect flat spots, shelling, and non-

roundness. They used vertical force between wheels and rails as features of the machine learning

Mohammadi et al. [23] did research on the relationship between track geometry and the
occurrence of rail defects. They applied machine learning techniques which were extreme
gradient boosting (XGBoost), SVM, RF, and logistic regression to detect defects. In their study,
the problem was binary classification which means there were two classes for the prediction,
with or without defect. From their study, XGBoost performed the best and the accuracy was 80%.
The reason for the high accuracy was there were only two classes for the model to classify.
However, the defect severity classification will be more challenging because the problem is more

complicated.

Although machine learning can be used for railway maintenance as demonstrated in previous
studies, some researchers found that there are some issues when the complexity of problems is
increased. Sysyn et al. [24] found that they had a long processing time when the data were
complicated or the size of features was big. In their study, they applied computer vision to detect
contact fatigue at crossings. In the study, they suggested that the use of deep learning might be

able to solve the long processing time issue.

Franca and Vassallo [25] used computer vision to detect and assess sleeper defects. They used
both wooden and steel sleepers as samples to train the machine learning model. data were

collected using cameras. The accuracies in their study were up to 93%.
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Yella et al. [26] tried to assess the sleepers’ conditions using SVM. Wooden sleepers were samples
in the study. From their studies, manual inspection was normally used to inspect the condition
of sleepers in many countries. However, this method was slow, expensive, and human power-
consuming. Therefore, they wanted to develop an approach to improve the efficiency of sleeper
inspection. They developed a machine learning model that could classify the condition of sleepers
into two classes, good or bad conditions. The development tools were MATLAB and LNKNET. They
claimed the developed approach could achieve an accuracy of 86%. Other researchers also aimed
to detect sleeper conditions using machine learning and computer vision such as Zheng et al. [27]
who applied YOLO V3 and Wang et al. [28] who applied CNN for detecting sleeper cracks. Both
of them stated that the accuracies were more than 90%. This finding was also confirmed by other
researchers such as Sysyn et al. [29] who applied SVM and k-nearest neighbour classifier (KNN)
to detect sleeper defects even though the highest accuracy in that study was about 60% only.
However, they stated that the use of more complicated and advanced machine learning

techniques might result in better performance.

Lee et al. [30] tried to predict using SVM. They were interested in two track geometry parameters
which were longitudinal level and alignment. The R> was 0.84. However, it can be seen that the
contribution of the study is limited because only two track geometry parameters were studied.
Hu and Liu [31] applied the same technique to predict track degradation. In that study, they were
interested in longitudinal level, superelevation, and dip. Features were traffic volume, track class,

and time interval. The R?> was 0.81 which most previous studies could achieve.
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Sysyn et al. [32] used axle box acceleration (ABA) as a feature for a machine learning model for
detecting turnout defects. The problem in their study was binary-class classification. The accuracy

of their study was 90%.

Lopes Gerum et al. [33] applied RF and recurrent neural network (RNN) to detect defects. The
best outcome was from the RNN model that the accuracy was 80%. However, the number of

classes was limited to two classes which were minor and major defects.

Consilvio et al. [34] applied SVM and k-mean for the maintenance of earthwork and track circuits.
They also found that machine learning could save maintenance costs and improve railway

maintenance efficiency.

Mohammadi and He [35] applied Deep Q-learning (DQN) to prepare maintenance schedules.
They applied TQl and hazard index as indicators. The scope of their study was focused on five
maintenance activities only which were preventive tamping and grinding, condition-based
tamping and grinding, and renewal. They claimed that the TQl and hazard index were lower which

means that the track was in better condition.

The above are some examples of relevant studies. However, the comprehensiveness of the
research has not been high because of the limited components of the railway infrastructure or
maintenance activities are concerned. There are research gaps for machine learning applications

in predictive railway infrastructure maintenance.
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2.2 BIMin the railway industry and maintenance

BIM is a platform that is used to create virtual models as a representative of a physical object. A
main characteristic of BIM is the developed BIM model can contain information. In terms of the
project, the BIM model can contain information on the project from the beginning of the project
until the end of the project [36]. Different parties can utilize BIM models along different stages
of the project such as design, construction, operation, maintenance, and decommissioning. BIM
models can promote the visualization of projects significantly because apart from demonstrating
models in 3D, BIM can be used to include information from different parties in a single model.
For example, structural design can be integrated with system design. This will allow crash or
conflict detection can be done to see whether the design is free from conflict and can be
constructed. This is a reason why BIM is mainly used and a requirement for the construction stage
in many countries nowadays. There are other benefits of BIM. BIM can be used to support the
integration and collaboration between parties. Different parties can include their information on
projects in a BIM model. At the same time, those parties can share the BIM model between Them
or even add information responsible for their parties at the same time. BIM can be considered as
level. According to the UK government’s 2011 Construction Strategy, the BIM level is classified
into four levels [37]. Level 0 means 2D computer-aided design (CAD) is used to represent the
design and data sharing is done on a paper basis. Therefore, collaboration is limited. When the
model is developed to be 3D, it can be classified as BIM level 1. At this level, information can be
exchanged electronically. BIM level 2 is the most popular nowadays and the aim for many

countries such as the UK that wants to achieve in 2016. At this level, the BIM model is 3D and
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information are contained in the model. Therefore, related parties can integrate information of
each party and share the model between them. The highest level of BIM is level 3 when a single
model is developed and shared in the project. The information exchange is completely conducted

between parties. It can be stated that BIM level 3 is the ultimate goal for everyone to achieve.

Besides the level of BIM, BIM can be separated using dimensions. First, a BIM model is created
as a 3D model. BIM can also be developed to be 4D, 5D, or 6D depending on the information
contained in the BIM model. The increasing dimension represents the complexity and purpose of
the information in the model. Although there is no standard and definition for each dimension
of BIM, a popular system can be described. The fourth dimension (4D) is the time or schedule
when the project schedule is included in the BIM model. The fifth dimension (5D) represents cost
and quantity when the quantity take-off can be done using the BIM model. Then, the cost is
calculated based on the resulting quantity take-off. In general, the fourth and fifth dimensions
are defined as mentioned. The sixth dimension (6D) is more flexible. Some researchers include
information related to sustainability in the BIM model. Examples of information contained in the
sixth dimension are energy consumption or carbon emissions [38]. The maintenance aspect can
be included in the BIM model in the form of the sixth dimension instead of sustainability or the

additional seventh dimension.

Although BIM is popularly used in the AEC industry, the railway system tends to apply BIM more
in the present due to the government’s requirements. BIM can also be integrated with
Geographic Information Systems (GIS) for the benefit of location identification. Location

integration is beneficial for project planning and decision-making [39]. At present, BIM is more
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popularly used in the railway industry [40]. The railway system can gain the advantages from BIM
application as other industries. From the previous studies, in general, BIM can reduce
construction costs by up to 10% because BIM can prevent crashes and conflicts. Cost estimation’s
accuracy can be improved by 3% using BIM and the time consumption for cost estimation can be
reduced by 80% because cost estimation can be done almost automatically. Finally, BIM can

reduce construction time by 7% [36].

Bensalah et al. [41] applied BIM for a railway project in Morocco. They found that the application
of BIM had many advantages which were confirmed by many studies. Shin et al. [42] studied the
benefit of BIM application in the railway industry. They reviewed the data from seven railway
projects in South Korea. From the analysis, they found that BIM could prevent 12 errors and
mistakes in the projects. The errors cost more than $50,000. BIM can be also used for
sustainability in the railway industry such as a study done by Kaewunruen and Xu [43]. In that
study, they developed a 6D BIM model to calculate carbon emissions from the renovation and
reconstruction. Then, the optimized option could be selected using the results from the BIM
models. Kaewunruen and Lian [44] developed a BIM model for the life cycle management of
turnouts in the subway system. They used the BIM model for auditing the condition of turnout.
Kaewunruen et al. [45] performed a vulnerability analysis of the subway station using BIM and

digital twins.

In terms of railway maintenance, Société Nationale des Chemins de Fer Francais (SNCF) was the
first railway authority to apply BIM in railway maintenance. They created BIM models from

existing drawings and the current designs using reverse engineering. They also apply predictive
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maintenance based on the developed BIM models. Their first project was established in 2015

[46].

Aziz et al. [47] reviewed the opportunities and value of using BIM with big data for the asset
management of highway projects. They found that information taking place at the beginning of
the project during the design and construction stages was valuable for the maintenance stage. In
addition, data during the operation and maintenance stages could be collected by sensing for the
benefits of asset management. However, the amount of information was huge from different
sources of information such as sensors, mobiles, assets, and Open Data. Therefore, big data and

a platform used for integrating this huge information were required.

Davtalab [48] studied the benefits of real-time data-driven BIM models for facility management
in terms of time-saving during the operation and maintenance stages. The study found that 6D
BIM could improve the timesaving of facility management during the operation and maintenance
stages and the benefit of timesaving was up to 80%. This was because, for a building, there were
many related systems. Monitoring these different systems was time-consuming and costly.

Therefore, integrating a sensing system with BIM would be beneficial for this issue.

GhaffarianHoseini et al. [49] applied nD-BIM for sustainability purposes. They reviewed studies
related to building energy efficiency and found that the application of BIM could reduce energy

consumption during the post-construction stage.

Peng et al. [50] combined data mining and BIM together to identify problems of improper records

during the operation and maintenance stages of the airport terminal project. Cluster analysis was
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used to detect the problems by classifying the outliner of data. As a result, the proposed approach
generated helpful suggestions and warnings about the operation and maintenance for
supporting decision making which would be beneficial for prediction, warning, and decision-

making that improved asset management.

Liu et al. [51] applied digital twins with the Internet of Things (loT) for predictive maintenance in
the aerospace industry. The benefits of this approach were data acquisition and information
processing. They identified that the data taking place during the operation and maintenance

stages was huge and needed a platform to be used to manage this huge information.

McArthur et al. [52] integrated ML with BIM to improve the quality of information collection.
They said work orders (WO) were unstructured information. Therefore, it was difficult to be
classified and managed efficiently. The developed automatic system from the mentioned

approach would support the facility management team to deal with these WOs better.

Chen et al. [53] proposed the integration of BIM and loT to develop an approach to support the
decision-making of facility managers to do predictive maintenance. Data was collected by loT
sensors and 2 techniques of ML, SVM, and ANN were used to predict the conditions of
equipment. They concluded that BIM and loT integration could support predictive maintenance

and the feasibility of a dynamic maintenance strategy of facility management.

From the above literature review, the application of BIM for railway maintenance has not been
widespread and the integration between BIM and machine learning is still limited. In general,

BIM is used for the design and construction stages only. After that, the benefits of BIM during
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the operation and maintenance stages are limited because it is not used at its’ full potential. In
addition, many studies indicated that it is feasible to apply BIM for railway maintenance, and the

potential can be further explored, improved, and investigated.

2.3 Research gaps

From the previous sections, the integration of machine learning and BIM in railway maintenance
still has a research gap because BIM has not been widely used for railway maintenance. At the
same time, although there are many studies using machine learning in the railway industry,
comprehensive studies of railway infrastructure and railway maintenance have not been done
from many perspectives such as the use of unsupervised learning and BIM integration with
machine learning, the relationship between railway defect and track geometry parameters, or
the application of deep or advanced machine learning for railway infrastructure predictive

maintenance. Therefore, this thesis will try to fill some gaps in this area.

Besides the mentioned studies in the literature review, other relevant studies of machine

learning and BIM in other industries and applications can be summarized in Table 2-1.

Table 2-1 Summarized related studies

Title Methodology Purpose System | References
Data-driven predictive Data-driven Maintenance | Railway [3]
maintenance scheduling scheduling
policies for railways
Predictive maintenance using | Tree classification Maintenance | Switch [20]
tree-based classification scheduling
techniques A case of railway
switches
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Title Methodology Purpose System | References
Application of Artificial Neural | AI-ANN Switch Railway [19]
Networks to Predict Railway durability
Switch Durability prediction
Data-driven optimization of Optimization Maintenance | Railway [18]
railway maintenance for track of track
geometry geometry
Prediction of Track Machine learning Track Railway [17]
Deterioration Using deterioration
Maintenance Data and
Machine Learning Schemes
An adaptive opportunistic Probabilistic model | Maintenance | Railway [16]
maintenance model based on scheduling
railway track condition
prediction
Prediction of railway track AlI-ANN Track Railway [15]
geometry deterioration using geometry
artificial neural networks A deterioration
case study for Turkish state
railways
Wheel defect detection with CNN Wheel defect | Railway [24]
machine learning detection
Optimization of railway Al-ANN Operation Railway [54]
operations using neural
networks
Railway Passenger Traffic Al-ANN Passenger Railway [55]
Volume Prediction Based On volume
Neural Network prediction
Application of an artificial AlI-ANN Passenger Railway [56]
neural network on railway flow
passenger flow prediction prediction
Train re-scheduling with Al-ANN/Genetic Scheduling Railway [57]
genetic algorithms and algorithms
artificial neural networks for
single-track railways
A Study on the Use of Machine | Machine learning Incident HSR [58]
Learning Methods for prediction
Incidence Prediction in High-
Speed Train Tracks
Prediction of Railway Al-ANN Foundation Railway [59]
Foundation Settlement Based settlement
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Title Methodology Purpose System | References
on the BP Neural Network
Model
A study on structural AI-ANN Structural PSD [60]
deformation of platform deformation
screen door based on artificial
neural network
An artificial neural network Al-ANN Design Track [61]
model as a preliminary track
design tool
Damage detection in railway Machine learning Damage Railway [62]
bridges using Machine detection bridge
Learning application to a
historic structure
A fault detection strategy for ANN and genetic Wheelflat Railway [21]
wheel flat scars with wavelet algorithms detection
neural networks and genetic
algorithm
Insulation defect localization SVM Insulation Electrod [63]
through partial discharge defect e
measurements and numerical localization
classification
Automatic localization of CNN Casting Manufa [64]
casting defects with defect cturing
convolutional neural networks detection
Principal components analysis | SVM TQl Railway [65]
and track quality index: A prediction
machine learning approach
Track geometry big data RF Substructure | Railway [66]
analysis: A machine learning condition
approach evaluation
Prediction of railway track Machine learning longitudinal Railway [67]
geometry defects: a case study level
prediction
Discrete train speed profile RF and SVM Speed profile | Railway [68]
optimization for urban rail control
transit: A data-driven model
and integrated algorithms
based on machine learning
Learning From Accidents: DT Fatal analysis | Railway [69]
Machine Learning for Safety at
Railway Stations
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Title Methodology Purpose System | References
Facilitating maintenance Machine learning Squats and Railway [70]
decisions on the Dutch corrugation
railways using big data: The detection
ABA case study
Improvements in Axle Box Machine learning Light squat Railway [71]
Acceleration Measurements detection
for the Detection of Light
Squats in Railway
Infrastructure
BIM- and loT-Based Data- BIM/loT Predictive Building [53]
Driven Decision Support maintenance
System for Predictive
Maintenance of Building
Facilities
Machine learning and BIM BIM/Machine Maintenance | Facilitie [52]
visualization for maintenance | learning S
issue classification and
enhanced data collection
The role of data fusion in Digital twin Predictive Aerospa [51]
predictive maintenance using maintenance | ce
digital twin
A hybrid data mining approach | BIM/Data mining O&M Building [50]
on BIM-based building
operation and maintenance
Application of nD BIM nD BIM Energy Building [49]
Integrated Knowledge-based efficiency
Building Management System
(BIM-IKBMS) for inspecting
post-construction energy
efficiency
Benefits of real-time data BIM and Data- O&M Building [48]
driven BIM for FM driven
departments in operations
control and maintenance
Leveraging BIM and Big Data BIM/Big data Maintenance | Highwa [47]
to deliver well maintained y
highways
Exploitation of BIM in Planning | BIM 6D Carbon Building [72]
and Controlling the emission

Construction Phase On-site

(construction

)
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Title Methodology Purpose System | References
Carbon Emissions A 6D BIM
Case Study
Designing a unique Digital Digital Twin Life cycle Linear [73]
Twin for linear infrastructures management | infrastr
life cycle management ucture
Digital twin aided Digital Twin Sustainability | Turnout [44]
sustainability-based lifecycle management
management for railway
turnout systems
Design and development of BIM o&M Asset [74]
BIM models to support manage
operations and maintenance ment
Integrating BIM and GIS in BIM/GIS Integration Railway [39]
Railway Projects
A BIM-based PSS Approach for | BIM o&M Building [75]
the Management of equipm
Maintenance Operations of ent
Building Equipment
Development of a bridge BIM Maintenance | Bridge [76]
maintenance system for
prestressed concrete bridges
using 3D digital twin model
Digital Twin for Sustainability Digital Twin Sustainability | Station [43]
Evaluation of Railway Station management
Buildings
Benefit—Cost Analysis of BIM B/C analysis Railway [46]
Building Information Modeling
(BIM) in a Railway Site
BIM Integration to Railway BIM Integration Railway [41]
Projects - Case Study
Integrating BIM in Railway BIM/GIS Integration Railway [40]
Projects Review and
Perspectives for Morocco and
Mena
BIM authoring for an image- BIM Maintenance | bridge [77]
based bridge maintenance
system of existing cable-
supported bridges
BIM-based framework for BIM Maintenance | Facility [78]
automatic scheduling of scheduling
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Title Methodology Purpose System | References
facility maintenance work
orders
Building information BIM Maintenance | Healthc [79]
modelling to support are
maintenance management of building
healthcare built assets
THE BIM-FOR-RAIL BIM Integration Railway [80]
OPPORTUNITY
A case study towards BIM Safety Facilitie [81]
transferring relevant safety information S
information for facilities for
maintenance using BIM maintenance
A Study on BIM Application for | BIM Maintenance | Bridge [82]
the Efficient Maintenance
Management of Bridge
Structures
A CMMS Expert using BIM for | BIM Maintenance | Building [83]
IBS Building Maintenance
BIM and QR Code for BIM/QR code O&M Building [84]
Operation and Maintenance
BIM for building BIM Refurbishme | Building [85]
refurbishment and nt and
maintenance: current status maintenance
and research directions
BIM performance framework BIM Refurbishme | House [86]
for the maintenance and nt and
refurbishment of housing maintenance
stock
BIM: An integrated model for | BIM Plan and Heritag [87]
planned and preventive preventive e
maintenance of architectural maintenance
heritage
BIM for sustainable whole-of- | BIM LCA Infrastr [88]
life transport infrastructure ucture
asset management
Open BIM-based Information BIM Integration Railway [89]
Modeling of Railway Bridges bridge
and its Application Concept
BIM in the operations stage: BIM Operation Building [90]

bottlenecks and implications
for owners
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Title Methodology Purpose System | References
A knowledge-based BIM BIM Maintenance | Building [91]
system for building
maintenance
Building Information Modeling | BIM Sustainable Building [92]
in Support of Sustainable design and
Design and Construction construction
Introduction of Construction BIM Integration HSR [93]
management integrated
system using BIM in the
Honam High-speed railway lot
No. 4-2
Sustainability-Based Lifecycle BIM Carbon Bridge [38]
Management for Bridge emission and
Infrastructure Using 6D BIM energy
consumption
Digital twin aided Digital twin Sustainability | subway [45]

sustainability and vulnerability
audit for subway stations

and
vulnerability
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3 Data collection, preparation, and processing

This section will start by presenting how to collect data and process to acquisition of data. Then,
the characteristic of each type of data will be presented. Data have to be prepared and processed
to suit the machine learning model training. Different machine learning techniques require
different forms of data. Therefore, data preparation and processing are important steps for
machine learning model development. Sources of data are varied depending on machine learning
requirements and problems to be solved. More detail is described in the following section and

Chapters 5-7.

3.1 Field data

Field data are directly collected from measurement or observation in real situations and settings.
For example, field data of railway surface defects are collected by operational staff who visualize
the rail defect in the field or using track geometry cars (TGCs) that collect track geometry
parameters. If the field data are collected and measured properly, field data are valuable and
reliable because they are data from real situations. In this thesis, field data were collected by
MRS Logistica S.A. which is a freight rail company in Brazil. The duration of the available data is
ranged between 2016-2019. The interesting section has a length of 30 km. Sources of field data
are ranged from track geometry measurements collected using TGCs, track design demonstrating

grade, alignment, and curve details, maintenance records, and inspection reports.
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For data collected by TGCs, the track geometry parameters are measured every foot which can
be considered that it is not detailed enough for some use cases. To handle missing data, some
data processing might be required. Data processing to handle this issue can be data interpolation
to estimate unavailable data or data combination with other sources such as defect inspection
reports to obtain additional data that TGCs cannot collect. Collected track geometry parameters
comprise 12 parameters namely superelevation, longitudinal level (10 m chord) of the right rail,
longitudinal level (20 m chord) of the right rail, longitudinal level (10 m chord) of the left rail,
longitudinal level (20 m chord) of the left rail, alignment (10 m chord) of the right rail, alignment
(20 m chord) of the right rail, alignment (10 m chord) of the left rail, alignment (20 m chord) of
the left rail, gauge (without load), gauge (with load), and twist (20 m chord). In addition, the

location and date of measurement are also available.

Track design provides information on vertical alignments, horizontal alignments, vertical curves,
horizontal curves, and grades based on the station or locations. Track design can be used to be a
feature for supervised learning to develop predictive models. At the same time, they can be used

as features for unsupervised learning to discover insights.

For defect inspection reports, different defects are inspected and recorded. There are more than
81 types of defects based on track components such as boltless joints, damaged frogs, broken

rails, and broken welds.

The above are some examples of field data sources. However, they are not limited to data

collected by railway operators. Some other sources can be included for more comprehensiveness
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of data and further analysis. For example, the railway inspection and maintenance manuals will
be integrated to analyze railway defects. Machine catalogues will be used to collect data about

energy consumption, operation cost, fuel consumption, or carbon emissions.

3.2 Numerical data

Different from field data, numerical data are not data occurring in the field. The main
characteristics of data are data in the form of numbers that can be measured or quantified. In
addition, they can be calculated for further values. Numerical data can be generated using
computers, models, or simulations to mimic real-world phenomena. The advantages of numerical
data are they can be generated with various conditions. Therefore, numerical data will be rich in
terms of data variation which is beneficial for machine learning that required data variation and
comprehensiveness. In addition, simulations can be done under different scenarios to test the
different hypotheses which may not be able to be done in a real situation because of many
limitations such as time, costs, safety, and data availability. Moreover, numerical data have a
benefit in complicated scenarios when those scenarios may not be feasible to be done in the real
world. However, numerical data may have an incredibility issue if numerical data or their sources
are not validated. Therefore, validation is a crucial step before any simulations or models can be
used to do any analysis or generate numerical data. In this thesis, there are two main techniques
used to generate numerical data. Detail will be presented including methods to validate their

reliability.
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3.2.1 Multibody simulation and validation

Multibody simulation (MBS) is a technique that uses computers to consider the dynamic
behaviour and relationships between components in simulated models. Relationships between
components take place because of the forces that the components act on each other
components. MBS is widely used in many areas. The railway system is an area where MBS has
been used to analyze dynamic behaviours such as the interaction between rolling stocks and rails
or the interactions between components of rolling stocks. The behaviours of each body in MBS
are defined by using equations based on Newton’s laws of motion. Some advantages of MBS are
simulations can simplify the complex system while the accuracy is satisfying and MBS is flexible

that can be modeled for different kinds of systems.

There are different software that can be used to apply MBS such as ADAMS (Automated Dynamic
Analysis of Mechanical Systems), SIMPACK, LMS Virtual.Lab Motion, RecurDyn, MSC Nastran
Multi-Body Dynamics, and Visual-Multi-Body-Simulation (Visual-MBS). However, the MBS
simulations used in this thesis are D-Track. D-Track was developed in 1994 [94] to study the
dynamic behaviour of rolling stocks and tracks. Steffens [95] further developed the GUI for
facilitating users and validated the accuracy of the developed MBS simulations. In addition, he
included the Dynamic Analysis of Rail Track Structure (DARTS) to further develop the simulation.
However, the accuracy issue had not been solved. In 2007, Leong [96] found the sources of the
accuracy issue. He included the calculation method based on Australian Standard code
AS1085.14 in the simulation and also include the field data for comparison and accuracy

improvement. The field data he used were collected from the Melbourne to Geelong route in
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Australia. He compared different parameters from the simulation with field data such as average
rail acceleration, average wheel-rail contact force, shear force, and bending moment. In addition,
he considered results from other simulations such as DARTS, NUCARS (New and Untried Car
Analytic Regime Simulation), SUBTTI (Subgrade-Train-track Interaction), DIFF (Vehicle-Track
Dynamic Analysis Model), and VIA (Vehicle Interaction with Track Analysis Model). He found that
the accuracy from D-Track was satisfying and results were close to field data and other numerical
simulations. Examples of error causes were miscalculation of wheel-rail force calculation,
assumptions, sleeper pad reactions, and sleeper bending moment. After the improvement, he
could fix the issues error issue and improve the accuracy of the simulations. From the
improvement, the accuracy was more than 90% when compared to field data. Then, many studies
were conducted to validate the accuracy of D-Track and they indicated that the results from D-
Track could be used as benchmarks and representatives of field data [97]. One of the main
advantages of D-Track is the simulation is flexible and easy to use. Different parameters can be
adjusted with ease such as track profile that default profiles are available or can be imported via
comma-separated values (CSV) files, track properties that can be adjusted to suit the investigated
track, rolling stock properties to represent both passenger and freight rolling stocks, analysis
method, or irregularities that both rail and wheel irregularities are available and can be used to
represent defects. in addition, rail and substructure can be modified such as rail types, sleeper
types and spacing, and track bed properties. Speeds and weights of rolling stock are also

available.
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Different outputs can be exported from D-Track depending on the requirement of the
application. Examples of outputs are wheel-rail contact force, ABA, or sleeper displacement.
Examples of output from D-Track are demonstrated in Figure 3-1 and Figure 3-2 respectively. The
first one is an example of wheel-rail contact force. The second figure presents an example of
ABAs. It is worth noting that those two figures present only one set of data from a wheel. In
machine learning model training, two sets of data from two wheels can be used to train the

models.

100000 + -
80000 + -

60000 — o

.

40000 o

Wheel-Rail contact force (N)

20000 o

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6

Time (s)

Figure 3-1 Example of wheel-rail contact force from D-Track
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ABA (m/s?)
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Figure 3-2 Example of ABA from D-Track

Other examples of inputs and outputs of D-Track are shown in Table 3-1.
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Input
Output

Track Vehicle Irregularity Variety
Rail type Speed e Corrugation Speed Acceleration
Gauge Tare mass e Dipped joint Irregularity Force and
Axial force Carry mass e Dipped weld length pressure
Pad Primary e Peaked weld Irregularity Moment and
stiffness suspension e Arbitrary depth shear
Pad stiffness profile Centre of Bending
damping Primary e Wheel flat irregularity moment
Sleeper suspension Rail analysis Displacement
type damping position
Spacing Wheel Sleeper
Track bed dimension analysis
Stiffness Hertzian position
Track bed contact
Damping coefficient

Irregularities or defects that are available in D-Track can be shown as equations in Figure 3-3. In
addition, customed irregularities can also be inputted to D-Track in the form of CSV files.

Therefore, many other irregularities and defects can be used for analysis.
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Figure 3-3 irregularities available in D-Track

3.2.2 Finite element method (FEM) model development and validation

The finite element method (FEM) is developed as a mathematical model. The purpose of the
model is to mimic the system behaviour by discretizing a continuous system. For example, an
object under compression is divided into smaller elements to perform analysis and study its
behaviour. Partial differential equations are used to solve problems of system behaviour. Small
elements interact with other elements via nodes. The reasons for dividing an object into smaller
elements are the calculation can be done more efficiently and simply. Then, the analysis results

of small elements will be combined to represent the result of the whole object.
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FEM is widely used in many fields such as physics, engineering, systems, structures, fluids, or
electromagnetic fields. Some advantages of FEM are it can improve the accuracy of calculation,
it has high flexibility due to variety of the setting, it can save the cost because real physical objects
do not need to be built, and some complicated simulations can be tested while they may not be

able to be conducted in a real-world situation.

Examples of FEM software are ANSYS, Abaqus, COMSOL Multiphysics, SolidWorks Simulation,
and MSC Nastran. In this thesis, LS-DYNA will be used to create FEM models to od analysis and
generate numerical data in some cases when field data are not available or data diversity is
required. An example of the FEM model used in this thesis is shown in Figure 3-4. From the figure,
tracks are modelled as beams and supported by sleepers. The rolling stock is modelled with other
related components such as the primary suspension system, secondary suspension system, and
wheels. Outputs from FEM models can be varied depending on the application purposes.

Examples of outputs are ABA, sleeper displacement, or wheel-rail contact force.

S
&

Figure 3-4 Example of FEM model
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Because results from FEM are numerical data, model validation is required to ensure that created
models are reliable, accurate, and can be used as representatives of the real-world system. In
this thesis, model validation will be discussed in detail when numerical data are used and
generated by simulations. Further information will be discussed in the machine learning model

development chapters which are Chapters 5 to 7.

3.3 Data processing

Data preprocessing is a crucial process in machine learning model development. The process
takes the majority of the time of machine learning model development. Time spent for data
preparation and processing is estimated at 60-70% of the total time for machine learning model
development [98]. In addition, this step might be the most difficult in machine learning model
development because it requires a lot of processes and steps to prepare data and make data in
the form that machine learning can learn. Obtained data are varied and different projects require
different forms of data due to the uniqueness of each project. Sometimes, raw data can be used
directly in machine learning models. For example, raw data which are in the form of text have to
be processed to number. Data with errors or missing values have to be corrected. Some data
require further calculation before being used in machine learning models. Last but not least,
some data require feature engineering for selecting relevant features from raw data to train
machine learning models. That is why data processing is required. Data processing may refer to

data cleaning, data pre-processing, or data preparation.
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Some steps may be standard and can be applied to different machine learning projects. However,

there are no exactly defined steps for data processing. Some examples are shown as follows:

Data cleaning: this step is used to remove errors in data.

Outlier removal: in some cases, data might have an abnormal distribution. For example,
data might have some samples with extremely high or low values. This might be caused
by errors from data collection or data in extreme events that do not normally occur.
Therefore, removing this kind of data might improve predictive performance. An example
of data with outliers is shown in Figure 3-5. The figure demonstrates the distribution of
superelevation which is one of the track geometry parameters. It can be seen that the
majority of data is close to zero. When the values are more different from zero, the
number of samples tends to decrease. However, there are some samples with
superelevation higher than 80 mm. These samples can be considered outliers because the
values are extremely high which not suppose to take place in a real situation. They might
be errors from data collection and should be removed from the dataset to train machine
learning models.

Feature selection or feature engineering: this step is used to select relevant features as
input for machine learning models. Relevant features are based on machine learning
projects. Assumed irrelevant features will be removed in this step to make the training
shorter due to fewer features and improve the model performance. Some machine
learning models can cope with feature selection itself and feature selection does not need

to be done manually such as CNN.

Chapter 3 Data collection, preparation, and processing



Page | 3-13

Data transform: this step is used to reshape data. It is worth noting that the shape of data
refers to data dimensions and sizes. For example, data in the form of images are 2D data
but their sizes can be varied based on the pixels in both axes (horizontal and vertical axis).
Most machine learning models require features or inputs to be consistent. That means
the shape of the data has to be fixed. However, in reality, the shape of data can be varied.
Therefore, data transform is used to reshape data to be able to be fed into machine
learning models. Data transform can be used to make data shape bigger (e.g., padding)
as shown in Figure 3-6, smaller (e.g., trimming or pooling) as shown in Figure 3-7 and
Figure 3-8 respectively, or the same (e.g., distributing). Some machine learning
techniques can handle different shapes of data such as fully convolutional networks (FCN)

that can handle data with different shapes.
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Figure 3-5 An example of data with outliers
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Figure 3-6 Example of data transform using padding
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Figure 3-8 Example of data transform using max pooling

e Dimensionality adjustment: this step can be considered a part of data transform. The
main difference between data transform and dimensionality adjustment is that
dimensionality adjustment focuses on data reshaping which changes the number of
data’s dimensions. For example, the number of data dimensions can be increased by
stacking more than one set of data together or using the padding technique to increase

the number of dimensions as shown in Figure 3-9. Data dimension can be decreased by
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trimming that removes some part of data completely to make data in the desired shape
or flattening for a flatten layer that has a function to make multidimensional data to be
1D data while no data are removed as shown in Figure 3-10. Flattening is done by stacking
data in dimensions apart from the first dimension to the first dimension. As a result, the
number of data dimensions will be one but the size will be larger. Flattening is required
when multidimensional data are fed into dense layers or fully connected layers to do

classification or regression.

HEE BEEE
HEE + BEE + e

Figure 3-9 Example of data dimensionality adjustment using stacking

. Flatten layer
— HHABaEORan

Input

Flattened input

Figure 3-10 Example of data dimensionality adjustment using a flatten layer
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3.3.1 Data frequency

Data frequency refers to how often the data are measured or collected over time. Data frequency
can be varied based on the characteristics of the data or the purpose of the data application. In
general, data frequency can be ranged from low frequency to high frequency depending on the
mentioned reasons. For example, data of ABA may have a data frequency of 1,000 Hz because
the purpose of data application is used to detect irregularities or detects on rails or rolling stocks.
On the other hand, demographic data about a population may have a data frequency of one year
or ten years because the population change is much less than the change in ABA data. This can
indicate that data frequency depends on the requirements of use. As mentioned, data frequency
can be varied depending on the application of data. High-frequency data is suitable for time-

series analysis while low-frequency data is suitable for discrete analysis.

There is no fixed standard or requirement for data frequency to be used in different applications.
Some applications may have a standard identifying the required frequency. For example, ISO
15186-3 recommends a data frequency between 50 Hz to 80 Hz [99]. It does not mean that the
data with higher frequency have a better quality than the data with lower frequency. It is
important to select the most suitable data frequency based on the purpose of the data use. Data
with too high a frequency may have a too high cost to collect and more storage for data. In
addition, higher frequency data require a longer time to process in the further stages. In the case
of BIM, if data or information has to be stored in BIM models, the BIM models’ size will be bigger
when the data frequency is higher. Therefore, data frequency has to be carefully selected

otherwise the BIM models will require a lot of resources for implementation. However, too low
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data frequency may result in the loss of some parts of data which is undesirable in some

situations. Therefore, data frequency has to be carefully selected to suit the application.

In the aspect of machine learning, data frequency can affect model performance. Machine
learning models detect patterns in data. If data have too low data frequency, some patterns may
be lost. On the other hand, the bigger size of data also requires more time for training machine
learning models when the performance of the models may not be improved significantly. In
general, machine learning models require quality data with a large amount. This is to ensure that
machine learning models can detect hidden patterns and comprehensively cover every label or

case that possibly occurs.

Examples of the difference in data frequency requirement in machine learning are natural
language processing or speech recognition requires high-frequency data because the purpose of
the training is to ensure that the machine communication is natural as human communication.
However, image classification or image processing requires data with a lower frequency
compared to natural language processing because the classification can be done although the

data frequency is lower such as the number of pixels in images.

Moreover, the data frequency affects the temporal nature of the data which is important to
machine learning applications. For example, for time-series analysis or prediction, high-
frequency data are used to capture short-term trends, and hidden patterns in lower-frequency

data are used to capture long-term trends. An example of this application is stock forecasting.
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It can be seen that data frequency plays an important role in the quality and quantity of data for
machine learning. In addition, many machine learning techniques require the consistency of
features or input. However, in practice, features can have different shapes such as images with
different sizes that have different numbers of pixels or ABA with different shapes because the
data frequency may be fixed but the shapes of data are varied because the speeds of rolling stock
are varied. For more detail, when a track section is considered, the length of the section is
constant. Normally, the data frequency is also constant because it is based on sensors or
equipment used to measure. If the rolling stock runs faster, the shape of the data will be smaller
because the time required for the rolling stock to run on the track section is shorter so the shape
of data will be smaller. The data shape can be remained the same by adjusting the data
frequency. However, those approaches may not be efficient for the machine learning concept.
Therefore, data processing can compensate for the effect of data frequency and differences in

data shape.

In this thesis, there are two main techniques used to keep the data shape consistent when the
data frequency is the same but the rolling stocks’ speed is varied. They are fast Fourier transform

(FFT) and padding which will be further described in the following sections.

3.3.2 FFT

FFT or fast Fourier transform is a widely used processing the Discrete Fourier Transform (DFT)
FFT is used to convert time-domain data into frequency-domain data. The most outstanding

characteristic of FFT is FFT can be used to process data and provided processed data with the

Chapter 3 Data collection, preparation, and processing



Page | 3-20

same shape for machine learning models. The shape of processed data can be bigger or smaller
than the shape of the original data. In addition, it may be another aspect for machine learning to

explore the pattern hidden in the data apart from data in the form of a time domain.

The application of FFT is not limited to signal processing only. FFT can be used to speed up the
training process of machine learning training because data can be processed to have a smaller
size. In addition, FFT is much faster than DFT when they are used to process data. That is why FFT

is popular and widely used in different areas.

FFT can be implemented using Python libraries such as NumPy, SciPy, PyTorch, and TensorFlow
or some software such as MATLAB, Mathematica, Octave, and GNU. An example of processed
data using FFT is shown in Figure 3-11. FFT used in this thesis will be further described in the

machine learning model development namely Chapters 5 to 7.
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Figure 3-11 Example of processed data using FFT; (a) original data and (b) processed data using FFT

3.3.3 Padding

Data padding is a technique used in the machine learning field to deal with variable-shape
features such as sequences, sentences, or images that have different shapes. Padding can be

conducted by adding extra elements (normally zeros) to the end or start of smaller shape data so

that all data will have the same shape.

As mentioned, many machine learning techniques require features to have a fixed shape or size.
Therefore, padding is important because it is used to make the shape of the feature the same.
Without padding, it would be difficult to feed variable-shape features into machine learning

models if those machine learning algorithm does not support variable-shape features.
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Normally, padding can be done in two ways which are pre-padding and post-padding. Pre-
padding is done by adding zeros to the features. The number of zeros added to the features
depends on the biggest and smallest shapes of the samples. For example, if the smallest of
samples is 1*500 while the biggest shape of samples is 1*1,000, 500 zeros will be added to the
end of the samples with the smallest shape. Samples with bigger shapes will require a smaller
number of zeros to be added to make the processed features have 1*1,000 shapes. Post-padding
is similar to pre-padding except zeros will be added to the end of features. It is worth noting that

any number can be added to features not limited to zero only.

As mentioned, all features will have the same length after padding. Then, features can be
organized into a matrix consisting of rows and columns. The resulting matrix can be fed into
machine learning models that require features to have a fixed size before training. Padding can
be implemented using different programming languages and machine learning libraries.
Examples of Python libraries that can implement padding are NumPy, TensorFlow, PyTorch,
Pandas, and SciPy. An example of processed data using the padding technique is shown in Figure
3-12.
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Figure 3-12 Example of data processing using padding
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4 Machine learning and BIM applications

4.1 Machine learning

Machine learning attracts more attention nowadays. Machine learning can be considered a
branch of Al. Machine learning focuses on developing computer algorithms to learn some things
from data and improve performance over time when additional programming is not needed.
Machine learning is aimed to create algorithms that can automatically detect patterns and do

predictions based on the patterns.

Machine learning is widely used in various fields such as image processing, speech recognition,
natural language processing, fraud detection, recommendation systems, and predictive
maintenance which is the aim of this thesis. Machine learning can be mainly categorized into

three types which are supervised learning, unsupervised learning, and reinforcement learning.

4.1.1 Types of machine learning and their characteristics

Supervised learning is used to generate the concept of function. Algorithms are trained to give
the best estimation from input data. It is called “Supervised” because algorithms need labelled
data for training. In this case, humans act as teachers to train the computer with features and
predictions (labels). The machine will learn the pattern from it and try to predict the output. The
main types of supervised learning problems are regression and classification. The common
algorithms are Nearest Neighbor, Naive Bayes, DT, Linear Regression, SVM, CNN, Long Short-

Term Memory (LSTM), RNN, Gated Recurrent Unit (GRU), Residual Network (ResNet), and ANN.
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For unsupervised learning, the computer can train itself without help from humans. Moreover,
the machine can also provide some new knowledge or insights for humans from what the
machine discovers from the data. This will be beneficial for humans when insights are not known.
It is used for pattern detection and descriptive modelling by mining for rules, detecting patterns,
and summarizing and grouping data points. The main types of unsupervised learning problems
are clustering and association rules. The common algorithms are k-means clustering and
association rules. In conclusion, unsupervised learning does not need labelled data for training

and desired labels are unknown.

Reinforcement learning aims to use observations to take actions that maximize the reward.
Reinforcement learning will keep learning from the environment until it finds all possibilities to
maximize performance. The reward will be set to learn to improve its performance. The decision-
making function will be set for the machine to take action. Any actions will result in different
rewards for the learning or reinforcement of the machine. There are many applications of
reinforcement learning such as board games (Chess, Go) or self-driving cars. The common
algorithms are Q-Learning, DQN, Proximal Policy Optimization (PPO), Advantage Actor Critic
(A2C), Asynchronous Advantage Actor-Critic (A3C), Trust Region Policy Optimization (TRPO),
Deep Deterministic Policy Gradient (DDPG), Temporal Difference (TD), Monte Carlo Tree Search

(MCTS), and Deep Adversarial Networks.

Some machine learning architectures are shown in Figure 4-1 to Figure 4-4. Figure 4-1 presents
the architecture of DNN when features are fed into the architecture through nodes in each layer.

There are one input layer and one output layer. The layers between them are hidden layers that
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the number can be adjusted to suit the problem. Weights are used to multiply features from the
previous layer. Activations functions are also used to process features to mimic the nonlinearity
behaviour. Figure 4-2 presents the architecture of CNN when features are not considered as an
individual values but as a group of values. This concept is developed based on a human vision
that multiple points of data are considered together to classify objects. In CNN models, feature
complexity can be reduced using the pooing concept that also mimics human vision. The concept
is humans can recognize objects although the resolution of the picture is reduced. The pooling
conceptis done by selecting a number or value to represent the group of values so the complexity
of the feature is reduced. Figure 4-3 demonstrates the architecture of CNN when applied to time-
series data. the concept is the same as image processing but the dimension of features is reduced
from two (picture) to one (time-series data). Figure 4-4 demonstrates the LSTM architecture that
might look like the DNN architecture. However, the main characteristic of LSTM is there is a loop
weight training function used to consider the historical data inside the architecture. Therefore, it

can be said that LSTM models have a memory which is good for time-series forecasting.
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Figure 4-1 An example of DNN architecture
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Figure 4-2 An example of CNN architecture for image processing
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Figure 4-4 An example of LSTM architecture

From previous paragraphs, there are many types of Al that can be used for this thesis. In this
thesis, all three main categories of machine learning will be deployed for different purposes of

railway predictive maintenance. More details will be described in the following chapters.
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4.1.2 A general framework of machine learning

The overall framework or process of machine learning starts with raw data obtained from data
collection. The data is collected by different sensors and measurement approaches. Collected
data will be processed based on machine learning algorithms. Each set of data is called a sample.
Then, the data is normally split into two groups which are training data and testing data. Training
data is used to train models and develop predictive models while testing data is used to evaluate
the performance of developed models. It is worth noting that this applies to supervised learning
only. These two groups of data will be utilized separately to make sure that there is no over-
fitting issue or data leaking issue from using all data to develop models. The proportion of the
splitting can be varied depending on many factors such as the sample size, model design, etc. The
proportion might be 0.7, which means that 70% of the data is used to train models while another
30% of the data is used to test models. A technique used to split data is called sampling. Sampling
can be done using different ways such as linear sampling, shuffled sampling, or stratified

sampling.

Linear sampling splits samples with a specific number without changing the order of samples. For
example, if the total number of samples is 500 and the proportion of the splitting is 0.7, the first
350 samples are used as the training data while another 150 samples are used as the testing data.
Different from linear sampling, shuffled sampling determines the number of samples from the
proportion of splitting. Then, certain numbers of samples are selected randomly by ignoring the
order. Last, stratified sampling shares the same characteristic as shuffled sampling. However, this

approach includes class distribution in the sampling process. The proportion of each category is
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maintained the same in training and testing data. Therefore, the proportion of each label
category will always remain the same. To demonstrate a clear view of this approach, a binomial
classification of class A and class B is used to demonstrate. From the original data, if the
percentage of data with classes A and B is 60:40, samples will be shuffled and selected by
maintaining the percentage of 60:40 for both training data and testing data. This approach seems
to be the most reasonable approach to split samples because this approach can make sure that
every classis included in the model development process. This is the main advantage of stratified
sampling which linear and shuffled do not have. For those two sampling techniques, some classes
are possibly ignored during the model development. Then, developed models cannot predict
ignored classes effectively because they are unknown or totally new classes for developed

models.

After the data splitting process, training data is used to train predictive models while testing data
is used to test the accuracy of models. In this thesis, the models are developed using Python
language. Model tuning is used to ensure that the combination of hyperparameters is proper,
which can be conducted in different ways. For example, increasing or decreasing the number of
layers, adjusting related parameters, and changing loss functions, activation functions, and
optimizers. From this process, a number of models are tested. For performance evaluation,
different criteria are possibly used depending on the nature of the problems such as accuracy,
R?, root mean square error (RMSE), mean square error (MSE), mean absolute error (MAE), and

mean percentage error (MPE).
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Figure 4-5 General framework of machine learning
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4.1.3 Machine learning development platform

To develop machine learning models, there are different approaches that can be done such as
the use of software platforms or coding using computer languages. Examples of software
platforms are RapidMiner, Weka, IBM Watson Studio, Alteryx, IBM SPSS Modeler, KNIME
Analytics Platform, Posit, Tableau, Microsoft Azure, and MATLAB. Examples of computer
languages used for developing machine learning models are Python and R. For the software

platform, one of the easiest and simplest software is RapidMiner.

RapidMiner is a powerful platform for data preparation and machine learning model
development. It provides a user-friendly interface as a drag-and-drop visual workflow designer
that allows users to create complex data analysis workflows and machine learning model
development without any programming experience and coding. Therefore, it can be used easily
which requires a short time for learning. RapidMiner also provides a range of machine learning
algorithms and models such as DT, RF, and DNN. It also supports unsupervised learning such as
K-mean clustering and association rules. In addition, this software also supports Python script in
case there are no operations required to be used for the data analysis or predictive model
development. The main benefit of using RapidMiner is it does not require coding to develop
machine learning models as mentioned. Another benefit of RapidMiner is it provides a free
license for students. Similar software is Microsoft Azure which applies the drag-and-drop
approach to develop machine learning models as well. However, the limitation of Microsoft
Azure is it is not free software. Therefore, using RapidMiner is a better option. An example of the

operation window of RapidMiner is shown in Figure 4-6.
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However, there are limitations of software platforms such as RapidMiner. That is the software is
not flexible enough in some cases to create complicated machine learning models such as
reinforcement learning. For flexibility and more complicated models, coding using computer
languages is required and unavoidable. For coding, this thesis focuses on Python because it is the
most popular language for machine learning development. The community is big and solutions
for technical issues can be found easily compared to other languages. The platform used in this

thesis is Anaconda. This platform supports data science operations and other languages besides
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Python such as R. Anaconda includes many packages required for data science and machine
learning by facilitating the development such as NumPy, Pandas, Matplotlib, Scikit-learn, and
TensorFlow. Anaconda supports different source-code editors such as Jupyterlab,
JupyterNotebook, Spyder, Microsoft Visual Studio Code (VS Code), and RStudio. Users can easily
manage packages using the included package manager called Conda. Anaconda also provides a
GUI which is Anaconda Navigator. It allows users to manage environments and packages visually

which is more accessible for everyone. The Anaconda platform is shown in Figure 4-7.
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Figure 4-7 Anaconda platform

For a source-code editor, this thesis uses VS code as shown in Figure 4-8. The benefits of this
editor are simple to use, an offline platform, and provides a free license for students. A benefit
of the offline platform is it does not need to rely on the service providers’ server. The training
process of machine learning models does not need to wait for other users. In addition, using the

offline platform can be integrated with Graphic Processing Unit (GPU) to train machine learning
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models which are significantly faster than using only the Central processing unit (CPU). For deep
learning, complex model structure, or models concerning a big amount of data, the training time
is long because of the time-consuming computations. With GPU, these computations can be
performed significantly faster. From a study, GPU is 4-5 times faster than CPU [100]. In the
market, GPU is available from many manufacturers such as NVIDIA, AMD, Intel, Google, and
Amazon. However, the popular one is NVIDIA GPU because of different advantages such as CUDA
is a standard library that is powerful, easy to use, and famous while GPUs from other
manufacturers are not as popular as NVIDIA. In addition, the size of the CUDA community is the

biggest so the information and the support are the strength of NVIDIA GPU.
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from numpy import loadtxt

from tensorflow.keras.models import load_model
import tkinter as tk

from tkinter import filedialog, messagebox
from tkinter import *

import subprocess

import sys

9 import os

1e import tkinter.font as font

13 import customtkinter as ctk
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13 import matplotlib.pyplot
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15 from gym import Env
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17 import random
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Figure 4-8 VS Code

Machine learning platforms are not limited to what is mentioned in the previous paragraph,

Google Colab and Jupyter Notebook are cloud-based platforms that provide users with a free
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environment for running Python code. Users can do coding in a browser-based environment in
which GPU hardware is available. The free version is available and the paid version is optional for
more powerful hardware. Google Colab can be fully integrated with Google Drive so users can
store notebooks and data in the cloud and easily share them with others. Google Colab provides
built-in support for popular machine learning frameworks such as TensorFlow, Keras, PyTorch,
Pandas, NumPy, and Matplotlib. Moreover, additional libraries can also be installed in the
environment. It can be seen that the main advantage of Google Colab is it does not require any

installation or setup.

For Jupyter Notebook, the main character is the same as Google Colab which is a cloud-based
platform. However, one of the key features of Jupyter Notebook is the code can be organized as
"cells" which allows users to organize their code into executable blocks. This makes it easy to
experiment with the code by sections separately and users do not need to run the whole code to

test. Therefore, it can save a lot of time for code testing and debugging.

To summarize, developing a machine learning model can be done using different ways which
have different advantages and disadvantages. This thesis will mainly use the coding via Anaconda
with VS Code approach which is more flexible although it requires coding. In addition, it does not
require the internet for machine learning model development as cloud-based platforms.

Therefore, the workflow will be relatively more flexible.
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4.1.4 Python libraries

Python libraries are pre-written modules or packages of code that can be imported into a Python
machine learning program to provide additional functionality. Libraries contain functions,
classes, and variables that can be used to perform specific tasks or solve specific problems such
as data analysis and machine learning. Python libraries are developed and maintained by the

Python community or third-party developers.

Libraries can be installed using the pip or Conda package manager which is included with Python
and Anaconda respectively. Libraries can be applied when they are installed in virtual

environments and imported into a Python program using the import statement.

Many Python libraries are available for different applications and functions. Some popular Python

libraries are NumPy, Pandas, Matplotlib, Scikit-learn, TensorFlow, and Keras.

one thing to consider is Python library compatibility. The compatibility of Python libraries is very
important and critical when developing machine learning models. It is crucial that all the libraries
used in the machine learning models are compatible with each other and with the version of
Python being used. If libraries are not compatible, it can lead to errors, crashes, and unexpected
behaviour in the application. This can make it difficult to debug and fix issues. To ensure

compatibility, it is important to check the version compatibility of each library based on each
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library’s documentation in the compatibility part. The use of a virtual environment is good

practice. Anaconda also provides this function via Conda.

Examples of Python libraries that will be used in this thesis, their functions, and their versions are

shown in Table 4-1.

Table 4-1 Examples of Python libraries

Library Function Version
Auto-py-to-exe Convert a Python script into an executable file 2.17.0
Customtkinter GUI development 5.1.2
Gym Reinforcement learning algorithm 0.21.0
H5py Export developed machine learning models 2.10.0
Keras Machine learning model development 2.3.0
Matplotlib Data visualization 3.3.2
Numpy Mathematical operations and data management & analysis 1.19.2
Pandas Mathematical operations and data management & analysis 1.1.3
Stable_baselines3 | Reinforcement learning model development 1.5.0
Tensorflow Machine learning model development 2.2.0

4.2 BIM

Building Information Modelling (BIM) is a process or digital representation of characteristics of a
facility to share resources and information throughout the project life cycle [101]. BIM is used in
different industries such as architecture, civil, construction, building system, plant, and structure.
The process of BIM application starts with the plan, design, build, and operate stages. The main
benefits of BIM are supporting collaboration, better visualization, and improved project
outcomes. From its benefits, many governments around the world try to push the application of

BIM through regulations and conditions for the overall investment.
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By applying BIM, it is expected that the relevant information can be collected and stored
comprehensively and properly. Information from the design stage and construction stage of the
project will not be ignored but it will be continually used in the maintenance stage as well. This
will be beneficial for project management throughout the project life cycle and asset
management because the information from the beginning of the project can be used for the
benefit of maintenance. At the same time, information in the operation and maintenance stage
is also required for the prediction and planning of the maintenance. BIM will act as a platform to
share and store this information along with the project life and that will improve the overall

project outcome.

This thesis will use BIM as a platform for information management to collect information from

the beginning of the project and use that information for the benefit of the maintenance stage.

4.2.1 BIM software

There are different software supporting BIM. Examples of software supporting BIM are Autodesk
Revit, ArchiCAD, Trimble Tekla Structures, Vectorworks Architect, SketchUp, Allplan, Rhino 3D,
Autodesk Civil 3D, and CGS Ferrovia. From the review, the software that is most suitable for this
thesis is Autodesk Civil 3D together with Ferrovia because they are designed to support railway
infrastructure. Different from Civil 3D and Ferrovia, other software is designed and normally used
for buildings rather than railway infrastructure. An example of a BIM model of a railway track
developed using Revit is shown in Figure 4-9 and Figure 4-10. However, it is not very flexible and

effective for railway infrastructure.
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Figure 4-9 Example of railway track BIM model developed using Revit

Figure 4-10 Side views of railway BIM model developed using Revit

Autodesk Civil 3D is software that is widely used in the civil engineering field. It is specifically
designed to support civil engineers and designers in designing transportation systems, drainage
systems, and construction. Autodesk Civil 3D has functions to create and modify complex design
objects such as corridors, pipes, and other objects dynamically. Survey data can be integrated to
create topographic models of the existing terrain. The software also has functions to generate
documentation automatically which facilitates the tasks such as construction plan generation,
profile generation, and cross sections generation. Civil 3D also provides collaborative design tools

by allowing multiple designers to work on the same project simultaneously which is the main
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characteristic and benefit of BIM. It can be seen that Autodesk Civil 3D is a powerful tool for

design and documentation processes.

Ferrovia is a software application developed by CGS Labs, a company that specializes in
developing software for civil engineering and infrastructure. It is used for railway design and
analysis. CGS Ferrovia is used by railway designers and engineers to design and analyze railway
infrastructure, including tracks, bridges, tunnels, and stations. The software offers a range of
advanced features for railway design such as 3D modelling, track alignment design, curve design,

spiral design, infrastructure design, analysis tools, and documentation.

4.2.2 Dimensions of BIM

With Civil 3D and Ferrovia, models are developed as 3D models. To develop to the higher
dimension, the fourth dimension or 4D can be time or schedule [78]. However, only Civil 3D does
support this function. Therefore, Navisworks is needed to add time data for additional data. A 5D
model is developed from the 4D model by adding cost data. For the 5D model, Civil 3D has a
function to store cost data and calculate the total cost. For the sixth dimension or 6D, it can be
anything such as project information to evaluate carbon footprint [78], energy consumption, etc.
This thesis will use this function to manage the information or significant parameters integrated

with machine learning for railway infrastructure predictive maintenance.
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5 Supervised learning for railway infrastructure maintenance

Supervised learning is the most popular type of machine learning. The main function of the
algorithm is to label samples or datasets for prediction, classification, or regression. The overall
process of machine learning model training of this type is the models will be trained to find the
optimum weight and biases. Then, when all parameters are optimized, it can be said that the
models are fitted and trained. Then, the models will have the capability to predict labels of new

unseen samples.

During the training process, the models will get the features or inputs and correct labels or
outputs. The models will use them to learn. For each training time, epoch, or iteration, the model
will evaluate their performance by using the loss function which there is a variety of them that
can be used. Loss functions can be selected to use depending on the nature of the problems. For
example, cross-entropy loss is popularly used in multi-class classification problems, and RMSE
loss is popularly used in regression problems. When the model is being trained but the accuracy
or the performance of the models does not improve, it is a sign that can be used to conclude that

the training is done and the models are optimized.

Applications of supervised learning are wide and popular. Some examples of supervised learning
applications are image recognition, speech recognition, natural language, and detection. In this

thesis, the applications of supervised learning will be described in this chapter.
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Classification and regression are two main problems in supervised learning. A classification
algorithm is used to assign samples to specific categories. In other words, the labels are discrete.
During the model training, the models are trained to learn from hidden patterns in features to
predict correct labels. Some examples of classification algorithms are linear classifiers, SVM, DT,
RF, ANN, DNN, and CNN. The regression algorithm is used to predict the labels when the labels
are continuous. In other words, the labels of regression problems are real numbers. Examples of
regression algorithms are linear regression, ANN, DT, RF, and SVR. It can be seen that the main
characteristic difference between classification and regression problems is the continuity of
labels. For example, a machine learning model used to detect railway defects is a classification
model because there are two classes for prediction, “defect” or “no defect”. However, a machine
learning model used to evaluate the size of defects or the location of defects is a regression model
because labels can be any number from zero to any positive number. Therefore, the labels are

continuous.

In this thesis, supervised machine learning will be used to detect defects, evaluate defect
severity, and evaluate the track infrastructure conditions in different aspects such as defect
locations, types of combined defects, and severities of each combined defect. The supervised
machine learning models will be developed in both forms of classification and regression
depending on the problems aimed to be solved. The detail of each development will be

demonstrated in the following sections of this chapter.
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5.1 Classification problems in railway maintenance

5.1.1 Wheelflat detection and severity classification

5.1.1.1 Introduction and backgrounds

Wheelflat is a form of damage that takes place on a train wheel's surface because of excessive,
prolonged braking, or sliding & slipping [102]. When a train wheel undergoes excessive braking,
it generates a flat area on the wheel's surface, where the wheel contacts the rail. In severe cases,
this can lead to a thumping sound, vibration, and even derailment if the severity is high. It can
also be described as an out-of-round wheel because the wheel is no longer circular in shape due
to wear or other damage. The wheelflat's sharp edge becomes eroded from the impact, making
it challenging for humans to detect. Wheelflat can cause extra wear and tear on the rail and other
parts of the train, necessitating more maintenance and repair work. Wheelflat can be a safety
concern for the train and its passengers. Therefore, it is crucial to frequently monitor and

maintain the condition of train wheels to avoid such problems from occurring.

Wheelflats are caused when a train wheel slips or glides along the track while braking. This can
be due to a variety of reasons such as slippery rails, excessive velocity, improper brake
application, uneven wear, fatigue, material defects in the wheel, or poor condition of brake pads.
When a wheel slips, it produces a flat area on the wheel's surface that can differ in size and depth

based on the severity of the slip.

To avoid wheelflats, trains should be operated at proper speeds, brake systems must be

maintained and tuned frequently, and the wear on wheel profiles should be monitored to keep
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the wheel in good condition. If a wheelflat is detected, it needs to be replaced or maintained
immediately to avoid further damage to the train or the track. If a wheelflat is detected promptly
when its size is small, it can be eliminated by wheel grinding. Even though smaller wheelflats are
not as severe as larger ones, they can still cause significant damage although the speed of rolling
stock is low [103]. There are various techniques and parameters for detecting wheelflats, such

as ultrasonic testing, impact force, wheel radius, and defect detection [104].

This section demonstrates the development of supervised machine learning to detect and classify
the wheelflat severity. The techniques used in this section are DNN, 1D-CNN, and LSTM. The
machine learning models developed using these techniques are compared for evaluating their
performance. The scope of this section focuses on wheelflat only. Other defects, both wheel and
rail defects, have not been considered and included in this stage. Data used in this case are
numerical data generated from D-Track which is a validated software for MBS. The detail of

validation is explained in 3.2.1.

Wheelflat is one of the most common defects found in railway infrastructure. Therefore, there
have been many attempts to develop approaches to detect and predict wheelflat. Dong et al.
[105] applied the FEM method to model the train track interaction. In that study, they used the
developed FEM model to study the dynamic behaviour and they included wheelflat as a defect
in the FEM model. They mentioned that the impact force was significantly affected by the speed
and axle load of rolling stocks. As mentioned, when the demand for railway transportation is
increasing, railway operators have to operate more trains to meet the increasing demand by

increasing the speed and road of rolling stocks. Therefore, railway infrastructure and rolling stock
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tend to deteriorate faster and defects tend to emerge more frequently. Wheelflat will also take
place more frequently. As mentioned, wheelflat can lead to serious incidences such as derailment
if the severity is high. In addition, defects with light severity are easier to control and require less
maintenance cost to repair. Therefore, predictive maintenance is a useful concept that can be
used in this situation. To perform predictive maintenance efficiently, a tool with the sufficient

capability to detect wheelflat and evaluate the severity plays an important role.

There have been many attempts to develop different techniques to detect wheelflat. One
parameter that is popular to use is axle box acceleration (ABA). In the beginning, ABA was not
used to detect wheelflat directly but it was used to further calculate for other parameters such
as energy. Bracciali and Cascini [106] applied FFT to process ABA and used the processed data to
predict the occurrence of wheelflat. Yue et al. [107] used the same concept to process ABA and
used the processed values to detect wheelflat. However, the main difference between this study
and the previous study is they applied wavelet transform to process data instead of FFT.
However, they found the same conclusion that ABA could be used to indicate wheelflat. They
also added that the use of frequency could provide a more accurate prediction because time-
domain data could be misleading sometimes. They stated that the processed data by using FFT
could be used to predict wheelflat and yielded more satisfying outcomes than the time-domain
data. It is worth noting that time-domain data mentioned in that study referred to peak values
of ABA only, not the whole raw ABA data. This finding was also confirmed by Belotti et al. [108]
who applied a wavelet signal to predict wheelflat. In the study, they set the speed of rolling stock

to 10 to 100 km/h. They claimed that they could achieve the accuracy of the prediction by up to
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94%. Although frequency-domain data can be obtained by processing time-domain data, some
equipment can be used to collect frequency-domain data directly. Bragg Gratings is an example
of equipment that can be installed along the track and used to collect data in the form of
frequency domain [109]. Ultrasound technology is another approach that can be used to detect
wheelflat but the main disadvantages are time-consuming installation and the high cost [104].
Another traditional method is visualization. However, it requires manpower and time. In
addition, it can be affected by human error. The machine learning model is an alternative that
requires relatively low cost and the time to do prediction is short because of the more

computational power nowadays.

Although there are different approaches proposed to detect wheelflat, there is still an argument
about the process of detection from the type of data, how to process, and techniques used to
predict [110]. Gao et al. [21] used noise as a feature with GA and ANN to predict wheelflat. For
the noise, they calculated the mean value and used it as the main feature for prediction. Compare
to the traditional method they used in China, they claimed that their developed method could
improve the accuracy of prediction by 10%. Li et al. [111] applied the same concept but they
added that the noise could be affected by background noise and the noise of the railway
infrastructure deterioration. Therefore, they filtered data using adaptive multiscale
morphological filtering (AMMF) before using the processed data to predict wheelflat.
Krummenacher et al. [112] applied vertical force as the main feature to detect wheelflat using
machine learning. They deployed SVM, ANN, and CNN. The accuracy that they obtained was 90%

for the wheelflat detection.
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From the literature review, deep learning techniques are not popular in detecting wheelflat. In
addition, the wheelflat severity classification has not been well explored. Frequency-domain data
have not been applied to machine learning. This section will find the potential of combining these

concepts together and expect to fill some research gaps in this area.

5.1.1.2 Data and processing

Data for training machine learning models are numerical data generated using D-Track. The detail
and validation of the software were described in Section 3.2.1. The frequency of analysis can be
adjusted as a function of the software. In this section, the frequency of analysis is defined to be
every 0.0005 seconds or 2,000 Hz. From Figure 3-3, wheelflat is a type of defect that can be
mimicked in D-Track by customizing the geometry of the wheels. However, the software requires
inputting the length and depth of the wheelflat to generate the geometry of the wheelflat. ABAs

were exported from D-Track to train machine learning models is the ABAs.

To create the diversity of data and mimic the real situation, different parameters as inputs of D-
Track are varied. On the other hand, some parameters will be used for training machine learning
models. The first parameter that is varied is sleeper spacing. In this section, the spacings of
sleepers are varied from 600 to 750 mm which is the spacing typically used in the railway industry.
Speeds of rolling stock are 20 to 200 km/h that suppose to cover the majority of the rolling stock
speed used nowadays. The range of the rolling stock weight is 40 to 80 tonnes. The last parameter
which is important in this section and will be used as labels of machine learning models is the size

of the wheelflat. In this section, machine learning models are developed to detect and classify
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the severities of wheelflats. For the length and depth of wheelflats, although the software allows
inputting of any numbers as the length and depth of wheelflats, these two numbers have to be
reasonable based on the wheels’ geometry shown in Figure 5-1. L is the length of wheelflats, D is
the depth of wheelflats, and R is the radius of the wheels. In this section, the radius of the wheels
is assumed to be 460 mm. The relationship between the length and depth of the wheelflat can
be calculated using Equation 1. Then, the function of the wheel related to the rail used in D-Track

can be computed using Equation 2.

Figure 5-1 Relationship between length and depth of wheelflats

2

L Equation 1
=03
( )? + >
d 21X .
fx) = 5 * [1 — cos T” Equation 2

As mentioned, machine learning models in this section are aimed to detect and predict severities
of wheelflat, therefore, there are two functions or two machine learning models. Different sizes
of wheelflats will be categorized into four levels which are no wheelflat, light defect, intermediate

wheelflat, and sever wheelflat. For wheelflat detection, the model will predict two classes which
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are no wheelflat and defect when light, intermediate, and severe wheelflats are combined
together. For severity classification, no wheelflat class will be removed from the samples. The
depth and length of wheelflats based on each level are shown in Table 5-1. The sizes of wheelflats
are referred to in the studies done by Vyas and Gupta [113] and Zhai [114] who said the majority
of wheelflat has a length of 52 to 60 mm while the depth is ranged from 0.9 to 1.0 mm. Any other
parameters that are not mentioned will be fixed. The total number of MBS simulations from D-

Track is 1,608. The number of samples in each class can be shown in Table 5-2.

Table 5-1 Depth and length of wheelflats based on levels

Class/Level Depth of wheelflat (mm) Length of wheelflat (mm)
0 (no defect) 0.0 0.00
1 (light wheelflat) 0.1 19.18
2 (intermediate wheelflat) 0.5 44,98
3 (severe wheelflat) 1.0 60.63

Table 5-2 Number of samples in each class

Class/Level Number
0 888
1 240
2 240
3 240

In this section, the main features used in the machine learning models are ABAs. Examples of
ABAs from D-Track simulations are shown in Figure 5-2. The figure presents the differences of
ABAs when the sizes of wheelflat are the same but the weights of rolling stock are different. Two
top plots present the ABAs with wheelflat while two bottom plots present the ABAs when there
is no wheelflat. It can be seen that in the case of wheelflat, there are six peak values on both

positive and negative sides. These values are used for simplified features for the DNN model
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when raw data will be used as features for CNN and LSTM models. For simplified features, nine
features will be used which are sleeping spacing, the weight of rolling stock, the speed of rolling
stock, and six peak values. To extract simplified features from raw data, data processing is done
using Visual Basic for Application (VBA). For raw data, the outcomes from D-Track are ABAs which
are time-domain data. To explore the potential of frequency-domain data as mentioned in
previous studies, FFT is used to process data. Examples of processed ABAs using FFT are shown
in Figure 5-3. One benefit of processing data using FFT is it can process data and provide data
with a similar shape. It is worth noting that when the frequency of analysis is the same while the
speed of rolling stock changes, the shape of the output will be different. The data with higher

speed will have a shorter length of data.
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Figure 5-2 Examples of ABAs from D-Track
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An example of data processed by FFT
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Figure 5-3 Examples of ABAs processed using FFT

Although the above figures demonstrate only one set of ABA per each case, machine learning
model training in this section uses two sets of ABAs from both wheels. Samples will be separated
into two groups with the proportion of 70% and 30% to be training data and testing data
respectively. The sampling method is stratified sampling which the proportion between each

class is still the same in both training data and testing data.

5.1.1.3 Methodology

This section uses a deep neural network (DNN), CNN, and LSTM to develop predictive models.
Each machine learning model requires different forms of features. For DNN, the architecture of
the model is quite similar to ANN but the number of hidden layers is more than one. The features
have to be selected and fed into the DNN model by a human. Therefore, it requires feature

engineering which is similar to many machine learning models. However, CNN has an advantage
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beyond other machine learning techniques because it contains a feature extraction part [115].
This part has a function to select significant features or patterns hidden in data. This process
occurs automatically by machine. It can be partially called unsupervised for this part of CNN. From
this, feature extraction does not require the knowledge or experience of humans. A benefit is
feature extraction will not be affected by human bias. To perform this function, different

components in CNN architecture have their own function.

The results of the feature extraction part in CNN are feature mapping. In the Python language,
feature mapping is called filters. Similar to other neural networks, features’ significances are
demonstrated through weights and biases which will be tuned and adjusted during the training
process. The number of filters can be defined in the architecture of CNN. More filters refer to the
increasing nonlinearity of the model. However, it cannot guarantee that the higher number of
filters will result in better accuracy. Therefore, model tuning is a required process for any
machine learning model development. The number of filters can be defined in convolutional
layers. The feature mapping can be computed by using a moving window called a kernel. The
kernel will move along the whole data from the start until the end of the data. The data will be
processed using activation functions which can be different depending on the problems aimed

to solve.

A pooling layer is another component that is popularly used in CNN. The pooling layers concept
is developed by observing that humans can recognize objects or pictures no matter whether
those objects or pictures are big or small. CNN was developed based on the concept that humans

can recognize things based on areas we see, not only one location. From this concept, it means
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that the machine learning model does not require all data to make the prediction. Only some
parts of the data can be used to make the prediction. Pooling layers apply this concept by
selecting only some significant features for models. The benefits of the pooling layer are it can
reduce the sensitivity of the model by reducing unnecessary features from the prediction. In
addition, the model can process faster because of the smaller number of features to process and
train. Two popular pooling techniques used nowadays are average pooling and max pooling. As
their names, average pooling does the calculation by calculating the average value of all values
while max pooling will select the maximum value of all values as a representative. A general
outcome of the pooling layer is shown in Figure 5-4 and the result from max pooling is shown in

Figure 3-8.

X419 | X192 | X43 | X44 [ X45 [ X4 | X47 | X4 | Xq9 | --- | Xqn

!

Vi1 | Va2 | Vi3

Figure 5-4 Result from pooling layer

The main component of the CNN model is a convolutional layer. Pooling layers are optional. They
can be added after convolutional layers or they can be ighored depending on which way provides
better model performance. Convolutional layers and pooling layers are combined into the
feature extraction part. Another main part of CNN is the classification part. It is worth noting that
although it is called the classification part, it can be used for regression problems as well. To

connect these two parts, feature extraction and classification parts, a flatten layer is deployed.
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The flatten layer will connect results from the feature extraction part to dense layers or fully-
connected layers in the classification part. The concept of the flatten layer is simple. The layer
will rearrange nD data to 1D data by stacking data in a dimension larger than one to the data in
the first dimension. Therefore, it can be imagined that data will turn to linear data when they are
processed through the flatten layer. An example of data processed by the flatten layer is shown
in Figure 3-10. The concept of flatten layer is shown in Figure 5-5. After that, the data is processed
in the classification part. The function of this part is quite similar to the traditional ANN model.
There are an input layer, hidden layers, and an output layer. The number of nodes in the input
layer is referred to the number of features or feature mapping in this case. The number of nodes
in hidden layers and the number of hidden layers can be any number. The higher number refers
to the high nonlinearity. The number of nodes in the output layer depends on the characteristics
of the problems. For example, if the problem is regression, the number of nodes in the output
layer is likely to be one. If the problem is classification, the number of nodes in the output layers
is equal to the number of classes. The number of nodes and hidden layers has to be defined at
the beginning of the architecture creation. These numbers will not be changed during the training
process, different from weights and biases. For parameters that have not changed during the
training process, they are called hyperparameters. To maximize the performance of the machine
learning model, hyperparameters are also needed to be tuned through the process called

hyperparameter tuning which will be described in detail later.
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Figure 5-5 The process of the flatten layer

One problem that can be found in machine learning is overfitting. Overfitting happens when the
model tends to memorize labels instead of doing predictions. Therefore, the model will not be
able to perform well when dealing with unseen or new data. A method that can be used to deal
with this problem is developing many machine learning models for prediction and using them to
predict labels. Then, the final labels are finalized using the voting system from those developed
models. However, this approach is costly and time-consuming. Therefore, the concept of dropout
is developed. The dropout concept is some nodes in specific layers will be disenabled during the
training process. The disenabling will be random. Therefore, the model will not rely on specific
features too much. The model will learn to use every feature to predict labels. This is another

approach that can be used to prevent overfitting.

LSTM is another technique used to develop a machine learning model in this section. LSTM is a
type of RNN-based model. The characteristic that makes LSTM outstanding from other RNN-
based models is it can memorize previous data fed into nodes. Normally, data are independent

when they are fed into nodes in neural networks. However, features in LSTM are not
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independent. Each feature affects other features and the model considers this relationship to do
a prediction. Therefore, the nature of LSTM is beneficial for predicting data in the form of
sequences such as speech recognition or natural language. The architecture of LSTM consists of
three components which are the input gate, forget gate, and output gate. The function of each
gate is represented by its own name. The input gate is used to receive data from the previous
node. Forget gate is used to select which data to send to the following node and which data to
be forgotten. This is to prevent the model from memorizing everything and the model will need
a long time to process the whole set of data. The output gate is used to send data to the next
node. A main advantage of LSTM is it does not require feature engineering as CNN because the

model can extract the hidden pattern in the data and use it to predict the target labels.

From machine learning model development, DNN, CNN, and LSTM are used. Each model is tuned
to optimize performance. For the DNN model, it is found that the architecture that provides the
best performance consists of one hidden layer. The number of hidden nodes is 14. Multiple-
hidden layers are tried in this case but one hidden layer provides the best performance. Because
the problems in this section are classification, the main criterion used to evaluate the
performance is accuracy. Other indicators are also demonstrated such as precision and recall.
The numbers of nodes in the input layer and output layer of the DNN model are nine and four
respectively according to the number of features and classes. An activation function used in the
hidden layer is Rectified Linear Unit (ReLu) and the activation function used in the output layer is
softmax which is popular in multi-class classification. The architecture of the DNN model is shown

in Figure 5-6.
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Figure 5-6 DNN architecture for wheelflat detection and severity classification

The architecture of the CNN model is shown in Figure 5-7. The shape of the feature is 2*1*670
which demonstrates there are two sets of 1D data stacked with each other. Then, data are fed
into a convolutional layer and the number of filters is 32. Max pooling is used to reduce the
sensitivity of the model. Then, the data are processed in another pair of the convolutional layer
and max pooling layer. In this stage, dropout is used between the second convolutional layer
and the max pooling layer. The percentage of dropout is set to 50% to prevent overfitting.
Then, data are flattened and fed into the classification part. For the classification part, there are
two hidden layers with 100 hidden nodes before the output layer. Similar to the DNN model,
the activation function used in the output layer is softmax when Relu is used in other layers.
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Figure 5-7 CNN architecture for wheelflat detection and severity classification
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The LSTM architecture is shown in Figure 5-8. The feature used in the input layer is similar to the
CNN model. The LSTM layer consists of 200 LSTM cells. Then, the data are processed through two
hidden layers when the numbers of hidden nodes are 100. The activations functions used in

different layers are the same as the DNN and CNN models.

LSTM cell

J

\
LSTM cell
F1,3
el LSTM cell
F2,670 \ J \ J
4 classes

100 nodes in output

Input: Single 100 nodes fully hidden layer
2 sets of layer of connected with
FFT data 200 LSTM LSTM layer
with 670 cells
time steps

Figure 5-8 LSTM architecture for wheelflat detection and severity classification

5.1.1.4 Results and discussion

To evaluate the model performance, accuracy, precision, and recall are presented. They can be
calculated using Equation 3 to Equation 5 where TP is true positive, TN is true negative, FP is
false positive, and FN is false negative. True and false do mean their meaning. Positive means
the model captures samples as the target while negative means that the model predicts that the

samples do not belong to the target. For accuracy, it is used to evaluate the overall performance
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of the model while precision and recall are mainly used to evaluate the performance of the model

based on each class. Therefore, every class will have its own precision and recall.

Accuracy = TP+TN Equation 3
Y= TP +TN +FP + FN
rp Equation 4
Precision = — -
recision TP n FP
TP+TN Equation 5
R Il =———
¢ = TP ¥ FN

For the performance evaluation of the developed machine learning model, three approaches are
used which are overall accuracy, accuracy on wheelflat detection, and accuracy on wheelflat
severity classification. For overall accuracy, four classes of labels as shown in Table 5-1 are
considered. For wheelflat detection, the consideration will be binary classification when levels 1
to 3 are combined to be wheelflat class and level is no wheelflat class. For wheelflat severity
classification, levels 1 to 3 are considered. From the model training, the accuracies and epoch or
training time can be shown in Figure 5-9. It can be seen that when the models are trained for a
while, the accuracies cannot be improved which means that the models are optimized. In other
words, the training is finished. From the figure, when the models are trained for 30 epochs, the
accuracies are not significantly improved. As mentioned, the testing data are 30% of the samples.
The average overall accuracy of the DNN model is the highest followed by the CNN and LSTM
models respectively. The overall accuracy of the DNN, CNN, and LSTM models are 0.90,0.80, and
0.77 respectively. Therefore, the use of simplified data is sufficient to provide satisfying outcomes

in this case. Besides the highest accuracy, the DNN model required the lowest training time. To
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consider the overall accuracy in detail, precision and recall are considered and demonstrated in

Table 5-3. The results from the table also confirm that the DNN model performs the best.
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Figure 5-9 The relationship between epoch and accuracies

Table 5-3 Precision and recall of wheelflat predictive model

Class Accuracy Precision Recall

DNN CNN LSTM DNN CNN LSTM DNN CNN LSTM
Level O 1.00 0.94 0.73 0.99 0.91 1.00
Level 1 0.97 0.57 1.00 0.99 0.70 0.59
Level 2 0.96 0.80 0.77 0.88 0.77 0.80 0.84 0.55 0.53
Level 3 0.86 0.54 0.76 0.91 0.69 0.45
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For the accuracy of wheelflat detection, there are two classes to consider which are wheelflat
and no wheelflat classes. Therefore, levels 1 to 3 will be combined together. The accuracy,
precision, and recall are shown in Table 5-4. The DNN model also has the highest accuracy
followed by the CNN and LSTM respectively. The DNN model has accuracy, precision, and recall

close to one in every case. The CNN and LSTM models perform better than each other in different

cases.
Table 5-4 Precision and recall of wheelflat detection
Class Accuracy Precision Recall
DNN | CNN | LSTM | DNN | CNN | LSTM | DNN | CNN | LSTM
No wheelflat (level 0) 100 | 091 | 081 1.00 | 094 | 0.73 | 099 | 0.91 | 1.00
Wheelflat (levels 1-3) 099 | 0.88 | 1.00 | 1.00 | 0.91 | 0.62

For the wheelflat severity classification, levels 1 to 3 are considered. They are called light
wheelflat, intermediate wheelflat, and severe wheelflat according to the sizes of wheelflat. The
accuracy, precision, and recall of each predictive model are shown in Table 5-5. The DNN also has
the best performance based on these indicators. However, the LSTM model seems to perform
better than the CNN model in this case. The LSTM model has a higher accuracy and many cases

of precision and recall.

Table 5-5 Precision and recall of wheelflat severity classification

Class Accuracy Precision Recall
DNN | CNN | LSTM | DNN | CNN | LSTM | DNN | CNN | LSTM
Light wheelflat 1.00 | 0.67 | 1.00 | 0.99 | 0.75 | 1.00
Intermediate wheelflat 091 | 0.70 | 0.84 | 0.88 | 0.84 | 0.80 | 0.84 | 0.60 | 0.81
Severe wheelflat 0.86 | 0.63 | 0.76 | 0.91 | 0.78 | 0.74
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In terms of training time, the DNN and CNN models require a small amount of time to train the
models. Both of them require a millisecond to train the model for one epoch. However, the
training time of the LSTM model is significantly higher than the other two models. It takes 11
seconds to train one epoch. The long training time of LSTM seems to be an issue in this case as

found in many previous studies.

5.1.2 Railway combined defect detection and severity classification

5.1.2.1 Introduction and backgrounds

In this previous section, the application of machine learning to predict wheel defects was
demonstrated. In this section, the application of machine learning to predict rail defects is
explored. In addition, real practice is considered. Defects do not occur independently. Multiple
defects can take place at the same time and they will be more challenging for railway operators
to detect and evaluate. In this section, machine learning potential will be explored to see whether

it can be used to predict combined defects. Dipped joint and settlement are used as case studies.

Dipped joints are defects occurring at rail joints as their name. Physically, dipped joints are the
lowering of rail surface level at rail joint locations. Dipped joints emerge during the operation
that the shape of the rail deteriorates. For the settlements, they are phenomena that track
section sinks below the design level. Settlements can take place because of many reasons such
as poor construction, deterioration of foundation, poor drainage system, or settlement because
of normal operation. Settlements cannot be avoided because tracks will settle over time although

other factors are perfect. As with other rail defects, dipped joints and settlements negatively
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affect passenger comfort, induct other defects, and cause derailment when the defects are
severe. Dipped joints and settlements can be inspected using different approaches such as
visualization [116], ultrasonic [117], magnetic induction [118], or eddy current [119]. These
approaches are called non-destructive testing (NDT). A main benefit of NDT is the testing will not
affect the railway infrastructure and does not create any damage to the railway infrastructure.
In addition, NDT is cost-effective and requires a small amount of time to perform. Machine
learning can be considered a type of NDT as well because the testing does not create any damage

to the railway infrastructure.

In this section, different machine learning techniques are used to develop predictive models. The
deployed techniques are DNN, CNN, and LSTM. The aims of the machine learning model
application are to detect dipped joints and settlements including evaluate their severity. The
features used to train the machine learning models are ABAs. As mentioned, the use of ABAs has
many advantages. First, it is fast to collect data because data collection can be done during
regular operation by installing accelerometers at axle boxes. In addition, data collection will not
interrupt the operation because any rolling stocks running on the target tracks can be used as
data collection equipment. The cost of data collection is not expensive because accelerometers
are relatively cheap compared to other advanced equipment. Last, the conditions of tracks can
be monitored regularly because the data collection does not interrupt the regular operation.
Predictions can be done in a short time because machine learning can do predictions due to the
increasing computational power nowadays. As in the previous section, this section uses

numerical data generated by D-Track. Differences between this section and the previous section
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are that combined defects are considered, rail defects are explored instead of wheel defects, and
combined defects are considered as rail irregularities which have to be customized because there
is no available function in D-Track to input combined defects. Therefore, customized geometries

of rail will be inputted into the software in the form of a CSV file.

Nufiez et al. [70] applied ABA to detect rail defects. In that study, exampled defects were squats
and corrugations. In their study, they could achieve an accuracy of 85%. Li et al. [71] also applied
ABA to defect rail defects. Their targeted defects were light squats and their findings confirmed
the same results as the previous studies that ABA can be used to detect and predict different

defects in the railway industry.

For machine learning, another technique that is popular is computer vision or image processing.
Many studies performed predictions using this technique [14, 112, 120-126]. However, the main
drawbacks of image processing are the accuracy of the prediction is based on the quality of the
images. When the speed of data collection is higher, the quality of collected images tends to drop
significantly. Another drawback is image capturing has a limitation when the light is limited
because it significantly affects the quality of images. Although there have been studies focusing
on more than one defect, the studies focusing on combined defects when multiple defects take
place at the same time are limited. This research gap is aimed to be fulfilled by the study

presented in this section.
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5.1.2.2 Data and processing

As in the previous section, data used in this section are numerical data generated by using D-
Track. Different parameters are varied to create data diversity and mimic the real situation.
Parameters that are varied can be summarized in Table 5-6. It is worth noting that settlements
in this section can be categorized into two groups which are short settlements and long

settlements. The lengths of short and long settlements are 3,000 and 10,000 mm respectively.

Features used in this section are ABAs generated by using D-Track.

Table 5-6 Summary of varied parameters for studying dipped joints and settlements

Parameters Value

Sizes of dipped joint 0-10 mm. (The length of the dipped joint is 1,000 mm.)

Sizes of settlement 0-100 mm. (The lengths of the settlement are 3,000 and
10,000 mm for short and long settlements respectively)

Speeds of vehicle 20-200 km/h

Weights of vehicle 40-80 tonnes

Rail type AS60

Gauge Standard gauge

Pad type HDPE

Sleeper type Prestressed

Sleeper spacing 600-750 mm.

Track bed stiffness 50.1 MN/m

Track bed damping 159 kNs/m

Primary suspension stiffness [1.22 MN/m

Primary suspension damping |4 kNs/m

Wheel radius 460 mm.

Hertzian contact coefficient | 7.25E+10 N/M3/2
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From the list of simulations, the total number of samples generated by D-Track is 1,605. Examples
of ABAs exported from D-Track are shown in Figure 5-10 and Figure 5-11. Both show the ABAs
when the speed of rolling stock is 20 km/h and the weight of rolling stock is 40 tonnes. The
difference between these two cases is the first figure presents the ABA when the track is defect-
free and the second figure presents the ABA when the sizes of the dipped joint and settlement
are 2.5 mm and 20 mm respectively and the settlement is a short settlement as shown in Figure
5-12. From the figures, it is easy to recognize when the track is free from defects. However, it will
be more complicated when the track has combined defects. From Figure 5-11, there are peak
values that are caused by dipped joints and settlement. These peak values will be used as
simplified features from the DNN model as Section 5.1.1 when raw data will be used as raw data
for the CNN and LSTM models. As in the previous section, there are two sets of raw data from

two wheels. Those two sets of data will be used to train machine learning models.
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Figure 5-10 Example of ABA when there is no defect
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Figure 5-11 Example of ABA when a track is defective
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Figure 5-12 Geometry of the track with dipped joint (2.5 mm) and short settlement (20 mm)

For raw data, ABAs will be used directly for the CNN and LSTM models. Different from the
previous section, ABAs are not processed to be frequency-domain using FFT but will be used in
the form of time-domain data. For simplified data for the DNN models, 14 features are used

consisting of the weight of rolling stock, speed of rolling stock, and six peak values of ABAs in
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positive and negative sides from both wheels. To process simplified data, VBA code is used as in
the previous section to extract the simplified features from raw data. It is worth noting that the
speed and weight of rolling stock are known in the beginning from sensors installed on rolling
stock. Labels of each sample are done based on the sizes of dipped joints and settlements. Labels
are shown in Table 5-7. As in the previous sections, machine learning models are used to detect
and evaluate the severity of dipped joints and settlements. However, combined defects are
considered in this case. The development approach will be slightly different from the previous
section. In brief, a hypothesis will be tested whether two models developed for detecting each
defect or a model developed to detect both defects will have better performance. Then, two

individual models are developed to predict the severity of dipped joints and settlements

separately.
Table 5-7 Labels of dipped joints and settlements based on sizes
Purpose Label Size of defect

Dipped joint severity classification 0 2.5 mm or smaller
1 2.5-5.0 mm.
2 Bigger than 5.0 mm.

Settlement severity classification 0 20 mm or smaller
1 20-60 mm.
2 Bigger than 60 mm.

For a single model to detect dipped joints and settlements together, there are four classes of
labels which are no defect, dipped joint, settlement, and dipped joint and settlement. For two
models to detect dipped joints and settlements separately, each model will classify two classes
which are no defect and defect. For the models to evaluate the severity of dipped joints and

settlements, the labels are based on the sizes of defects as shown in Table 5-7.
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5.1.2.3 Methodology

The workflow of the machine learning models is shown in Figure 5-13. In this case, a regression
part to evaluate the sizes of defects is also added for the completion of the study. For the
classification problems which are detection and severity evaluation, the same indicators used in
5.1.1 are used. For the regression problem which is the size of defect prediction, MAE is used to

evaluate the model performance.
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Figure 5-13 Workflow of a machine learning model for dipped joint and settlement detection and severity
evaluation
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Stratified sampling is used to separate the training data and testing data for training and
evaluating models’ performance. They will be separated with the proportion of 70% and 30%
respectively. To ensure the performance of the developed machine learning models,
hyperparameter tuning is also performed. The list of hyperparameters tuned is shown in Table

5-8.

Table 5-8 List of hyperparameters tuned for combined defect detection and severity classification

Model Tuned hyperparameter

DNN The number of hidden layers Learning rate
The number of hidden nodes Momentum
Activation function Optimizer
Batch size Dropout

CNN The number of convolutional Activation function
layers Batch size
Filter Learning rate
Kernel Momentum
The number of max pooling layers Optimizer
Pool size Dropout

The number of hidden layers
The number of hidden nodes

LSTM The number of LSTM cells Learning rate
The number of hidden layers Momentum
The number of hidden nodes Optimizer
Activation function Dropout
Batch size

5.1.2.4 Results and discussion

For the models that are used to detect dipped joints and settlements, the performances can be
shown in Table 5-9. From the table, the CNN model has the highest accuracy. The value of almost
1 indicates that the model can capture all defects and be reliable when used for prediction. The

DNN model performs better than the LSTM model. Therefore, the use of raw data and simplified
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data does not guarantee which approach provides better performance but they need to be
tested. Another conclusion that can be drawn is the use of data in the form of time-domain data
without processing to be frequency-domain also has the potential to provide a satisfying
outcome. As the finding found in the previous section, the LSTM model has the lowest accuracy.

At the same time, the processing time for training is the longest.

Table 5-9 Performance on dipped joint and settlement detection

Model Accuracy
DNN 0.86
CNN 0.99
LSTM 0.79

The list of hyperparameters of the CNN model that are tuned to provide the best performance

of each model is shown in Table 5-10.

Table 5-10 Tuned hyperparameters for the CNN model to detect dipped joint and settlement

Activation function

Model Tuned hyperparameter Value
CNN |The number of convolutional layers 2
Filter 80 (conv1) and 64 (conv2)
Kernel 5
The number of max pooling layers 2
Pool size 3
The number of hidden layers 2
The number of hidden nodes 100

RelLu (except dense3 which uses Softmax)

Batch size 64
Learning rate 0.001
Momentum 0.9
Optimizer Adam
Dropout N/A
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The second approach uses two models to detect dipped joints and settlements. This approach is
used because of the assumption that the machine learning model with a specific purpose should
perform better than the model that has many functions. In this case, machine learning models
have two classes to predict instead of four classes. Therefore, they should perform better. The
performances of the machine learning models developed using this approach are shown in Table
5-11. It can be seen that the CNN model has the highest accuracy on both dipped joint and
settlement detection. The DNN and LSTM models perform better than each other in different
cases. The DNN model performs better on dipped joint detection while the LSTM model performs
better on settlement detection. The CNN model has an accuracy on dipped joint detection equal
to 1.00 which is the perfect number. However, when the overall accuracy is calculated by
multiplying two accuracies, the overall accuracy is 0.99 which is similar to the first approach. This
phenomenon also occurs in the case of the DNN and LSTM models. Therefore, it can be concluded
that the use of a model to detect both dipped joint and settlement at the same time and the use
of separated models to detect dipped joint and settlement independently do not provide a

different performance.

Table 5-11 Performance on dipped joint and settlement detection using separate predictive models

Model \ Accuracy

Dipped joint detection

DNN 0.94

CNN 1.00

LSTM 0.86
Settlement detection

DNN 0.92

CNN 0.99

LSTM 0.94

Total accuracy 0.99
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The tuned hyperparameters of the CNN models to detect dipped joints and settlements

separately are shown in Table 5-12.

Table 5-12 Tuned hyperparameters for the CNN model to detect dipped joint and settlement separately

Model Tuned hyperparameter Value

CNN for The number of convolutional layers |2
detecting Filter 64 (convl) and 32 (conv2)
dipped joint | Kernel 7

The number of max pooling layers 2

Pool size 2

The number of hidden layers 2

The number of hidden nodes 100

Activation function ReLu (except dense3 which uses Softmax)

Batch size 64

Learning rate 0.001

Momentum 0.9

Optimizer Adam

Dropout 0.25 (before maxpooling2)
CNN for The number of convolutional layers |2
detecting Filter 80 (convl) and 64 (conv2)
settlement |Kernel 6

The number of max pooling layers 2

Pool size 4

The number of hidden layers 2

The number of hidden nodes 100

Activation function Relu (except dense3 which uses Softmax)

Batch size 64

Learning rate 0.001

Momentum 0.9

Optimizer Adam

Dropout N/A

When samples are detected that the track sections have dipped joints or settlements, samples

will be further fed into the machine learning models for severity classification. In this case, there

are many classes to detect. Therefore, severity classification for dipped joints and settlements

will be developed separately to ensure the performance of the predictive models. As shown in

Chapter 5 Supervised learning for railway infrastructure maintenance



Page | 5-34

Table 5-7, there are three classes in both dipped joint and settlement severity classification. They
can be called light, intermediate, and severe defects. The performances of the predictive models
are shown in Table 5-13. From the table, the CNN model is the best model for classifying the
dipped joint severity when the accuracy is 0.84. However, the LSTM model is the best in
classifying the severity of settlements. Therefore, the overall accuracy is 0.83. It can be seen that
the accuracy of the CNN model on classifying the severity of settlement is in the same range as
the LSTM model which is 0.95 which is acceptable as well. Another way to present the
performance of the machine learning model on the classification is the confusion matrix. A
confusion matrix presents the relationship between the predicted labels and true labels of
samples. Normally, a confusion matrix is present in a tabular form when rows represent true
labels and columns represent predicted labels. The confusion matrix of dipped joint and

settlement severity classification is shown in

Table 5-14 and Table 5-15 respectively. If the developed predictive models perform well, it is

expected that all numbers should be in the diagonal cells.

Table 5-13 Performance of the predictive models on severity classification

Model \ Accuracy

Dipped joint severity classification

DNN 0.61

CNN 0.84

LSTM 0.51
Settlement severity classification

DNN 0.51

CNN 0.95

LSTM 0.99

Total accuracy 0.83
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Table 5-14 Confusion matrix of dipped joint severity classification using the CNN model

Predicted class 0

Predicted class 1

Predicted class 2

Actual class 0 75 8 16
Actual class 1 5 69 24
Actual class 2 1 9 189

Table 5-15 Confusion matrix of settlement severity classification using the LSTM model

Predicted class 0

Predicted class 1

Predicted class 2

Actual class 0 94 1 0
Actual class 1 1 171 0
Actual class 2 0 1 182

From hyperparameter tuning, the tuned parameters of the CNN model for classifying dipped joint

severity and the LSTM model for classifying settlement severity are shown in Table 5-16.

Table 5-16 Tuned hyperparameters for the predictive model to classify dipped joint and settlement severity

Model Tuned hyperparameter Value
CNN for The number of convolutional layers |2
classifying | Filter 32
dipped joint | Kernel 9
severity The number of max pooling layers 2

Pool size

The number of hidden layers
The number of hidden nodes
Activation function

Batch size

Learning rate

Momentum

Optimizer

Dropout

3 (maxpoolingl) and 6 (maxpooling2)

2

80

Relu (except dense3 which uses Softmax)
8

0.001

0.9

Adam

N/A

Chapter 5 Supervised learning for railway infrastructure maintenance




Page | 5-36

Model Tuned hyperparameter Value
LSTM for The number of LSTM cells 200
classifying | The number of hidden layers 2
settlement |The number of hidden nodes 100
severity Activation function ReLu (except dense3 which uses Softmax)

Batch size
Learning rate
Momentum
Optimizer
Dropout

64
0.001
0.9
Adam
N/A

In addition, machine learning models are developed to evaluate the size of dipped joints and

settlements which can be considered regression problems. Different from the classification

problem, the labels of the regression problem are continuous. In this case, the labels are the sizes

of defects so they can be any numbers from zero to infinity. The performance of the machine

learning models for predicting the sizes of dipped joints and settlements is shown in Table 5-17.

MAE is used as an indicator for the defect size evaluation. Different from accuracy, precision, and

recall, the lower MAE indicates better performance. From the table, it can be seen that the CNN

model performs the best when used to evaluate the size of the dipped joint while the LSTM model

is the best model for evaluating the size of the settlement. In both cases, MAEs are about 1 mm

which is desirable when evaluating defect size. The DNN model for evaluating the size of the

settlement does not perform well as can be seen from the significantly high MAE.

Table 5-17 Performance of the predictive models on defect size prediction

Model MAE (mm)
Dipped joint severity regression
DNN 2.01
CNN 1.25
LSTM 2.54
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Model MAE (mm)
Settlement severity regression
DNN 21.14
CNN 3.13
LSTM 1.58

The relationships between the predicted values and true values of the size of dipped joints and
settlements are shown in Figure 5-14 and Figure 5-15 respectively. R? or the coefficient of
determination is also presented to evaluate the performances of the models. R? presents how
predicted values fit with the true values. The possible range of the R? is zero to one. The higher
R? represents the better performance of the model. However, it is worth noting that only R? is
not sufficient to indicate the performance of the models. Normally, it has to be used with other
indicators to measure the performance of the model such as MAE which is conducted in this
section. From Figure 5-14, the R? of the CNN model is the highest which is 0.98 while the other
two models have low R?. From Figure 5-15, the R? of the LSTM model is the highest and the R? of
the CNN model is in the same range which is 1.00 and 0.99. These results conform to the outcome

in Table 5-17. However, the use of R? presents that CNN performs quite well in both cases.
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Figure 5-14 True values and predicted values of dipped joints’ size from developed machine learning models

True values (mm)

Figure 5-15 True values and predicted values of settlements’ size from developed machine learning models

From hyperparameter tuning, the tuned hyperparameters of the CNN model for predicting the

size of dipped joints and the LSTM for predicting the size of settlements are shown in Table 5-18.
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Table 5-18 Tuned hyperparameters for predicting the size of dipped joints and settlements

Model Tuned hyperparameter Value

CNN for The number of convolutional layers |2

predicting the | Filter 32 (convl) and 64 (conv2)

dipped joint | Kernel 5 (conv1l) and 4 (conv2)

size The number of max pooling layers 2
Pool size 3 (maxpoolingl) and 2 (maxpooling2)
The number of hidden layers 2
The number of hidden nodes 100 (densel) and 50 (dense2)
Activation function Relu (except dense3 which uses Linear)
Batch size 16
Learning rate 0.001
Momentum 0.9
Optimizer Adam
Dropout N/A

LSTM for The number of LSTM cells 200

predicting The number of hidden layers 2

settlement The number of hidden nodes 200

size Activation function ReLu (except dense3 which uses Linear)
Batch size 8
Learning rate 0.001
Momentum 0.9
Optimizer Adam
Dropout N/A

5.1.3 Track component defect prediction based on track geometry

5.1.3.1 Introduction and backgrounds

The indicators that are used to evaluate the track condition are track geometry parameters and

track component inspection. Normally, track geometry parameters consist of superelevation,

alignment, longitudinal level, gauge, and twist. The track geometry parameter diagram can be

shown in Figure 5-16. As with other inspections in the railway industry, the inspection can be

done using different approaches. One of the popular approaches used to measure the track
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geometry parameters is TGC. TGCs are normally used to measure track geometry parameters
regularly to inspect the condition of tracks. Therefore, almost all railway operators suppose to
have this information. If railway operators can use track geometry parameters to detect track
component defects, it will be beneficial to railway operators and the railway industry because
track geometry parameter information tends to be available while track component defects
require additional inspection. Therefore, the inspection of track component defects is relatively
expensive and time-consuming. In general, the speed of TGCs is 70 mph so data collection can be
done quickly. This section aims to develop machine learning models to predict track component

defects using track geometry parameters as features.

Longitudinal level ,—I—L‘

Superelevation |

1 1 1 [
L1 LI O 4

Alignment

Figure 5-16 Track geometry parameters
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Different from Sections 5.1.1 and 5.1.2 which use simulated data to develop machine learning
models, this section will use field data to develop machine learning models. Data are provided by
MRS Logistica S.A. in Brazil. More detail about the field data will be described in 5.1.3.2. In brief,
track geometry parameters are collected using TGCs that collect data every foot. The total length
of the studied track section is 30 km. The duration of the available data is four years from 2016-
2019. Track component defects are collected from defect inspection reports in the related
period. From the report, there are more than 81 types of defects. However, to simplify the data,
different types of track component defects will be grouped according to track components.
Interesting track components in this section are rail, switch and crossing, fastener, and rail joint.
Machine learning techniques that will be used in the predictive models are DNN, CNN, multiple
regression (MR), SVM, gradient boosting (GB), DT, and RF. It is believed that the outcome of this
machine learning model development will improve the efficiency in railway inspection and
maintenance especially predictive maintenance of the railway infrastructure because the

monitoring can be done more regularly and severe damages can be avoided.

Lasisi and Attoh-Okine [65] applied track geometry parameters to calculate TQls which is a
traditional method. Then, they developed a machine learning model to predict track defects. In
their study, binary classification was used for labelling. Two classes of labels were defect and no
defect. From their study, SVM was the best model for predicting when the accuracy could be

achieved up to 90%.

Martey et al. [127] focused on the substructure of the railway system. They explored the effect

of geocell and geogrids that were installed in the track substructure. They applied many machine
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learning techniques to study the change in the installation of geocells and geogrids. They found

that the RF model was the best model to capture the change of the improvement.

Sadeghi and Askarinejad [128] tried to detect track component defects based on track geometry
parameters. They focused on rail, sleeper, fastener, and ballast. They stated that only track
geometry parameters were not sufficient to evaluate the track condition. They added that the
track component defects tend to occur more frequently when the standard deviation (SD) that is
popularly used to evaluate the track conditions via track geometry parameters is higher. From
their study, they concluded that different track component defects were affected by track
geometry parameters at different levels. For example, gauge significantly affected the defect of
fasteners while profile significantly affected the ballast defects. Therefore, there was no clear
conclusion about the relationship between track geometry parameters and track component

defects.

Zarembski et al. [129] tried to find the relationship between track geometry parameters and rail
defects. They applied MR as the machine learning technique to develop a predictive model.
However, the finding from their study did not provide a clear relationship between the track
geometry parameters and rail defects. From their study, the correlation between the track

geometry parameters and rail defects was only 11%.

Soleimanmeigouni et al. [67] also applied the data from TGCs to develop a data-driven approach
for predicting track geometry defects. the data used in their study were collected from 2015 to

2018 when the total distance of the interesting section was 84 km. However, the main limitation
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of their study was they focused on only one track geometry parameter which was the longitudinal
level of the tracks. They developed the predictive model using logistic regression. Features used
in their study to develop the predictive model were SD and kurtosis of longitudinal level. Because
they used logistic regression to develop the predictive model, the problem they tried to solve
was binary classification when the classes were defect and no defect. It can be seen that there
are many limitations in their study such as the number of parameters they tried to predict and

the outcome that they could predict.

Mohammadi et al. [23] studied the relationship between track geometry parameters and rail
defects using machine learning. The machine learning techniques used in their study were RF,
logistic regression, XGBoost, and SVM. Their problem was similar to many studies done in the
past which was binary classification when they tried to detect defects. They could achieve an
accuracy of 80% when using XGBoost. The limitation of this study is it focused on only rail defects.

Therefore, the comprehensiveness of the prediction is still limited.

It can be seen that there have been many studies focused on the relationship between track
geometry parameters and rail defects because they were directly related. However, the study
about the relationship between track geometry parameters and comprehensive track
component defects is very limited. This section will explore the potential of machine learning in

predicting track component defects based on track geometry parameters.

Chapter 5 Supervised learning for railway infrastructure maintenance



Page | 5-44

5.1.3.2 Data and processing

In this section, data are from three sources which are track geometry parameters collected using
TGCs, track component defects from defect inspection reports, and track design from design

reports. The length of the section is 30 km. The duration of data collection is from 2016 to 2019.

For track geometry parameters, TGCs are used to collect foot-by-foot data. This data
measurement is done annually. In total, there are more than 95,000 samples of data from this
part. From the measurement, track geometry parameters consist of 12 parameters which are
superelevation, longitudinal level (10m and 20m chord) from both wheels, alignment (10m and
20m chord) from both wheels, gauge (with and without load), and twist. It can be that some
parameters have two sets of data from the right and left wheels. They will be used as features to

develop predictive models.

For the track component defect inspection report, many defects are recorded as mentioned. The
reports identify the type of defect, location of defects, and data of finding. From the reports,
there are more than 81 types of track component defects recorded. The total number of samples
is more than 1,900. However, a sample in track component defect inspection reports may be
related to more than one section of track geometry parameters because a track component
defect can cover multiple sections of tracks. Some examples of track component defects are
damaged frogs, broken welds, boltless joints, and broken rails. These defects will be grouped to

train the machine learning models otherwise the samples are too scattered and machine learning
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models will not be able to learn. The group of track component defects is based on track

components consisting of rail, switch and crossing, fastener, and rail joint.

For the track design, two parameters are obtained which are the radius of curvature and the
gradient of the tracks. These data can be extracted from the design and data extraction is based

on foot-by-foot data from track geometer parameter data.

Three sets of data will be combined together and processed as features for machine learning
models. For track geometry parameters, one set of track geometry parameters of each section
may not be sufficient for predicting track component defects. Therefore, two sets of data from
two ends of each section are used as representatives of the track geometry parameters of each
section. In conclusion, 24 track geometry parameters are used per section. In addition,
differences between the two ends are also used as additional 12 features. Another additional
feature is a binary feature indicating that the track section is a tangent or curve track. Therefore,
the total number of features for training machine learning models is 37. Data from defect
inspection reports are used as labels after being grouped as mentioned. To summarize, data from
track geometry parameters and track design are used as features while data from defect
inspection reports are used as labels. In total, there are almost 200,000 samples for training
machine learning models. Samples are split using the same proportion as the previous section
that is 70% are used as training data and 30% are used as testing data. It is worth noting that
although the number of groups of component defect is four, an additional group is added which

is no defect group.
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5.1.3.3 Methodology

In this section, machine learning techniques that are used are MR, DNN, CNN, SVM, DT, RF, and
GB. Hyperparameter tuning is used to find the best combination of hyperparameters for each
model to ensure the model's performance. Two popular hyperparameter tuning techniques are
grid search and random search. Grid search creates the possible combination of hyperparameters
according to the range of each hyperparameter defined by humans. Therefore, the range of
searching is pre-defined and constant. Random search is different. Random search is done by
machine by randomly selecting combinations of hyperparameters within the ranges defined by
humans. Therefore, grid search is more predictable and required less time to tune
hyperparameters. However, random search has the benefit of exploring feasibilities that may not
be considered by humans. In this section, grid search is used for hyperparameter tuning. The list

of hyperparameters that will be tuned in this section is shown in Table 5-19.

Table 5-19 List of hyperparameters tuned for predicting track component defects

Model Tunes hyperparameters

DNN Number of hidden layers Learning rate
Number of hidden nodes Momentum
Activation functions Batch size
Optimizer

CNN Number of convolutional layers Activation functions
Filter Number of hidden layers
Kernel Number of hidden nodes
Number of max pooling layers Optimizer
Pool size Batch size

MR Feature selection Ridge
Min tolerance

SVM Kernel type Convergence epsilon
Kernel cache

GB Number of trees Min split improvement
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Model Tunes hyperparameters
Maximum depth
DT Maximal depth Minimal leaf size
Confidence Minimal size for split
RF Number of trees Voting strategy
Maximal depth

To evaluate the performances of the developed machine learning models, accuracy, precision,

and recall are used. The calculation can be done using Equation 3 to Equation 5.

5.1.3.4 Results and discussion

From the model training, the accuracies of the developed machine learning are shown in Figure
5-17. From the figure, the DNN and CNN models have similar performance while the DNN model
performs slightly better. The accuracies of both models are 0.943 and 0.938 respectively. in
contrast, the accuracies of other models are about 0.5 or lower. The SVM model has the lowest
accuracy. It can be inferred that the SVM technique has a concept to create hyperplanes in
samples. Then, the samples are classified using these hyperplanes. The number of hyperplanes
is equal to the number of features. In this case, the number of features is 37 so the number of
hyperplanes is this value as well. When the number of features is increasing, SVM tends to be
suffered from this increasing number because the model will be complicated and the
performance will drop. At the same time, the SVM model will also suffer from the long training
time. In this case, it is not surprising that the SVM model has the lowest accuracy. For the MR,
DT, RF, and GB, it can be inferred that they are likely linear models. However, the problem in this

section is non-linear and complicated. Therefore, these models do not perform well in detecting
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hidden patterns in non-linear data. Differently, the DNN and CNN models can better handle the

non-linearity and that is a reason why their performances are better than other models.

Accuracies

1.0

0.943

DNN

0.938

CNN MR

DT

RF GB SVM

Machine learning models

Figure 5-17 Performances of machine learning models on predicting track component defects

For the precisions and recalls, the outcomes of the DNN and CNN models are presented in Table

5-20. Other model values are not shown because the performances are relatively low compared

to the DNN and CNN models. It can be seen that both models have high values of precisions and

recalls which demonstrate the high performances of the models in terms of the ability to predict

and the reliability of the prediction. Most values are about 0.90 or higher which is satisfying.

Table 5-20 Precisions and recalls of the DNN and CNN models on predicting track component defects

Class Precision Recall
DNN CNN DNN CNN
Switch and crossing 0.94 0.91 0.90 0.87
Fastener 0.86 0.91 0.90 0.86
Rail joint 0.96 0.93 0.93 0.93
Rail 0.96 0.93 0.94 0.97
None (Defect-free) 0.93 0.96 0.96 0.93
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From the model tuning, the optimized sets of hyperparameters of each machine learning model
are shown in Table 5-21. Tuned hyperparameters for the predictive model to classify dipped joint

and settlement severity

Table 5-21 Tuned hyperparameters for the predictive model to detect track component defects

Model Tuned hyperparameter Value
DNN Number of hidden layers 2
Number of hidden nodes 750 (densel), 1,750 (dense2)
Activation functions RelLu
Optimizer Adam
Learning rate 0.001
Momentum 0.8
Batch size 128
CNN Number of convolutional layers | 2
Filter 128 (convl), 256 (conv2)
Kernel 4 (convl), 6 (conv2)
Number of max pooling layers | 2 (after each conv)
Pool size 1
Activation functions Relu
Number of hidden layers 2
Number of hidden nodes 400 (densel), 200 (dense2)
Optimizer Adam
Batch size 128
MR Feature selection M5 prime
Min tolerance 0.05
Ridge 1E-8
SVM Kernel type Dot
Kernel cache 200
Convergence epsilon 0.001
GB Number of trees 50
Maximum depth 5
Min split improvement 1E-5
DT Maximal depth 10
Confidence 0.1
Minimal leaf size 2
Minimal size for split 4
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Model Tuned hyperparameter Value
RF Number of trees 100

Maximal depth 10

Voting strategy Confidence vote

The results show that the track geometry parameters can be used to predict and detect track
component defects. This finding will help railway operators save a lot of time from inspection
and improve the efficiency of railway predictive maintenance. In addition, they will gain the
benefit from improved safety because their staff does not need to be on-site frequently. The data
used to predict track component defects are track geometry parameters that should be available
for most railway operators. Therefore, it can save the cost as well and the data collection can be

done at a higher speed when visual inspection.

5.1.4 Unsupported sleepers and the number of unsupported sleeper prediction

5.1.4.1 Introduction and backgrounds

In the railway industry, two main railway track infrastructures are ballast track and ballastless
track. Ballast track is a traditional track infrastructure that has been used for a long time. Railway
sleepers lay on the ballast that is used as a substructure and used to distribute loads from rolling
stock to the ground. The advantages of a ballast track are low construction cost, ease of
construction, good drainage performance, low noise and vibration, and ease of maintenance.
However, the ballast track deteriorates faster than the ballastless track so it requires more
maintenance and has a shorter service life. In addition, it usually creates pollution from the dust
occurring from ballast deterioration and the speed of rolling stock is more limited. Ballastless

track, as its name, does not have the ballast that supports sleepers but sleepers are cast using
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concrete. Compared to a ballast track, a ballastless track is more advanced. The advantages of a
ballastless track are it requires less maintenance cost, causes less dust, supports higher speed
than a ballast track, has a longer service life, and provides more passenger comfort if the
condition is good. However, the disadvantages of a ballastless track are higher construction cost,
it is suitable for some site conditions such as soft soil or earthquake zones, and the maintenance

can be done with difficulty.

As mentioned, the ballast track tends to deteriorate faster and easier. The deterioration results
in poor track geometry, poor passenger comfort and safety, and higher maintenance costs. The
mechanism of ballast deterioration starts from the occurrence of voids under sleepers [29]. These
voids result in higher vibration and impact loads. Then, the settlement of the track structure takes
place because of these voids. However, sleepers will not settle or move down along with the
substructure because they are fastened with tracks. Therefore, sleepers are not supported by
ballast. This phenomenon is called an unsupported sleeper or hanging sleeper. From this, the
whole railway infrastructure will deteriorate even faster because the load applied to the railway
infrastructure is higher due to lower load distribution. If incidences are severe, they can even

cause a derailment.

Unsupported sleepers can be detected using onboard methods or track-side methods. Examples
of onboard methods are the Swiss track stiffness measurement vehicle and the Swedish railway
rolling stiffness measurement vehicle [130]. It can be seen that the onboard methods are done
using specific vehicles. This method is widely used in different countries such as China and USA.

A disadvantage of this technique is the cost of the vehicle is high. Some railway operators choose

Chapter 5 Supervised learning for railway infrastructure maintenance



Page | 5-52

to not purchase these vehicles due to the cost but they rent the measurement vehicles instead.
Therefore, the inspection of unsupported sleepers cannot be conducted frequently. In addition,
onboard methods also suffer from limited speed and accuracy [29]. Examples of track-side
methods are accelerometers, cameras, track deflection techniques [131], geophone, and laser
arrays [132]. A disadvantage of track-side methods is the costs of equipment, installation, and

software are expensive.

This section aims to combine the benefit of both on-board and track-side methods by using
accelerometers installed at axle boxes to measure ABAs. ABAs can be collected on board with the
speed of regular operations and the cost of equipment is not high. Once sensors are installed,
data measurement can be done more frequently because there are no additional costs. Condition
monitoring can be done regularly so that severe defects can be avoided. The overall maintenance
cost and efficiency can be improved. ABAs will be used to train machine learning models to detect
supported sleepers in this section. At the same time, the severity of unsupported sleepers will be

classified using machine learning as well.

The machine learning techniques that will be used to develop predictive models in this section
are CNN, LSTM, ResNet, and FCN. Data used to train the machine learning models are simulated
using FEM models which are validated with field data. In this section, the frequency of analysis
from FEM models is constant. Therefore, the shapes of the data will be varied depending on the
speed of the rolling stock. The faster-rolling stocks will generate a shorter shape of data because
the time used to operate the rolling stocks on the track section is shorter. Therefore, data

reshaping will be done for CNN, LSTM, and ResNet. However, data reshaping is not required for
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the FCN model because the architecture of the model support varied shape of data. Data

processing techniques used for reshaping are FFT and padding.

The development of unsupported sleepers is caused by track substructure or ballast that
deteriorates due to the operation. Then the gaps or voids occur under sleepers but sleepers will
not settle down with ballast because they are fixed with tracks. Therefore, some sleepers are
unsupported or hung [133]. Augustin et al. [134] did a study and stated that about 50% of
sleepers were not fully supported. Zhu et al. [133] focused on the dynamic behaviour of the track
under the unsupported sleeper condition. In their study, they modelled a physical model with a
scale of 1:5. They varied the speed of rolling stocks from 160 to 320 km/h and the number of
unsupported sleepers from 0 to 3. They found that unsupported sleepers created an additional

impact on the railway infrastructure.

Mosayebi et al. [135] used FEM models to simulate the unsupported sleeper phenomena. They
found that unsupported sleepers created additional force and displacement to the railway
infrastructure. They tried to find the relationship between the track velocity and stiffness of the
track and they found that the relationship was non-linear. They found that when a sleeper was
unsupported, the displacement increased by 90% and 190% when more than two sleepers were
unsupported. At the same time, the tracks were applied by forces increasing more than 1.4 and
1.78 times when one and two sleepers were unsupported. Moreover, the vibration was increased
more than by 40% when there were some unsupported sleepers. Many studies drew the same

conclusion as this study [136-138].

Chapter 5 Supervised learning for railway infrastructure maintenance



Page | 5-54

Because sleepers are common components in the railway infrastructure, they were interested in
many academics. Besides unsupported sleepers, sleeper defects were aimed to be detected.
Different techniques were used such as image processing [25], modeling [26], and computer

vision [27, 28].

To detect unsupported sleepers, many approaches have been used. The simplest approach was
measuring the gap between sleepers and ballast done by Kim et al. [139]. It was straightforward
and could identify unsupported sleepers immediately. In addition, they found that unsupported
sleepers resulted in lower track stiffness. They found that the stiffness of the track when
unsupported sleepers occurred was only 11.6% compared to fully-supported sleepers.
Displacements were also used by Sysyn et al. [29] to detect unsupported sleepers. In their study,
they recorded video to collect data and applied machine learning models to detect unsupported
sleepers. They applied SVM and KNN to develop predictive models. However, the performances
of their model were not very desirable because the accuracies of those two models were 58%
and 65% respectively. They clearly stated that the performance of the models could be improved

and one technique they suggested was using more advanced machine learning techniques.

It can be seen that unsupported sleepers were normally detected using the additional installation
of sensors or devices. This section aims to develop machine learning models to detect
unsupported sleepers which use data that is easy to measure. In this case, ABAs will be used as
features. Although machine learning was tried to detect unsupported sleepers, the performances
were not satisfying, and modern machine learning techniques were not tried. In addition, the

severity has not been predicted using machine learning. This section will explore the potential of
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machine learning in this task. It is expected that the developed machine learning models can
detect and classify the severity of unsupported sleepers. Railway operators will be able to

diagnose unsupported sleepers better using the developed approach.

5.1.4.2 Methodology

This section will use data from FEM models. The FEM models are developed based on the FEM
model developed by Li et al. [140]. The FEM model was developed to study the interaction
between rolling stocks and railway infrastructure. The rolling stock model was developed using
the concept of MBS. LS-DYNA was used to develop the FEM model. The FEM model is shown in
Figure 5-18. The rolling stock was modelled consisting of a car body supported by two bogies.
Each bogy was supported by two wheelsets and each wheelset contained primary and secondary
suspension systems. The track was modelled using the FEM concept. On the top, two rails were
modelled using Euler beams. Rails were supported by rail pads at the location where contact with
sleepers. Rail pads were modelled as a series of springs and dampers. Sleepers were modelled as
Euler beams. Last, ballast supported sleepers when springs and dampers were used to mimic the

behaviour of ballast. The details are shown in Figure 5-19.
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Figure 5-18 FEM model for studying the interaction between rolling stocks and railway infrastructure

The interaction between wheel and rail was modelled using the keyword “*Rail_Track and
*Rail_Train” in LS-DYNA. The interaction was simulated using Equation 6 where F was wheel-rail

contact force, K was contact stiffness, Z,, was wheel vertical displacement, Z,. was rail vertical

displacement, and § was track irregularity.
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Figure 5-19 Detailed models of railway infrastructure
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F=Kx(Z, —Z.—06) Equation 6
The model was modelled based on the real situation and field data. Therefore, the irregularity
used in this model was based on field data as shown in Figure 5-20. Springs and dampers used in
the model were simulated using keywords “S01-SPRING_ELASTIC” and “S02-DAMPER_VISCOUS”
respectively. To mimic the behaviour of unsupported sleepers, springs related to ballast are
removed from the model. The number of unsupported sleepers used in this section is ranged
from one to four. The range of rolling stock speed is 100 to 200 km/h. Wheel-rail contact stiffness

is varied to simulate the real situation.

LS-DYNA keyword deck by LS-PrePost
T

4+ 4

Ordinate (E-03)

i | i | |
20 40 60 80 100
Abscissa

Figure 5-20 Track irregularity from field data

Field data collected by Cai et al. [141] and Ngamkhanong et al. [142] were used to verify the FEM
model. The field data were collected from the Sui-Yu Railway. The rolling stocks’ speed in that
section is 160 to 220 km/h. The FEM model validation was done by comparing wheel-rail contact
force, displacements of rails, and displacement of sleepers. The comparison of different

parameters from field data and the FEM model are shown in Table 5-22. From the comparison,
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the differences of parameters from field data and the FEM model are close. The differences are

less than 10%. These results validate that the FEM model can be used as a representative of the

field data.

Table 5-22 The comparison of parameters from field data and the FEM model for unsupported sleepers

Parameters Field data [141, 142] | FEM model | Differences
Wheel-rail contact force (kN) 100 98.4 1.60%
Rail displacement at rail seat (mm) 2.606 2.596 0.38%
Rail displacement at mid span (mm) 2.604 2.415 7.26%
Sleeper displacement at rail seat (mm) 2.576 2.522 2.10%
Sleeper displacement at mid span (mm) 2.511 2.352 6.33%

The machine learning models in this section are developed using CNN, LSTM, ResNet, and FCN.

As mentioned, FCN is the only technique in this section that the data shapes can be varied. This

is because the FCN architecture has a component called a global pooling layer that supports

different shapes of input data. In addition, dense layers are not used but a 1*1 convolutional

layer is used instead for classification. ResNet is an advanced machine learning model developed

based on CNN as well as FCN. The main outstanding characteristic of ResNet is it contains skip

connections to allow data to be passed through some convolutional layers when the model

detects those layers are not useful. This is because the nature of the ResNet model contains many

convolution and pooling layers. If data are processed through every layer, the performance of

the model might not be satisfying or the training time is too long. Skip connections allow the

model to use different layers as it is necessary.
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In this section, machine learning models are developed for two purposes which are unsupported
sleeper detection and unsupported sleeper severity classification. 70% of samples are used to
train the models while the rest 30% are used to test the models. Grid search is used for
hyperparameter tuning. The list of tuned hyperparameters is shown in Table 5-23. The

performances of the machine learning models are evaluated using accuracies.

Table 5-23 List of hyperparameters for predicting unsupported sleepers

Model Tuned hyperparameters

CNN

Number of convolutional layers
Filter

Kernel size

Number of pooling layers

Pool size

Activation function
Batch size

Optimizer

Number of hidden layers
Number of hidden nodes

Filter

Kernel size

Number of pooling layers
Pool size

LSTM Number of LSTM cells Optimizer
Window size Number of hidden layers
Activation function Number of hidden nodes
Batch size

ResNet Number of residual blocks Activation function
Number of convolutional layers Batch size
Filter Optimizer
Kernel size Number of hidden layers
Number of pooling layers Number of hidden nodes
Pool size

FCN Number of convolutional layers Activation function

Batch size
Optimizer
Number of hidden layers
Number of hidden nodes

5.1.4.3 Data and processing

Data used to train machine learning models are ABAs obtained from FEM models. ABAs are from

two front wheels of rolling stocks. Different parameters are varied to mimic real situations. The
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frequency of the output from FEM models is set to 1,000 Hz. A variety of parameters is shown in
Table 5-24. The simulated track section has a length of 35 m and the spacing of sleepers is 0.6 m.
The total number of sleepers in the section is 60. Unsupported sleepers are randomly located
from the first location to the last location. However, the unsupported sleepers will be located
adjacently if there is more than one unsupported sleeper. Other varied parameters are shown in

the table. The total number of simulations is 2,016 which will be used to train machine learning

models.
Table 5-24 Parameter variation for unsupported sleeper conditions
Parameters Range

Number of unsupported sleepers 1-4
Location of unsupported sleepers 1-60

Speed of the rolling stock (km/h) 100-200

Size of irregularity (%) 98-101
Vertical stiffness of wheel-rail contact (N/m) 1.06x10°-1.325x10°

As mentioned, the length of the track section and the frequency of output are fixed. The shapes
of data will vary based on the speed of rolling stocks. The data shapes will be shorter when rolling
stocks run faster because they take less time to run on the track. Examples are shown in Figure
5-21. It can be seen that the length of data is twice shorter when the speed of rolling stocks is

twice faster.

In this section, CNN, LSTM, ResNet, and FCN will be used to develop machine learning models.
Except for the FCN model, other models require data with the same shape to train and deploy.

Therefore, data processing is required to make the data shape consistent. Two techniques that
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will be used are padding and FFT. Padding is a simple technique that is shown in Figure 3-6 and
Figure 3-12. In this case, ABAs are one-dimension data so zeros will be added in a row only. The
number of added zeros depends on the longest data length or the data from the slowest rolling
stocks (100 km/h). FFT is a method to process time-domain data to frequency-domain data as
presented in 5.1.1 and Figure 5-3. Processed data from Figure 5-21 using FFT are shown in Figure

5-22.
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Figure 5-21 Examples of ABAs for unsupported sleeper analysis (a) the speed is 100 km/h and (b) the speed is
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Figure 5-22 Examples of data processed using FFT (a) the speed is 100 km/h and (b) the speed is 200 km/h

5.1.4.4 Results and discussion

For the unsupported sleeper detection, the accuracies of machine learning models are shown in

Table 5-25.
Table 5-25 Accuracies on unsupported sleeper detection
Accuracies (%)
Models
FFT Padding Raw data
CNN 99.17 100.00 -
LSTM 98.18 80.17 -
ResNet 83.64 93.39 -
FCN - - 95.21
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From the table, every model performs well in terms of detection. Every accuracy is higher than
80%. The CNN model performs better than any other model when the accuracies are the highest.
For the CNN model, data processing using the padding technique provides better performance.
However, it cannot be concluded that padding is better than FFT in every case. For the LSTM
model, FFT processing provides better performance than padding. For the FCN model that used
the raw data to predict, the performance is also satisfying which is higher than 95%. In this case,
it can be said that the ResNet model is the most complicated one and the training time is the
longest. However, it cannot guarantee that its performance will be the best based on the results
shown in the table. For the training time, the training times from the longest are 46, 6, 2, and 1
seconds/epoch for ResNet, LSTM, FCN, and CNN respectively. Compared to the previous study
that the accuracy was 65%, and the performances of the machine learning models developed in

this section are significantly better. The tuned hyperparameters of the CNN model are shown in

Table 5-26.
Table 5-26 Tuned parameters for unsupported sleeper detection
Tuned hyperparameters Values
Number of convolutional layers 2
Filter 64 (convl), 32 (conv2)
Kernel size 7
Number of pooling layers 2
Pool size 2
Activation function RelLu
Batch size 64
Optimizer Adam
Number of hidden layers 2
Number of hidden nodes 100
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For the unsupported sleeper severity classification, the number of unsupported sleepers is

ranged from one to four. Therefore, there are four classes of labels. The accuracies of the models

are shown in Table 5-27.

Table 5-27 Accuracies on unsupported sleeper severity classification

Accuracies (%)

Models
FFT Padding Raw data
CNN 90.28 92.89 -
LSTM 71.56 33.89 -
ResNet 51.18 92.42 -
FCN - - 81.28

Compared to the detection, the accuracies are lower which can be inferred that the number of

classes to predict is higher. Therefore, the accuracies are lower. However, the overall

performance is satisfying. The highest accuracy is higher than 90%. The CNN model also performs

the best in classification. In this case, ResNet with padding data has the second-best performance

while the LSTM has the lowest accuracy when used with padding data. The FCN model’s

performance is acceptable even when used with raw data. It is to remark that the performances

of the LSTM and ResNet models drop significantly when data are processed unsuitably. It can be

concluded that these two models are sensitive to data. As the detection, the ResNet model

requires the longest training time. The tuned hyperparameters of the CNN model are shown in

Table 5-28.
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Tuned hyperparameters

Values

Number of convolutional layers
Filter

Kernel size

Number of pooling layers

Pool size

Activation function

Batch size

Optimizer

Number of hidden layers
Number of hidden nodes

2

64 (convl), 32 (conv2)

5 (conv1l), 7 (conv2)

3

3

RelLu

8

Adam

2

100 (densel), 50 (dense2)

From the machine learning model development, the developed models have the potential to

detect and classify the severity of unsupported sleepers. Railway operators will get benefit from

the models or the development concepts to apply to their responsible railway system. The data

collection can be done with ease and small time consumption because ABAs are used to predict.

This will improve the efficiency of predictive maintenance of the railway infrastructure because

the monitoring can be done regularly. The severity of defects will not be too high and defects will

require low maintenance costs.

5.1.5 Turnout support condition evaluation under flooding

5.1.5.1 Introduction and backgrounds

Railway infrastructure consists of many components to allow the railway system can function as

it is designed. This section will focus on turnout support. Turnouts are important railway

infrastructure that is used to guide rolling stocks when they need to be steered from one track
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to another track. Normally, turnouts are installed at railway junctions, siding tracks, or any
locations where rolling stocks need to change to run on another track. Turnouts are the
components that usually move laterally because of their function. There are many components
in a turnout such as switch rails, stock rails, point blades, crossing noses, guard rails, and frogs.
To steer rolling stocks, turnouts have to lock before allowing rolling stocks to change directions.
To perform this function, turnouts are applied by high loads and impacts. In addition, they are
movable parts so the deterioration is high in terms of turnouts themselves and their underneath
supports [143-145]. Therefore, turnouts can be considered a weak component of the railway
infrastructure. Without other incidences, turnouts and their supports rapidly deteriorate but
some extreme events can accelerate the deterioration of turnouts and their support. An example

of these extreme events is flooding.

This section will focus on the deterioration of turnout support under flooding conditions.
Floodings are one of the causes that damage the railway system around the world and there are
more than 100 incidences that damage to the railway system caused by flooding [146]. As
mentioned, turnouts are important components of the railway infrastructure, if they are
damaged and cannot function, it will cause delays because of the safety issue and maintenance
[147]. In addition, if severe deterioration is not detected, it can cause a derailment. Xin et al.
[148] collected data in the Netherlands and found that railway operators needed to repair
turnouts in more than 400 locations every year. Some turnouts needed to be repaired
immediately within a week because of the function and safety issues. The maintenance cost

related to turnouts was more than 6.4 million euros per year. These damages have not been
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caused by the turnouts only, but also by the turnout support. This section will try to predict the
deterioration of turnout supports in the event of flooding. Machine learning capability will be
used to develop a predictive model when features that are used to train the machine learning
model are ABAs and crossing nose displacements. The benefits of using ABAs were mentioned in
previous sections. This section additionally includes displacements of crossing noses because
they might be directly related to the deterioration of turnout supports. Different from previous
sections, the machine learning model in this section is not used to detect defects but to evaluate
the current conditions of railway infrastructure. This will be beneficial in terms of conditional
monitoring for railway operators to plan maintenance. Severe damage can be avoided because

monitoring can be done regularly.

Floodings are one of the common incidences in the railway industry however they are not
prioritized as much as they should be [146]. Floodings normally happen and the railway system
cannot avoid handling them. Railway operators can use different approaches to deal with
flooding according to the risk management concept. One approach that can be used in evaluating
the effect of flooding on the railway infrastructure. In many cases, flooding events are not severe
and the railway infrastructure is not damaged by them. railway operators might not need to take
any action. However, the capability to evaluate the condition of the railway infrastructure is
required. In this section, turnout supports are focused on. Machine learning is used to develop

the predictive model for evaluating the condition of turnout supports.

Hasnayn et al. [149] studied the effect of flooding on subgrade conditions in the events of

flooding and after the events. They used the track stiffness as a key parameter. They found that
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track stiffness was affected and could be used as an indicator to monitor the track condition.
They stated that the track stiffness was affected because of the water content and settlement
due to flooding events. They suggested that railway support should be investigated further.
Hamarat et al. [150] conducted a further study by focusing on turnout support under flooding
conditions. They found that flooding could negatively affect track geometry and track defects. In
their study, they developed a FEM model to mimic the dynamic behaviour of rolling stock and
railway infrastructure. Examples of their findings were superelevation and twist were suffering

from floodings severely.

To monitor and evaluate the condition of turnout supports, many studies were conducted. Li and
Berggren [151] tried to find the relationship between track stiffness and track performance. They
found that the track stiffness could be used to evaluate the track performance in terms of track
component accelerations, moments, and wheel-rail contact forces. From their study, different
parameters can be used to indicate the condition of turnout support condition. This section will
apply the finding from that study by using track stiffness as an indicator for monitoring and

evaluating.

Kaewunruen [152] applied maximum accelerations to evaluate the deterioration of turnouts and
found that the results were satisfying. Other studies also confirm their findings [153]. A technique
that can be used to evaluate the turnout condition is machine learning. Sysyn et al. [154] applied
machine learning to detect turnout defects. They used ABAs as features and got an accuracy of
90%. The potential of machine learning in detecting defects in the railway system is also

presented in this thesis.
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As mentioned in the previous sections, data measurement in the railway industry can be mainly
categorized into two groups which are on-board measurement and track-side measurement.
Advantages and disadvantages were described in Section 5.1.4.1. Based on the same reasons,
this section will use ABAs as the main features to develop the machine learning model for
evaluating turnout support conditions. In addition, crossing nose displacement is also used
because it is an important component of turnout that can present in the condition of turnout

support.

5.1.5.2 Methodology

FEM models are used to generate numerical data and mimic the dynamic behaviour of turnout
supports under flooding conditions. FEM models are developed based on the FEM model
developed by Hamarat et al. [155] who applied LS-DYNA to develop the track section containing
a turnout. The FEM model is shown in Figure 5-23. The rolling stock is modelled using the MBS
concept while railway infrastructure is modelled using the FEM approach which is similar to the
FEM model used in Section 5.1.4. The turnout is a 1:9 turnout. In this section, additional
boundaries are defined to make the FEM model reliable under flooding events. For example, the
bottom of the ballast is defined as not having vertical movement and the ends of the rails do not

have movement in any direction.
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Figure 5-23 FEM model for turnout support under flooding condition study [155]

Model verification is done by comparing different parameters from the outputs of the FEM model
to the field data. Field data used in this section are available as open-source data [156, 157]. The
main parameters used to compare are accelerations of crossing noses. The accelerations of the
crossing nose from the field data and the FEM model are 214.05 m/s? and 201.6 m/s%. The
difference between these two values is 5.8% which is acceptable and it can be concluded that

the FEM model can be used to represent the field data.

To imitate the flooding conditions, ballast stiffness and damping coefficient are adjusted. These
two values will be varied based on the different levels of water under flooding events. In this
section, the water level is defined to be 0% and 114% as shown in Table 5-29. At the same time,
the classes for the predictive model are also defined based on ballast stiffness and damping

coefficient. Weights and speeds of rolling stocks are also varied to represent the situations in
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which rolling stocks will be allowed to operate under different speeds and loads under different

levels of flooding.

Table 5-29 Different parameters based on different levels of water under flooding events

Parameters Units Ranges Class
Stiffness MN/m More than 12.8 1
10.5-12.8 2
8.1-10.5 3
Less than 8.1 4
Damping coefficient kNs/m Less than 1.2 1
1.2-1.5 2
1.5-2.0 3
More than 2.0 4
Weights of rolling stocks Tonnes 32-48 n/a
Speeds of rolling stocks Km/h 135-225 n/a

Examples of ABAs and crossing nose displacement which will be used to train the machine

learning model are shown in Figure 5-24 and Figure 5-25. From the figures, the speed of rolling

stock is set to 135 km/h when the weight is 46.4 tonnes. The stiffness and damping coefficient of

turnout support is 14.6 MN/m and 1.2 kNs/m which is there is no flooding. It can be seen that

when the rolling stock operated through the turnout, the ABAs increase obviously. At the same

time, the crossing nose is easier to detect because there is no displacement if the rolling stock is

not operated through the turnout. In addition, when the rolling stock is completely through the

crossing nose, the displacement will be back to zero or no displacement. From the previous

sections, the CNN model performs best in many situations. Therefore, this section will focus on

the CNN model to develop the predictive model.
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Figure 5-25 Example of crossing nose displacement under flooding events

Grid search is used for hyperparameter tuning. The list of hyperparameters of the CNN model
which are tuned is shown in Table 5-30. The indicator used to evaluate the performance of the
model is the accuracy. Other indicators are used in corporate with accuracy to demonstrate the

performance of the developed machine learning model such as precision and recall.
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Table 5-30 List of hyperparameters tuned for classifying the turnout support deterioration under flooding events

Hyperparameters
Number of convolutional layers Activation function
Filter Batch size
Kernel size Optimizer
Number of pooling layers Number of hidden layers
Dropout Number of hidden nodes
Pool size

5.1.5.3 Data and processing

From the FEM model simulations, the total number of samples is 1,936. There are three sets of
data used in a sample. The first two are two sets of ABAs from the left and right wheels of rolling
stocks. Another set of data is crossing nose displacement. The machine learning model is trained
using three approaches. First, ABAs are used to train the model. Second, crossing nose
displacements are used to train the model. Last, both ABAs and crossing nose displacements are
used to train the model. Turnout support stiffnesses are the indicators for identifying the turnout
support conditions. Track irregularity from the field data is also included in the simulations to
imitate the real situation. The track section length is 45 m. The problem in this section is the
classification when the number of classes is four as shown in Table 5-29. 70% of the data is used
to train the model and another 30% is used to test the model. Data sampling is done using a

stratified sampling technique.
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5.1.5.4 Results and discussion

The machine learning model is developed to classify the turnout support conditions. The support
conditions are defined as classes as shown in Table 5-29. The development approaches can be
categorized into three approaches which are the machine learning model using ABAs, crossing
nose displacement, and both. The performances of each approach and confusion matrices are

shown in Table 5-31 to Table 5-33.

Table 5-31 Performance on turnout support condition classification under flooding events using ABAs

Pred. class 1 Pred. class 2 Pred. class 3 Pred. class 4 Recall
True class 1 130 0 1 1 0.98
True class 2 8 125 7 0 0.89
True class 3 0 0 160 0 1.00
True class 4 0 0 0 149 1.00
Precision 0.94 1.00 0.95 0.99 0.97

Table 5-32 Performance on turnout support condition classification under flooding events using crossing nose

displacement

Pred. class 1 Pred. class 2 Pred. class 3 Pred. class 4 Recall
True class 1 142 7 0 0 0.95
True class 2 14 133 1 0 0.90
True class 3 0 13 131 2 0.90
True class 4 0 0 2 136 0.99
Precision 0.91 0.87 0.98 0.99 0.93

Table 5-33 Performance on turnout support condition classification under flooding events using ABAs and
crossing nose displacement

Pred. class 1 Pred. class 2 Pred. class 3 Pred. class 4 Recall
True class 1 127 2 1 0 0.98
True class 2 0 143 3 0 0.98
True class 3 1 1 148 0 0.99
True class 4 0 0 1 154 0.99
Precision 0.99 0.98 0.97 1.00 0.98
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From the tables, the accuracy of every approach is satisfying when the accuracy is higher than
0.9 in every case. When ABAs and crossing nose displacement are used together, the accuracy is
the highest. However, the performance is slightly improved when ABAs are used only. The
crossing nose displacement approach provides the lowest accuracy. Although the use of both
features provides the highest accuracy, railway operators have to consider the additional cost
carefully because measuring crossing nose displacement requires additional installation of track-
side sensors. The use of only ABAs may be sufficient because it provides the desirable outcome

without additional installation of track-side equipment.

Precisions and recalls conform to the accuracies. The results from the use of both features are
the best followed by the use of ABAs. All precisions and recalls are higher than 0.9 which
demonstrate the potential of machine learning in evaluating turnout support condition under
flooding events. As the accuracies, the use of two features provides the best outcome. However,
railway operators have to consider carefully improving performance on prediction and additional
costs for installing track-side equipment to measure crossing nose displacement. The cost of each
technology varies. Railway operators can consider such laser-based equipment or cameras.
Based on the nature of railway projects, they are long, and little additional cost can be enormous
because the sensors have to be installed at all locations of the measurement. Therefore, the use

of ABAs may be sufficient and efficient in terms of maintenance and cost.

From the hyperparameter tuning, the list of optimized hyperparameters is shown in Table 5-34.
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Table 5-34 List of tuned hyperparameters tuned for classifying the turnout support deterioration under flooding

events

Tuned hyperparameters

Values

Number of convolutional layers
Filter

Kernel size

Number of pooling layers
Pool size

Dropout

Activation function

Batch size

Optimizer

Number of hidden layers
Number of hidden nodes

2

64 (convl) and 32 (conv2)
1

0

N/A

0.5 (conv2)
RelLu

64

Adam

2

100

The findings in this section show that the developed model has the potential to evaluate the

turnout support conditions under flooding events. This will be beneficial for railway operators to

evaluate the current conditions of turnout support under flooding events. The application is not

limited to flooding events only, the model can be used in other scenarios to evaluate the turnout

support conditions. This will allow railway operators to plan maintenance more efficiently. If the

conditions of turnout support are in the acceptable range, maintenance can be postponed until

the values reach the trigger level. Therefore, maintenance can be limited as it is necessary and

this will save maintenance costs for the railway system.
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5.2 Regression problems in railway maintenance
5.2.1 Wheel burn localization

5.2.1.1 Introduction and backgrounds

This section presents the application of machine learning to localize defects. In this section, wheel
burns are used as case studies. Wheel burns are one of the common rail defects with a proportion
of 13-17% of total railway defects [158]. Wheel burns emerge when there are slips or slides
between wheels and rails. These are the results of insufficient adhesion or traction between
wheels and rails. The damages mainly take place at rails. In severe cases, these defects can cause
derailments. Other causes of wheel burns are too steep grade, improper rolling stock driving,

material contamination, and inadequate locomotive power.

The severities of wheel burns vary depending on many factors. Small wheel burns can be
maintained by rail grinding while severe wheel burns have to be treated by rail replacement

which the maintenance cost is high [159].

Different techniques are used to detect wheel burns such as acoustic [10], laser [11], computer
vision [14], and machine learning [160]. In previous sections, machine learning is used to detect
and evaluate the severity of defects. However, studies related to defect localization are limited
while defect localization is important to the railway industry because the characteristic of
projects is longitudinal. A study about defect localization in the railway industry has not been
done. Some studies related to defect localization in other industries are a study by Poyhonen et

al. [63] and Ferguson et al. [64] who used machine learning to localize insulation defects and
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casting defects respectively. Both of them found that the performance of machine learning
models was satisfying. Therefore, this section applies machine learning to localize defects when

selected defects are wheel burns.

Machine learning techniques that will be used to develop predictive models are DNN, CNN, and

LSTM. Data are numerical data from D-Track and the features are ABAs.

5.2.1.2 Data and processing

Data are simulated using D-Track. The sizes and locations of wheel burns are varied to create
data diversity to mimic real situations. The speeds and weights of rolling stocks are varied. The
data diversity is shown in Table 5-35. The sizes of wheel burns are based on the manual by the
Australian Rail Track Corporation [161] which stated that the common sizes of wheel burns are
ranged between 25 to 75 mm. In this section, the length of the track section is 20 m so the
wheelflats are located within this range. The total number of samples is 1,620. Data splitting for
training and testing data is conducted with a proportion of 70/30. Results from D-Track that are

used to train the machine learning models are ABAs.

Table 5-35 Parameter variation for wheel burn localization

Parameters Variation
Sizes of wheel burns 25, 50, and 75 mm
Locations of wheel burns 0-20m
Weight of rolling stocks 40, 60, and 80 tonnes
Speed of rolling stocks 20-200 km/h
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5.2.1.3 Methodology

This section uses DNN, CNN, and LSTM to develop the machine learning model to localize wheel
burns. The problems in this section are categorized as regression problems because the labels
are continuous range. The features are raw data which are ABAs. For the DNN model, raw data
are also used. It can be done by defining the number of nodes in the input layer to the same
shape as raw data. The number of nodes in the output layer is one for every model because of
the regression problems. This is different from classification problems when the number of nodes
in the output layer is equal to the number of classes. The detail of the machine learning

techniques was presented in Section 5.1.

Different indicators are used to evaluate the performance of the machine learning models.
Examples of indicators for regression are MAE and maximum error (ME). The proportion of data
splitting is 70% as training data and 30% as testing data. Grid search is used for tuning

hyperparameters. The list of hyperparameters that are going to be tuned is shown in Table 5-36.

Table 5-36 List of hyperparameters for localizing wheel burns

Model Hyperparameter
DNN Number of hidden layers Number of hidden nodes
Activation function Batch size
Optimizer
CNN Number of convolutional layers Filter
Kernel size Number of pooling layers
Pool size Activation function
Batch size Optimizer
Number of hidden layers Number of hidden nodes
LSTM Number of LSTM cells Window size
Activation function Batch size
Optimizer Number of hidden layers
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Model Hyperparameter

Number of hidden nodes

5.2.1.4 Results and discussion

From the machine learning model training, the optimized hyperparameters are shown in Table

5-37.

Table 5-37 Tuned hyperparameters for localizing wheel burns

Model Tuned hyperparameter Value

DNN | Number of hidden layers 2
Number of hidden nodes 1,100 (Densel) and 50 (Dense2)

Activation function Sigmoid (Densel) and RelLu (Dense 2)
Batch size 32
Optimizer Adam
CNN Number of conv layers 2
Filter 30 (Convl) and 32 (Conv2)
Kernel size 2 (Convl) and 5 (Conv2)
Number of pooling layers 2
Pool size 6 (MaxPoolingl) and 2 (MaxPooling2)
Batch size 32
Optimizer Adam

Number of hidden layers 2
Number of hidden nodes 200 (Densel) and 5 (Dense2)

Activation function ReLu (Conv and Dense2) and Sigmoid (Densel)
RNN Number of LSTM cells 200

Window size 20

Batch size 64

Optimizer Adam

Number of hidden layers 2
Number of hidden nodes 200 (Densel and Dense2)
Activation function RelLu (Densel and Dense2)

The performances of the machine learning model are shown in Table 5-38. The CNN model

performs the best based on MAE and ME. These two values demonstrate better performance
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when the values are low. The MAE of the CNN model is 0.03 m which is very accurate compared
to the total length of the track section or 20 m. The percentage of error is only 0.15%. The DNN
model performs better than the LSTM model. According to the table, the LSTM model has an
MAE of 0.33 m and the ME is 7.10 m which is very high and can be considered unacceptable.
Compared to the advanced approach used to localize defects, lasers seem to be the most
accurate approach when the error is less than 0.003 m [162]. The accuracy of ultrasonic is about
98% [163]. Compared to the developed approach in this section, the error is low and acceptable.
In addition, the cost is less than laser and ultrasonic so the developed approach is practical for
railway operators to implement. For the training time, DNN requires the least duration for
training while LSTM requires the longest time to train the model. Considering the error and
training time, it can be concluded that the CNN model is the most suitable model for localizing

wheel burns in this situation.

Table 5-38 Performance on wheel burn localization

Model MAE (m) ME (m) Training time (s)
DNN 0.27 3.54 0.1

CNN 0.03 0.30 1

LSTM 0.33 7.10 23

5.2.2 Turnout support deterioration prediction under flooding

5.2.2.1 Introduction and backgrounds

This section is extended from Section 5.1.5. In this section, the machine learning model is used

to evaluate the turnout support condition under flooding events. Different from the previous
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section, the machine learning model is used to predict the current support stiffness directly
without classifying the classes of turnout support conditions. The machine learning technique
and data used to train the model are the same as in Section 5.1.5. The key indicator to evaluate
the performance of the developed machine learning model is R%. However, other indicators are

also used to present the performance of the model such as MAE, RMSE, and MPE.

5.2.2.2 Data and processing

Data variation is shown in Table 5-29. The turnout support stiffness is the key parameter to
evaluate the turnout support condition instead of the classes. Data are sampled using stratified

sampling to maintain the proportion of samples in different classes.

5.2.2.3 Methodology

The problem in this section is the regression when the predictive values are continuous. In this
case, the predictive values are turnout support stiffness which can be any positive real number.
Data splitting is conducted using the proportion of 70/30. The machine learning technique used
to develop the predictive model is CNN. Features are used in three different ways as Section 5.1.5
which are ABAs, crossing nose displacement, and both ABAs and crossing nose displacement.
Hyperparameter tuning is conducted using grid search. The list of tuned hyperparameters is

shown in Table 5-30.
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5.2.2.4 Results and discussion

The performances of the developed machine learning model are shown in Table 5-39. Different
indicators are demonstrated to present the performances of different approaches using different
features. As mentioned, this section uses three different approaches in terms of features to

develop the machine learning model. They are the use of ABAs, crossing nose displacement, and

both.
Table 5-39 Performance on turnout support condition prediction under flooding events
Indicators MAE RMSE R? MPE
ABAs 0.28 MN/m 0.36 MN/m 0.98 2.54%
Crossing nose displacement 1.08 MN/m 1.45 MN/m | 0.70 | 11.56%
ABAs and Crossing nose displacement 0.21 MN/m | 0.30 MN/m | 0.99 | 1.95%

From the table, the results conform with Table 5-31 to Table 5-33. The use of both features
provides the best performance based on MAE, RMSE, R?, and MPE. The second-best approach is
the use of ABAs. It can be seen that these two approaches provide similar satisfying outcomes.
However, the use of crossing nose displacement only provides obviously lower performance
based on every indicator. R? is relatively low compared to the other two approaches. Other errors
are higher than the errors from another two approaches as well. R? from the best approach is
very high which demonstrates the high potential of the developed machine learning model in
predicting the turnout support conditions in terms of support stiffnesses. The relationship

between predicted values and actual values is shown in Figure 5-26.
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Figure 5-26 Relationship between actual and predicted values of turnout support stiffnesses

The list of tuned hyperparameters is shown in Table 5-34. It can be concluded that the machine
learning model has the potential in predicting the turnout support conditions under flooding
events. In addition, railway operators can also use the developed model and concept for their
railway projects. The railway operators will gain benefits from the precise support condition
prediction when they need to make decisions in maintenance. The best practice is not performing
the maintenance activities as frequently as possible but performing the maintenance activities
as necessary to keep railway infrastructure in good condition enough to operate and avoid severe

damages that will cause high maintenance costs and disruptions.
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5.2.3 Slab track stiffness prediction

5.2.3.1 Introduction and backgrounds

This section applies the same concept as Section 5.2.2, but the difference is slab tracks or
ballastless tracks are used as a case study. Slab tracks are popularly used in the railway industry
when speeds of rolling stocks are higher and ballast tracks are not suitable for those higher
speeds. Therefore, slab tracks are common in high-speed rail projects. The advantages of slab
tracks are they require less maintenance and the structure is more stable compared to ballast
tracks. Because slab track structure is concrete, cracks and settlements are common defects in
slab tracks [164]. Both of them affect the stiffnesses of slab track which negatively affect the
whole stability of track structures. When slab tracks deteriorate, other defects can take place
easier, vibrations tend to be higher, and water can penetrate track structures. These all result in
poorer quality of track infrastructure. This section aims to develop machine learning models to
evaluate the stiffnesses of slab tracks to be beneficial for railway operators to monitor the

condition of slab tracks and prepare an appropriate maintenance plan for railway infrastructure.

This section applies validated FEM models to simulate the dynamic behaviour of slab tracks and
uses ABAs to evaluate their stiffnesses using machine learning. CNN is used to develop a
predictive model. From the literature review, machine learning has not been used to predict slab
track stiffnesses. Some related studies were done by Li and Berggren [151] and Guo and Zhai
[165] who tried to study slab track stiffness and their deterioration. However, they did not apply

machine learning but applied other parameters to predict the stiffnesses such as settlements.
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This section aims to fill this gap of research and demonstrate the potential of machine learning

to predict slab track stiffnesses.

5.2.3.2 Methodology

FEM models are developed based on the model developed by Li et al. [140]. An example of the
FEM models is shown in Figure 5-27. The concept of the development is similar to the models in
Sections 5.1.4 and 5.1.5 however the structure is slab track instead. The rolling stocks were
modelled using the MBS concept. The track structure consisted of a concrete slab, mortar layer,
and concrete base. Each layer was modelled as an elastic layer with different stiffnesses

depending on its material properties. The detail of the track structure is shown in Figure 5-28.

Figure 5-27 FEM model for evaluating slab track stiffnesses
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The FEM model was validated using field data. Field data were collected from the Suining-

Chongging section that was constructed for testing and the rolling stock was Changbai Mountain

[166]. To validate the FEM model, wheel-rail contact forces, rail displacement, and sleeper

displacement were used to validate the FEM model. The comparison is shown in Table 5-40. It

can be seen that the differences between field data and the FEM model are less than 10%.

Therefore, the FEM model can be used to imitate the behaviour of the railway infrastructure of

slab track.

Table 5-40 The comparison of parameters from field data and the FEM model for slab track stiffness prediction

Parameters Locations | Field Measurement | FE Model | Difference
Wheel-rail contact force (kN) 100 98.4 1.60%
Rail displacement (mm) Rail seat 2.606 2.596 0.38%

Mid span 2.604 2.415 7.26%
Sleeper displacement (mm) Rail seat 2.576 2.522 2.10%
Mid span 2.511 2.352 6.33%
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CNN is used to develop the machine learning model. It has been proved that it has potential in
different areas including the railway system. Grid search is used for hyperparameter tuning to

ensure the model performance. The list of hyperparameters is shown in Table 5-41

Table 5-41 List of hyperparameters for predicting slab track stiffness

Model Tuned hyperparameter

CNN Number of convolutional layers
Filter

Kernel size

Number of pooling layers

Pool size

Activation function

Batch size

Optimizer

Number of hidden layers
Number of hidden nodes

5.2.3.3 Data and processing

From the FEM models, the data frequency is 1,000 Hz. The total number of samples is 1,458. The
total length of the studied track section is 15 m. Different parameters are varied to create data
diversity and allow the machine learning model to learn from different situations. The data
diversity is shown in Table 5-42. 70% of the data are used to train the model and 30% of the data

are used to test the model's performance.

Table 5-42 Parameter variation for slab track stiffness prediction
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Parameters Variation
Slab stiffness 28.8-43.2 GPa
Speeds of the rolling stock 150-200 km/h
Size of irregularity 80-120%
Weights of rolling stock 35.64-43.56 tonnes

Data used to train the machine learning model are ABAs. Because the shapes of features are
different based on the speeds of rolling stocks and the data frequency is fixed, data reshaping is
done to make all samples have the same shape. The padding is used to reshape samples by adding
zero to the samples. An example of ABAs is shown in Figure 5-29. From the figure, ABA from a
wheel is presented however ABAs from two wheels will be used to train the machine learning
model. The irregularity of the Suining-Chongqging section is shown in Figure 5-30. The size of

irregularity is varied as Table 5-42 to create the data diversity.

10 o

ABA (m/s?)

-10 L

-20 4 T y T T . T T g T v
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

Time (s)

Figure 5-29 Example of ABA for predicting slab track stiffness
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Distance (m)

Figure 5-30 Irregularity of the Suining-Chongging section

5.2.3.4 Results and discussion

From the machine learning model development, the relationship between true and predicted
values is shown in Figure 5-31. The R? is 0.94 which is significantly high and can be used to
conclude that the developed machine learning model using CNN can be used to predict the slab
track stiffnesses. Other indicators used to evaluate the performance of the model are shown in

Table 5-43. From the table, all errors are low that conforming to the R2.
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Figure 5-31 Relationship between true and predicted values of slab track stiffness

Table 5-43 Performance on slab track stiffness prediction

Indicators Values
MAE 0.63 GPa
RMSE 1.13 GPa
MPE 1.75%

R2 0.94

From the hyperparameter tuning, the set of optimized hyperparameters is shown in Table 5-44.

Table 5-44 Tuned hyperparameters for predicting slab track stiffness

Model Tuned hyperparameter Values
CNN Number of convolutional layers 2
Filter 64 (convl) and 32 (conv2)
Kernel size 3
Number of pooling layers 0
Pool size N/A
Activation function Linear
Batch size 8
Optimizer Adam
Number of hidden layers 2
Number of hidden nodes 100
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From the model training, the accuracy is higher than 98% based on the MPE of 1.75%. In addition,
the R%is also high. These indicators indicate that the developed predictive model can be used to
evaluate the slab track stiffnesses in different situations. railway operators can apply this model
or its concept to their projects. They will get the benefit of the ability to monitor the condition of
the slab track in real-time. Moreover, data collection can be done easily and fast because this
section purposes the approach using ABAs to evaluate the stiffnesses of slab track. There are no
additional sensors to be installed on the track side which tends to be expensive. The interruption

is also low because data collection can be done using regular operations.

5.2.4 Track geometry prediction

5.2.4.1 Introduction and backgrounds

To evaluate the condition of railway tracks, track geometry parameters can be used as indicators.
Tracks in good condition will provide smooth running, good passenger comfort, and good safety.
At the same time, tracks with poor conditions cannot provide the desirable characteristics
mentioned. Railway operators try to maintain their tracks in good condition for these reasons.
Moreover, maintenance costs tend to be higher when railway infrastructure is maintained when
it is in very bad condition. Track geometry parameters are traditionally measured by using TGCs.
Track geometry parameters consist of superelevation, alignment, longitudinal level, gauge, and
twist. They will be further calculated for TQl which will be used to evaluate the track quality. This
thesis aims to apply predictive maintenance. Therefore, the ability to predict track geometry
parameters is important because railway operators can use this information to prepare their

maintenance plans.
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This section aims to develop machine learning models to predict track geometry parameters.
Features in this section are used in the form of 3D data. The machine learning techniques used
in this section are RNN-based models which are suitable for sequence data. The techniques
consist of RNN, LSTM, GRU, and attention. The detail of each technique will be presented in
Section 5.2.4.3. In this section, track geometry parameters consist of superelevation, two sets of
longitudinal levels, two sets of alignments, twists, and gauges. The machine learning models will
be used to predict each track geometry parameter independently. This is the advantage of the
developed models in this section because most previous studies aimed to predict TQl or
deterioration rate which was the summary of track geometry parameters. The ability to predict
individual track geometry parameters will convey more detail about the conditions of track

quality. Then, railway operators can prepare maintenance plans more efficiently.

Track geometry parameters can be measured using different methods such as linear
displacement transducers, laser optics, or tachometers [167]. Track geometry parameters consist
of superelevation, alighments, longitudinal levels, gauge, and twists. For longitudinal levels and
alignments, values from both rails are used to evaluate the track quality. TQl is used to evaluate
the track quality that is calculated based on these seven track geometry parameters. Different
railway operators may have different methods to calculate TQls however the method that is
popularly used is the standard deviation. These seven parameters are combined to calculate the
standard deviation to indicate the overall condition of the tracks. However, individual track

geometry parameters can also be used to evaluate the track condition and allow railway
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operators to respond using different approaches. An example of the urgency of response can be

categorized as Table 5-45.

Table 5-45 Urgency of response [168]

Urgency

Inspect and verify responses

Action

Emergency 1 (E1)

Before the next train

Before the next train

Emergency 2 (E2)

Within 2 hours or before the next train

Within 24 hours

Priority 1 (P1)

Within 24 hours

Within 7 days

Priority 2 (P2)

Within 7 days

Within 28 days

Priority 3 (P3)

Within 28 days

Plan for respond

Normal (N)

N/A

Routine inspection

The periods for inspection and action are varied depending on the urgency. The urgency of track

geometry parameters is depended on each category and the speeds of rolling stocks. For

example, the urgency of response based on longitudinal levels is shown in Table 5-46. The table

shows both the speed of freight and passenger rolling stocks.

Table 5-46 Urgency of response based on longitudinal levels [168]

L Speed in km/h (freight/passenger)
Longitudinal levels
20/20 40/40 60/60 80/90 100/115 115/160

0-16 N N N N N N
17-20 N N N N P3 P2
21-24 N N N P3 P2 P1
25-27 N N P3 P2 P1 E2
28-30 N P3 P2 P1 E2 E2
31-32 P2 P2 P1 E2 E2 E2
33-34 P1 P1 E2 E2 E2 El
35-40 E2 E2 E2 E2 El El
>40 El El El El El El
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Accelerometers and transducers could be used to measure track geometry parameters [169]
however there were limitations in that they could measure only longitudinal levels. There were
afforded to apply ABAs to measure track geometry parameters. Agh [170] tried to find the
relationship between ABAs and track geometry parameters using mathematical methods. In that
study, the focused parameters were longitudinal levels, alignments, and superelevation. From
the study, the correlation between track geometry parameters and ABAs was 0.63. It was noted
that the correlation between ABAs and longitudinal levels, alignments, and superelevation was
not very high but the correlation between ABAs and twists was even lower. Therefore, there were
limitations in that study. Li et al. [171] applied machine learning to predict vertical and lateral
loads from wheels when features were track geometry parameters, speeds of rolling stocks, and
track designs. They found that the results were satisfying. However, they did not predict the track
geometry parameters but they used them as features. Tsunashima et al. [172] developed FEM
models to generate ABAs and used them to predict track geometry parameters. The technique
used in that study was Kalman Filter. They found that the error was about 3 mm. However, the
main limitation of that study was which track geometry parameters they considered and how to

calculate them.

Lee et al. [30] deployed SVR to predict alighments and longitudinal levels. Other studies tried to
apply machine learning to predict the deterioration of track geometry instead of individual track
geometry parameters such as studied sone by Hu and Liu [31], Guler [15], and Soleimanmeigouni
et al. [67]. From the literature review, the research gap is a study performing comprehensive

track geometry parameter prediction that has never been done. Most studies predicted some

Chapter 5 Supervised learning for railway infrastructure maintenance



Page | 5-97

track geometry parameters or their summarized form of them such as TQl or deterioration rate.
Therefore, this section aims to fill this research gap by developing machine learning models to
predict every track geometry parameter individually which are superelevation, two sets of

alignments, two sets of longitudinal levels, gauge, and twists.

5.2.4.2 Data and processing

Samples used to develop machine learning models in this section are processed from two sources
of data which are track geometry parameters collected using TGCs as mentioned in Section 3.1
and maintenance records. For track geometry parameters, the data duration is from 2016 to 2019
and measurement is done every foot. The length of the section is 30 km. For the maintenance
records, there are seven types of maintenance activities recorded. They are tamping, rail
grinding, ballast cleaning, sleeper replacement, rail replacement, fastening replacement, and
ballast unloading. Data will be processed to be 3D time-series data consisting of track geometry
parameters based on time, track geometry parameters based on distance, and performed
maintenance activities. For track geometry parameters based on time, each track geometry
parameter in the past of that track section is considered. For track geometry parameters based
on distance, each track geometry parameter of the adjacent track sections in the latest year is
considered. For performed maintenance activities, every performed maintenance activity in the
past of that track section is considered. The overview of features used to train machine learning
models is shown in Figure 5-32. For track geometry parameters, the values are real numbers. For
maintenance activities, the values are binary numbers or (0, 1) depending on whether each

maintenance activity is performed. From the data source, processed data can provide 14,538
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samples. The samples are split when 70% are used to train machine learning models and 30% are

used to test the performances of models.
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Figure 5-32 Overview of features used for predicting track geometry parameters

5.2.4.3 Methodology

RNN-based models are used to develop machine learning models in this section because they are
suitable for time-series data. The techniques that will be used are RNN, LSTM, GRU, and

attention.

RNN is the traditional model for time-series prediction. Different from other neural networks,
RNN architecture has the memory unit to explore the correlation between previous data and

current data. However, the main disadvantage of RNN is it suffers from a vanishing gradient when
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the sequence of data is too long. This is because when the sequence of data is longer, the weights
of the last features are multiplied many times until the values are close to zero. Therefore, the
significance of the last features is low. LSTM is developed to solve the issue found in RNN. The
solution is there are three types of gates in the LSTM architecture. They are the input gate, output
gate, and forget gate. Input and output gates have the functions of their names to receive and
send data through nodes. Forget gates are used to remove unimportant data to keep sequence
data not too long. This can reduce the negative effect of the vanishing gradient found in RNN.
GRU is further developed based on LSTM. There are two gates in GRU which are update gates
and reset gates. In other words, input and forget gates in LSTM are combined to be update gates
in GRU. Due to the fewer components in the architecture, GRU can be trained faster than LSTM
and should be more stable. Reset gates have the function to memorize and forget data in nodes
when the quantity can be varied. Attention is the most advanced RNN-based model. In its
architecture, there is a neural network to consider the significance of data before training the

model.

MAE, ME, and R? are used to evaluate the performances of the machine learning models.

hyperparameter tuning is performed and the list of tuned hyperparameters is shown in Table

5-47.
Table 5-47 List of hyperparameters for predicting track geometry parameters
Models Tuned hyperparameters
RNN Normalization Batch size
Number of RNN nodes Number of dense layers
Number of hidden nodes Activation functions
Optimizer
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Models Tuned hyperparameters

LSTM Normalization Batch size
Number of LSTM nodes Number of dense layers
Number of hidden nodes Activation functions
Optimizer

GRU Normalization Batch size
Number of GRU nodes Number of dense layers
Number of hidden nodes Activation functions
Optimizer

5.2.4.4 Results and discussion

From the machine

learning model development, different models are tried through

hyperparameter tuning. Different indicators are used to evaluate the machine learning models'

performance such as MAE, ME, and R?. The performances of machine learning models are shown

in Table 5-48. It can be seen that each track geometry parameter can be predicted the best with

different predictive models.

Table 5-48 Performance on track geometry parameter prediction

Track geometry parameters Models MAE (mm) R? ME (mm)
Superelevation Attention 1.46 0.99 5.00
Longitudinal level (right rail) GRU 0.28 0.96 11.26
Longitudinal level (left rail) GRU 0.33 0.95 10.06
Alignment (right rail) LSTM 0.13 0.98 5.61
Alignment (left rail) LSTM 0.20 0.97 6.66
Gauge LSTM 1.20 0.84 5.99
Twist LSTM 0.33 0.93 5.60
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From the table, the MAEs of all track geometry parameters are less than 1.5 mm which indicates
that the developed predictive models can perform well. These performances are also confirmed
by R? that the values are about 0.85 or higher which means that all models can perform well
according to their purposes. It can be seen that different track geometry parameters can be best
predicted by different machine learning models. This may be because different track geometry
parameters have different characteristics and different models are more suitable in some
situations. Most track geometry parameters can be well predicted by the LSTM modes except
longitudinal levels that can be better predicted by the GRU model and superelevation that the
attention model performs the best. From the table, the RNN model cannot perform the best in
any track geometry parameter prediction. This may be because RNN is the least advanced model
of RNN-based models. For MEs, all values are acceptable even though they are significantly higher
than MAEs however the MEs only represent the maximum values found in rare and extreme

cases.

The relationships between true values and prediction can be shown in Figure 5-33. From
hyperparameter tuning, the combinations of hyperparameters of each machine learning model

can be shown in Table 5-49.

From the results, the developed machine learning models can predict track geometry parameters
and provide high accuracy. Railway operators can apply their data to train the machine learning
models and use the trained models to predict track geometry parameters in the future. Then,
they can use this information for maintenance planning. The only remark is some railway

operators might not have the data in the format used in this section however railway operators
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can adjust the architecture of the models and train the models. The developed models show that

they have the potential to predict track geometry parameters and can be used in practice.
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Figure 5-33 True values and prediction of track geometry parameters (a) superelevation, (b) longitudinal level
(right rail), (c) longitudinal level (left rail), (d) alignment (right rail), (e) alignment (left rail), (f) gauge, and (g)
twist

Table 5-49 Tuned hyperparameters for predicting track geometry parameters

Models Tuned hyperparameters Values
RNN Normalization N/A
Batch size 32
Number of RNN nodes 200
Number of dense layers 5
Number of hidden layers 3
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Models Tuned hyperparameters Values

Activation functions Sigmoid
Optimizer Adam

LSTM Normalization No
Batch size 8
Number of LSTM nodes
Number of hidden layers 2
Number of hidden nodes 100
Activation functions Relu (densel) and Linear (dense2 and dense3)
Optimizer Adam

GRU Normalization N/A
Batch size 64
Number of GRU nodes 3
Number of hidden layers 2
Number of hidden nodes 100
Activation functions Relu (densel and dense2) and Linear (dense3)
Optimizer Adam

Attention | Normalization N/A
Batch size 64
Type of attention Self-attention
Attention activation functions | RelLu
Number of hidden layers 2
Number of hidden nodes 100

Activation functions

Relu (densel and dense2) and Linear (dense3)

Optimizer

Adam
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6 Unsupervised learning for railway infrastructure maintenance

Unsupervised learning is one of the major types of machine learning. Different from supervised
learning, unsupervised learning does not need labels of samples to be trained. Unsupervised
learning is used to explore the hidden pattern and insight of data by machines completely
without human knowledge. Some patterns and insights may be impossible to discover manually
by humans. Therefore, unsupervised learning plays an important role in this function. Two
popular techniques of unsupervised learning that will be used in this thesis are K-mean clustering

and association rules.

6.1 K-mean clustering
6.1.1 Insights of track component defects based on track design

6.1.1.1 Introduction and backgrounds

This section is an extensive study from Section 5.1.3. In that section, track geometry parameters
and track design are used to predict track component defects. In this section, k-mean clustering
is used to explore the hidden patterns and insights from the data. K-mean clustering is one of the
popular techniques in unsupervised learning. The technique is used to cluster or groups sample
together based on defined features. The number of clusters is pre-defined by humans and the
algorithm will cluster samples into that defined number of clusters. The concept of k-mean
clustering is the machine will randomly define the centres or centroids of each cluster based on
features. Then, each sample will be assigned to a cluster by considering the distance between

each cluster and sample based on the feature. The technique used to calculate the distance is
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Euclidean distance. After all samples are assigned to clusters, the centres of each cluster will be
re-calculated again using the average values of features of each sample in the clusters. Then,
samples will be assighed to new clusters. These processes will be repeated until there is no

change in sample assigning and clusters’ centre calculation.

Features used in this section are from track design. Two main features are the radius of curvature
and the gradient of tracks. Samples will be grouped as clusters depending on these two features.
Then, samples in each cluster will be further explored about the defects occurring in the clusters
to see the relationship between two features and occurring defects. Railway operators will get
benefit from knowing the types of defects that tend to emerge at some locations of tracks based
on their characteristics. For example, tracks with a specific radius of curvature and gradient tend

to have a specific defect rather than other characteristics of tracks.

6.1.1.2 Data and processing

Data and processing in this section have the same concept as Section 5.1.3 due to this section is
an extensive study of that section. In conclusion, track geometry parameters are removed from
the machine learning model training. Therefore, only data from track design reports and defect
inspection reports are used. For the track design reports, two data are extracted from the reports
which are the radius of curvature and the gradient of track sections. For the defect inspection
reports, track component defects are used to explore the defect types in each cluster after

samples are grouped using k-mean clustering.
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6.1.1.3 Methodology

As mentioned, k-mean clustering is used to cluster samples. The concept is to assign samples into
clusters when the number of clusters is defined. The samples are assigned to different clusters
using the distance between samples and clusters. The distance can be calculated using Equation
7. From the equation, there are two features which are x and y. Then, the assigned cluster is
considered using Equation 8 when c is centroid and k is the number of clusters. In other words,
defined features are used as centroids of each cluster. Samples will be assigned to the clusters
where the distance of features is the closest one. Then, new centroids are calculated again using

Equation 9. The new centroids are the average values of features of samples in that cluster [173].

n
dist(x,y) = Z(xl- — y;)? Equation 7
i=1
¢ = {x:mkin dist?(x, c) =j} Equation 8
S 2
GG =— ) X ;
J m; Equation 9

XEC]'

Features used in this case are the radius of curvature and the gradient of tracks because this
study wants to investigate the relationships between defects and track design which are
unchanged. Other changeable parameters can also be considered such as speed and weight of

rolling stock in further studies. After k-mean clustering is conducted, track component defects
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that are extracted and processed from defect inspection reports will be analyzed to see the

relationships between track characteristics and track component defects.

6.1.1.4 Results and discussion

In this section, results from k-mean clustering are presented. As mentioned, the number of
clusters has to be defined in the early stage of model development. In this case, the number of
clusters is set to four based on the radius of curvature and gradient. It is assumed that these two
values with high and low values suppose to affect the types of defects. Therefore, the number of
clusters is defined as four. Results are shown in Figure 6-1. It is worth noting that the radius of
curvature of the tangent track is infinity. The figure shows the values of the radius of curvature
until 4,500 but the samples beyond that value are categorized in cluster 3. From the figure, there
are four clusters, from cluster 0 to cluster 3. It is conformed to the hypothesis that the clusters
should be conducted in the way of low and high values of the radius of curvature and gradient.
To convey a clearer view, a tree diagram is used to present the clustering as shown in Figure 6-2.
The centroids of each cluster are shown in the figure. The first number is the gradient and the
second number is the radius of curvature. It can be seen that if the radius of curvature is more
than 4,000 m, the samples are assigned to cluster 3 without any further consideration. After that,
the samples are assigned to cluster O if the gradient is negative or downhill. If the gradient is
positive and the radius of curvature is less than 1,800 m, the samples are assigned to cluster 1.
The rest of the samples are assigned to cluster 2. From the result, it makes sense that the smaller
radius of curvature is related to the higher number of defects. At the same time, the higher

gradient also results in a higher number of defects. It can be inferred that this phenomenon is
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caused by the higher friction and impact from the sharp curve and braking force that create

defects to track compon

ents.
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When the radius of curvature is increasing more than 3,000 m, the number of defects drops

significantly. The relationships between the clusters and component defects are shown in Table

6-1.
Table 6-1 Cluster and sample distribution related to each other
Based on component defects
cluster_ 0 cluster_1 cluster_2 cluster_3
S&C! 12% 73% 8% 8%
Fastener? 53% 21% 26% 0%
Rail joint3 39% 26% 32% 3%
Rail* 38% 38% 17% 7%
Based on clusters

S&C Fastener Rail joint Rail
cluster_0 2% 7% 34% 56%
cluster_1 15% 3% 24% 59%
cluster_2 3% 6% 48% 43%
cluster_3 10% 0% 20% 70%

From the table, different insights can be drawn from k-mean clustering. First, there is no defect

found when the gradient is negative and the radius of curvature is between 2,000 and 4,000 m.

The majority of switch and crossing defects are categorized in cluster 1 where the radius of

curvature is less than 1,800 m and the gradient is positive. Therefore, it can be inferred that

switch and crossing are sensitive in the location with this characteristic. However, most of the

other defects are in cluster O which is the sharp curve and downhill. These track components may

1 Besides S&C defects, bolt related to S&C, frog, switch point, crossing, switch plate, switch rod, switch heel, guard
rail, point blade, stock rail, and wing rail are also included.
2 Besides fastener, clip and spike are also included.

3 Besides rail joint defects, joint, weld and bolt related to joints are also included.

4 Besides rail defects, obstructions on rails, track geometry, and buckling are also included.
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suffer from the high braking force and defects develop. Very few defects are in cluster 3 when
the tracks have a high radius of curvature and downhill as mentioned. Additionally, there are no
fastener defects occurring in this cluster. When considering based on clusters, the type of defect
that most frequently is found in almost every cluster is the rail defect. However, rail joint defects
are the majority in cluster 2. This can be inferred that the rail is the track component that is
contacted by wheels and the loads are directly applied to the rail. Therefore, it is the component
that frequently has defects. This also applies to cluster 3 when the radius of curvature is large

and the track is downhill. The defects that are usually found are also rail defects.

These findings will be beneficial to railway operators in terms of monitoring and awareness. Some
characteristics of track cause more defects than others. At the same time, some kinds of defects
tend to be found in specific track characteristics. This will allow railway operators to be aware of
where they should pay more attention to inspect defects and maintain railway infrastructure

carefully.

6.2 Association rules

6.2.1 Insights of track component defects based on relevant defects

6.2.1.1 Introduction and backgrounds

This section is an extensive study from Section 5.1.3. In that section, grouped track component
defects are explored to see their relationships. Therefore, the main features used in this section
are grouped track component defects only. In this section, association rules are used to explore

the hidden patterns and insights from the data. Association rules are popular unsupervised
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learning used to discover the hidden pattern in the data. This technique is used to find events
that frequently happen together. When some events happen together frequently, association

rules can be defined as hidden patterns.

Features used in this section are from defect inspection reports. Different track component
defects are used as features to train the unsupervised learning model. The insights from this
section will discover the cooccurrence of defects. Railway operators will be able to know what
kinds of defects tend to take place together and be aware of other kinds of defects when some

kinds of defects are found.

6.2.1.2 Data and processing

Data and processing in this section have the same concept as Section 5.1.3 due to this section is
an extensive study of that section. In conclusion, track geometry parameters and track design
data are removed from the machine learning model training. Therefore, only data from defect

inspection reports are used.

6.2.1.3 Methodology

To consider the types of defects that emerge in track sections, foot-by-foot data is not sufficient
to see the overview of defects because it is too detailed and the correlation between defects is
not clear. In this section, a track section of 50 ft is used to explore the occurrence of track
component defects. If defects occur in the same 50-ft track section, it will be considered that
those defects occur together. The data processing is conducted in this way to suit the machine

learning model development. The association rules are used to discover the insights between
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track component defects. To analyze the relationship, some indicators are used to identify the
strength of the relationship. Some relationships may be too weak and defects occur together by
chance. However, some insights can be indicated if the relationships are strong enough. To
identify the strength of the relationships, different indicators are used consisting of support,
confidence, and lift. These indicators can be calculated using Equation 10 to Equation 12. x and
y are events that frequently happen together. In this case, there are two types of track
component defects happening in the same track section. N is the total number of samples. It is
worth noting that Equation 10 to Equation 12 present simplified equations related to association
rules. In real situations, more than two events are considered for the relationships. However,
these equations are aimed to convey a simple understanding of the function of association rules

and the calculations.

Support = w Equation 10
rq(x,
Confidence = M Equation 11
fra(x)
. support(x U y) .
Lift = Equation 12

support(x) X support(y)

The support presents how frequently selected events or defects take place together in the whole
sample track section. The higher values indicate that they are likely to be found together.
Confidence is the main indicator of association rules. It identifies the frequency of the rules

becoming true when defect x emerges. In other words, it indicates how much possibility of defect
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y is found when defect x is found. Lift is the proportion between the support to the expected
support of the rules. It measures how much more likely defect y is found when defect x is found
compared to when there is no association between them. In this section, track component defect
data are used but they will not be processed to be groups of track components. Raw data from
the defect inspection reports will be used directly to see the variety of defects and their

relationships.

6.2.1.4 Results and discussion

There are many rules found in association rules. In terms of support, there are 62 rules that have
a support value higher than 0.05 or are found more than 5% in the total samples. However, to
demonstrate the strong relationships between events, the rule with a confidence higher than 0.8
will be presented in Table 6-2. In the table, there are left-hand side and right-hand side events.
The left-hand side events can be considered as x events which are the events that can be

detected first and right-hand side events can be considered as y events or the consequent events.

Table 6-2 association rules with a confidence higher than 0.8

Left-hand side Right-hand side Support | Confidence | Lift
Failed ties in switch, Surface Rail surface defect 0.056 0.957 1.926
defect on frog
Wc?rn wing rail, F.aIIEd tiesin Rail surface defect 0.052 0.953 1.918
switch, Worn point blade
Failed ties in switch, Worn point Rail surface defect 0.056 0.948 1.908
blade
Worn wing rail, Worn point Rail surface defect 0.059 0927 | 1.867
blade
Rail surface defect, Failed ties in . .
switch, Worn point blade Worn wing rail 0.052 0.927 6.204
E?;'j: ties in switch, Worn point |\, - \Ving rail 0.054 0922 |6.171
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Left-hand side Right-hand side Support | Confidence | Lift
Rail surface defect, Worn point |\ oo rail 0.059 0.898 | 6.015
blade
Rail surface defect, Worn wing | ¢ e g ties in switch 0.052 0.878 | 6.896
rail, Worn point blade
Failed ties in switch, Worn point Ra_ul surface defect, Worn 0.052 0.878 7 805
blade wing rail
Worn wing rail, Worn point Failed ties in switch 0.054 0.855 | 6.712
blade
Rail surface defect, Worn point | 1\ ties in switch 0.056 0.852 | 6.686
blade
Worn wing rai, Failed ties in Rail surface defect 0.073 0841 | 1.694
switch
Worn point blade Rail surface defect 0.065 0.837 1.684
Surface defect on frog Rail surface defect 0.074 0.823 1.657
Worn wing rail, Worn point Ra_ll surfaa_a defgct, 0.052 0.815 7922
blade Failed ties in switch
Worn point blade Worn wing rail 0.063 0.810 5.426
Failed ties in switch Rail surface defect 0.103 0.807 1.625

It is worth noting that the support may not be high because the number of events is compared
to the total number of samples which is very high. However, some events have a support value
higher than 0.1, or 10% of the samples have this phenomenon. Many events have high values of
confidence which means the right-hand side events tend to be found when the left-hand side

events are detected.

This finding will support railway operators in railway inspection and maintenance because they
can better know what defects should be attended to when they find some specific defects. for
example, they can expect to find rail surface defect when they have found failed ties in the switch
and surface defect on frog which is the association rules with the highest confidence. Other rules

can also be applied in the same way.
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7 Reinforcement learning for railway maintenance scheduling

7.1 Railway maintenance efficiency improvement

7.1.1.1 Introduction and backgrounds

This section presents how to apply reinforcement learning which is one of the main types of
machine learning to improve railway maintenance. The railway system is complicated due to the
number of components and related activities in the system. They are all relevant and affect each
other in different ways. Therefore, decision-making about railway maintenance is a complicated
task for railway operators. This section will explore the potential of machine learning in
supporting decision-making in railway maintenance. In addition, this section will present whether
reinforcement learning can improve the efficiency of railway maintenance. This thesis focuses on
predictive maintenance so the ability to prepare maintenance plans using reinforcement learning
will be beneficial for railway operators to optimize maintenance activities. Excessive
maintenance will lead to unnecessary maintenance costs and interruption. On the other hand,
insufficient maintenance will lead to poor conditions of railway infrastructure. Reinforcement
learning is expected to resolve these issues by providing optimized maintenance plans. Railway

infrastructure will be in standard condition while the maintenance is limited as necessary.

This section applies reinforcement learning to improve the maintenance efficiency of railway
infrastructure which has not been popular in the railway system nowadays. A preliminary concept
of reinforcement learning is the agent of the reinforcement learning model will try to maximize

rewards to get the best solutions for different problems. The rewards of reinforcement learning
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models can be varied from maintenance cost, maintenance duration, number of defects, or
carbon emissions. In this section, maintenance cost and the number of defects are used as

rewards to train the agent.

This section aims to apply reinforcement learning to improve railway maintenance efficiency. The
number of defects and maintenance costs are used as rewards for the reinforcement learning
agent. Defect data are collected from field data when they are in the form of track geometry
parameters and component defects. For track geometry parameters, data sources are from MRS
Logistica S.A. as mentioned in Section 3.1. Therefore, the inspection manual from the same
organization is used to indicate the defects. From the manual, the threshold of each track
geometry parameter is indicated. If the values of parameters exceed the thresholds, they can be
considered defects. For track component defects, they are collected from defect inspection
reports. Track geometry parameter deterioration and defect occurrences are related to
maintenance activities. Therefore, performed maintenance activity data are collected from
maintenance records. Then, these data are analyzed together to find the relationships and
develop the environment for the reinforcement learning model. There are many reinforcement
learning techniques that can be used for the task in this section. This section will apply A2C as its
advantages. Many studies indicated that the performance of A2C is better than the traditional
techniques such as DQN and the training time is shorter [174]. The expected benefits of this
section are railway operators can apply the developed model and concept in this section to
reduce the number of defects, maintenance costs, and possession time. Each track geometry

parameter and the component defect will be considered independently by the reinforcement
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learning agent to prepare the maintenance plan. In addition, the model also has the benefit of
sequence decision-making that supervised and unsupervised learning techniques do not have

this capability.

Different techniques have been used to plan maintenance activities in the railway system. Sedghi
et al. [175] reviewed the previous studies related to this topic. They found that machine learning
had not been widely used to improve the efficiency of railway maintenance. Most studies applied
mathematical techniques or probability methods to plan railway maintenance. Examples of these
approaches were stochastic models, mathematical simulations, mixed integer programming, and
the Markovian model. They also mentioned that machine learning had the potential to improve
railway maintenance efficiency. In addition, machine learning started drawing attention from

society nowadays because of its performance.

Lopes Gerum et al. [176] applied machine learning to predict the occurrence of railway defects.
The techniques they applied were RF and RNN. They claimed that the RNN and RF models could
achieve accuracies of 80% and 77% respectively. In addition, they also applied the machine
learning models to predict the severity of defects when they classified the severities into two
groups which were minor and major defects. After that, they deployed discounted Markov
decision process for planning the inspection and maintenance. They stated that the developed
approach could save some inspection and maintenance costs. They suggested that further

development could be done by including a detailed maintenance plan.
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Consilvio et al. [34] focused on earthwork and track circuits in the railway system. They applied
machine learning techniques to create numerical data to optimize maintenance planning. For the
machine learning techniques, they used to generate the numerical data, they applied k-mean and
SVM. After that, mixed integer linear programming and Monte Carlo simulations were used to
optimize the maintenance planning. To evaluate the performance of the developed models, they
applied key performance indicators (KPIs) to evaluate the track condition resulting from the
maintenance planning. They concluded that the developed mathematical models could save
maintenance costs. It can be seen that the research gaps of that study are the data generated
and the machine learning or reinforcement learning that has not been used to optimize railway

maintenance.

Mohammadi and He [177] deployed DQN to prepare the maintenance plan for the railway
system. The criteria or states they provided to the reinforcement learning agent to select actions
were TQl and hazard index. As the study in the previous paragraph, they applied RF to obtain
these data. The available actions or action space consisted of five maintenance activities. They
are tamping (preventive and predictive maintenance), grinding (preventive and predictive
maintenance), and renewal. They concluded that the developed DQN model could reduce TQl
and hazard index which demonstrated the better condition of tracks. However, it can be seen
that the number of available actions that the agent can choose is limited. In addition, more
advanced techniques rather than DQN can be used to develop the reinforcement learning model.
These research gaps are aimed to be fulfilled by this section. This thesis aims for predictive or

conditional-based maintenance but the previous study included preventive maintenance
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indicating that the reinforcement learning model might not demonstrate its full potential. In
addition, reinforcement learning application in railway predictive maintenance has not been
comprehensively explored and some parameters should be considered such as track geometry
parameters or defects collected based on field data. Therefore, this section will explore the

potential of reinforcement learning in railway infrastructure predictive maintenance.

7.1.1.2 Methodology

Reinforcement learning is the most advanced and difficult machine learning technique compared
to supervised and unsupervised learning. The main reason is the reinforcement learning agent
will learn from rewards and feedback under specific situations. That means the training of
reinforcement learning requires a specific circumstance or customized environment depending
on the problems aimed to be solved. In other words, the environments have to be developed to
suit the problems and cannot be reused in other problems. Because of its potential,
reinforcement learning is increasingly attended by many industries and aimed to be used to solve

problems.

For reinforcement learning, agents interact with the environment by learning and receiving
feedback via rewards [176]. Environments are the components of the reinforcement learning
models that define the rules of the models including action spaces and constraints. Stages are
timesteps (t = 1, 2, 3, ..., n) that agents have to interact with environments. Agents will select
actions to interact by considering states (s; € S where S is possible states) which can be

considered inputs or information perceived by agents. Agents will be trained to take action (a; €
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a(s;) where a(s;) is possible actions). In the beginning, agents may select actions randomly when
the training is not finished. Then, agents will learn how to select the best actions by considering
rewards (R;) provided by environments. The aim of agents is to maximize rewards. Therefore,
when agents are trained multiple times, agents will know which actions are the best under
specific situations. These processes will be repeated until the training is finished. In this section,

the overview of the training process can be shown in Figure 7-1.

There are 12 states that the agent will use to take action. These states are based on field data
which are seven track geometry parameters and five component defects. For the action space or
maintenance activities that the agent can choose to perform, there are seven available
maintenance activities. The reinforcement learning technique used in this section is A2C. For the
rewards, they can be considered using two indicators which are the maintenance costs and the
number of defects. The agent has to balance between maintenance activities and defect
occurrence. If the maintenance is performed excessively, defects may not occur but the

maintenance costs will be high. This is the challenge that railway operators also try to achieve.
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Figure 7-1 Overview of training process of the reinforcement learning model for maintenance efficiency

improvement

From the workflow, the problem in this section cannot be solved by supervised or unsupervised

learning because supervised and unsupervised learning does not have the capability to make a

decision in a series of time. Reinforcement learning agents are trained based on rewards while

supervised and supervised learning are trained by the loss function. Therefore, reinforcement

learning agents will have the ability to consider short-term (each stage) and long-term (last stage)

rewards by using value functions.

As mentioned, this section applies A2C to develop the reinforcement learning model. A2C is an

on-policy reinforcement learning technique. Reinforcement learning can be categorized as on-

policy and off-policy. Off-policy reinforcement learning is suitable when the agent has to create
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new data such as painting [178]. On-policy reinforcement learning will have the advantage when
action spaces are limited and can be defined. In addition, on-policy reinforcement learning is
more stable when the aim of the model is clear. In this section, on-policy reinforcement learning
is more suitable. Examples of popular on-policy reinforcement learning techniques are A2C and

PPO.

Besides on-policy and off-policy models, reinforcement learning models can be categorized as
policy-based and value-based models. A2C is a hybrid of them because A2C will learn how to take
actions based on states which are characteristic of policy-based models. At the same time, A2C
agents will also learn from the forecast values of states and actions which is characteristic of
value-based models. Therefore, A2C will obtain the advantages of both categories. A2C contains
two neural networks acting as the actor and critic. The actor part selects actions to take using
Policy Gradient. The critic part considers the policy function my(s;, a;) using Q-learning to
consider whether the taken actions are good or not using an advantage function A(s;, a;). The
advantage function is calculated using the value function G, (s;, a;) and average value of states
V(s;). States (st) and actions (at) are used to calculate the Q-value g, (s, a;). The equation is

shown in Equation 13.

A(sg ar) = Gu(se ar) —V(st) Equation 13

In this section, available actions are rail grinding, tamping, sleeper replacement, ballast cleaning,
fastening components replacement, rail replacement, and ballast unloading. Because the

customized environment developed in this section allows the combinations of performed
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maintenance activities, the agent is flexible to select any maintenance activities to perform. The
number of possible actions or action space will be 128 which can be calculated using Equation 14
when n is the total number of available actions and r is the number of selected actions in each
stage. In this case, the agent can choose to perform nothing (zero maintenance activity) until all
maintenance activities (seven activities). Therefore, r can range between zero to seven.

n!

Combinations = m Equation 14

There are 12 states that the agent can consider to take actions which are seven track geometry
parameters and five component defects as mentioned. for the first stage of the training, states
are based on field data. The states of the following stages will be based on the actions that the
agent takes. The changes in states are based on field data. Because the data used in this section
are field data, the changes in states are considered using the normal distribution analyzed from
field data. Track geometry parameters are in the form of real numbers when the component
defect occurrences are in the form of probability. Rewards are in the form of maintenance costs
and the number of defects. To consider defects, track geometry parameters that exceed the
threshold will be considered defects. The threshold of each track geometry parameter is shown
in Figure 7-2. For component defects, the states are the probability of defect occurrence. At the
end of each stage, if component defects occur based on their probability, they are considered
defects. However, if defects do not emerge, the probability of occurrence will be higher in the

next stage.

The overall workflow of the reinforcement learning model development is shown in Figure 7-3.
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Hyperparameter tuning is also applied. Different hyperparameters are tuned using grid searches
such as learning rate, discount factor, and epsilon. A sensitivity analysis of hyperparameters is
performed to see the effect of each hyperparameter on model performance. In the section, the

total number of stages is defined to be 100,000.

7.1.1.3 Data and processing

Data used in this section is the field data from MRS Logistica S.A. as mentioned in Section 3.1.
Sources of data are track geometry parameters from TGCs, maintenance manual defining the

track geometry parameter threshold, defect inspection report, and maintenance records.

MRS Logistica S.A. defines the values of each track geometer parameter as priority levels from
levels 1 to 4. In this section, thresholds from level 4 are used because this section aims to
minimize the number of defects. For track component defects, the defect inspection reports
identify 71 types of defects which may not be suitable for developing the reinforcement learning
model because the data are too scattered. Therefore, defects are grouped based on track

components which are rail, sleeper, switch and crossing, fastener, and ballast.

To demonstrate the correlation of each state (track geometry parameters and component
defects), correlation analysis is performed. The results are shown in Figure 7-4. From the figure,
track geometry defects are highly correlated to each other except gauge that the correlation is
about 0.7. Therefore, it can be expected that if one track geometry defect is found, other track
geometry defects except gauge defects have a high possibility to be found as well. Track

component defects have lower correlations. This can be inferred that each track component
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defect tends to be independent of each other track component defects. The only component

defect that has a high correlation with track geometry defects is switch and crossing.
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Figure 7-4 Correlation between defects

From the preliminary analysis, the average number of defects found in every track section is two.
For the maintenance activities, there are seven available activities as mentioned. The agent will
select to perform each activity in the form of binary space (do or not do). There are 128 possible
combinations in which the agent can take action. Each combination results in different
improvements and deterioration of states. Because the period of field data is four years, the data

are comprehensive for every combination of maintenance activities. When maintenance
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activities are performed, the condition of railway infrastructure will be improved as well as states.
The improvement and deterioration of each state when maintenance activities are performed
and not performed are shown in Figure 7-5 to Figure 7-7. The first two figures present how each
track geometry parameter improves and deteriorates when tamping is and is not performed. The
third figure presents the changes in the probability of defect occurrences when rail grinding is
performed and is not performed. The improvement and deterioration are presented in the form
of mean and standard deviation. The environment of the reinforcement learning model is
developed to use these values with Monte Carlo simulation to consider the states of the next

stages when the agent chooses actions to take.

A preliminary analysis is performed. The results show that the maintenance was not done
efficiently. Some track sections with good conditions are maintained while some track sections
with bad conditions are not maintained sufficiently. Therefore, there are a number of defects

found in the track sections.
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Figure 7-5 Track geometry parameter improvement when tamping is performed
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Figure 7-6 Track geometry parameter deterioration when tamping is not performed
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Figure 7-7 Changes in probability of defect occurrence when rail grinding is and is not performed

The customized environment of the model is developed based on the problem in this section.
Five components of the models which are the agent, action spaces, states, environment, and

rewards are designed and developed based on the characteristic of the problem and the data.
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7.1.1.4 Results and discussion

From the model development, the reinforcement learning agent is trained to find the optimized
maintenance activities based on provided states which are track geometry parameters and
component defect occurrences. The agent is trained 100,000 times before being tested with the
field data. Hyperparameter tuning is also performed to ensure the performance of the model.
The technique used to develop the reinforcement learning model is A2C. From the training, loss
and policy entropy are shown in Figure 7-8 and Figure 7-9 respectively. These two values are
expected to be zero when the performance of the model is good. From the figures, the loss is
close to zero when the model has been trained 5,000 times and the policy entropy is close to zero

when the model has been trained 15,000 times.
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Figure 7-8 Loss from A2C model training
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From the hyperparameter tuning, three targeted hyperparameters which are learning rate,

epsilon, and discount factors have the optimized values of 0.007, 1e-5, and 0.99 respectively.

To evaluate the performance of the developed model, the comparison between the field data

and the results from the reinforcement learning model is conducted. The results from the

comparison are shown in Figure 7-10. From the figure, the number of maintenance activities and

defects significantly decreases. For maintenance activities, the use of a reinforcement learning

model can reduce the number by 20.76% or from 963k to 763k. For the number of defects, the

reinforcement learning model can reduce the number by 68.42% or from 520k to 164k. This

indicates that the use of reinforcement learning can improve the efficiency of railway
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infrastructure maintenance by reducing the number of defects while the maintenance activities
are less required. From the preliminary analysis, the current maintenance planning is not efficient
because some track sections with good conditions are excessively maintained while some track
sections with bad conditions are not maintained sufficiently. The use of reinforcement learning
can provide the benefit to deal with this issue by indicating the sections that really need
maintenance. From the results, the number of maintenance activities is reduced by 20% while
they can reduce the defect occurrence by up to 68% which identifies the potential of
reinforcement learning in improving maintenance efficiency. On average, the numbers of defects
are about 2 defects/section and 0.5 defects/section in the case of the field data and
reinforcement learning. The average numbers of maintenance activities are 3.4 activities/section

and 2.7 activities/section in the case of the field data and reinforcement learning.
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Figure 7-10 The comparison between field data and the A2C model
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To provide more detail about the maintenance efficiency improvement, examples of the first 200
sections of the track are demonstrated in terms of the number of maintenance activities, track
geometry defects, track component defects, and total defects as shown in Figure 7-11. The
figures demonstrate both the filed data and results from reinforcement learning. From the
maintenance activities, the number from the field data is constant which is four which means the
maintenance is not done based on the track condition but it follows that typical maintenance
plan. The results from reinforcement learning are a better response to the current condition of
the track. The number of defects is also reduced from the figures. It is worth noting that although
the number of defects from reinforcement learning is higher than the field data in some cases,
the results from reinforcement learning are normally better than the field data. This
phenomenon can refer to the stochastic behaviour in the railway industry in that defect

occurrence is difficult to predict.
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Figure 7-11 Examples of the efficiency improvement in railway maintenance (a) maintenance activities, (b) track
geometry defects, (c) track component defects, and (d) all defects

For the track geometry parameter, superelevation is used as the example to demonstrate the
improvement in track geometry as shown in Figure 7-12. From the railway operator manual, the
threshold of superelevation at level 4 is 16 mm. Superelevation from the field data all exceed the
threshold of 16 mm while the results from reinforcement learning rarely exceed the threshold.
This phenomenon is also found in other track geometry parameters indicating that the use of
reinforcement learning can improve the railway infrastructure predictive maintenance in every

aspect.
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Figure 7-12 Examples of superelevation from the A2C model and field data

From the sensitivity analysis, the results are shown in Figure 7-13. Hyperparameters are plotted
compared to the losses. As mentioned, the losses are expected to be zero which indicates the
good performance of the model. From the figures, it can be concluded that the learning rate
should not be higher than 0.5 and the epsilon should not be higher than 0.01 otherwise the
performance of the model will drop. However, the discount factor does not affect the

performance of the model.
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Figure 7-13 Sensitivity analysis of (a) learning rate, (b) log(epsilon), and (c) discount factor

From the results, it can be concluded that the developed model has the potential to improve the

maintenance efficiency of railway infrastructure. The model can provide a maintenance plan that
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reduces the number of required maintenance activities and defects. The model can save
maintenance costs, the track will have a better condition, and railway operators need less
possession time to perform the maintenance. Railway operators can apply the model or the
concept in this section to their data and prepare the maintenance plan. The model can be used
as the guideline for railway maintenance or the data-driven tool when the data are more
comprehensive and the model is trained by using their data. The model can be further developed
to better reflect the realistic operation such as the limitation of time, cost, and resources for

maintenance.

7.2 Carbon emission reduction for railway maintenance

7.2.1.1 Introduction and backgrounds

This section is an extensive study based on Section 7.1. Different from the previous section, this
section focuses on carbon emission reduction from railway maintenance. Global warming is an
important issue that is prioritized by the world community. Greenhouse gas is one of the causes
of global warming and climate change. It retains the heat from the sun and raises the surface
temperature of the earth which can lead to droughts, heatwaves, rising sea levels, storms, and
loss of biodiversity. This section will select carbon dioxide as a representative of greenhouse gas

because it is the majority of greenhouse gas.

Although the railway system is recognized as one of the environmentally friendly transportation,
it also generates carbon emissions through its activities such as planning, design, construction,

operation and maintenance, and decommissioning. Naturally, the service life of railway projects
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is long so they can generate a significant amount of carbon emission. The carbon emission from
the maintenance stage of railway projects is about 6% of the total carbon emission of the whole
service life [179]. That is the reason why carbon emissions from railway maintenance cannot be
ignored and carbon emission reduction can create benefits in terms of the environmental aspect.
This section aims to develop a reinforcement learning model for reducing carbon emissions from
railway maintenance activities. Different from the previous section that used A2C to develop the
model, this section will explore the potential of PPO. There are studies that identified that PPO is
powerful when the model is more stable compared to other reinforcement learning techniques.
Therefore, PPO will be less sensitive when it deals with data with high uncertainty or stochastic
as the railway system. Less sensitivity also refers to the better capability to deal with changeable
parameters. PPO also requires a shorter time to train although the environment is complicated
which is suitable for the railway system. In addition, PPO is one of the most advanced
reinforcement learning algorithms and it can maximize rewards better although the training

stages are few [180].

The data used to develop the environment and the PPO model are similar to Section 7.1 which is
the field data. The expected contributions of this section are to reduce the number of defects
and required maintenance activities. At the same time, the model aims to reduce carbon
emissions from railway maintenance activities. From the literature review, a study using
reinforcement learning to reduce carbon emissions from railway maintenance activities has not

been done. Therefore, this section aims to fill this research gap and, at the same time, explore
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the potential of reinforcement learning in carbon emission reduction apart from the

maintenance efficiency improvement demonstrated in the previous section.

7.2.1.2 Methodology

This section applies PPO to develop the reinforcement learning model. PPO is developed to
improve the efficiency and stability of the policy gradient method which updates the policy to
maximize the rewards. However, the main disadvantages of the policy gradient method are it is
sensitive to hyperparameters and it requires big samples to train. PPO resolves these issues by
involving a surrogate objective function that is easier to optimize. To make the training more
stable, PPO also includes clipping to limit the change of policy. As a result, PPO is sophisticated

and outperforms other state-of-the-art reinforcement learning techniques [181].

The training process of the PPO model is shown in Figure 7-14. The main components of the
model are similar to Section 7.1.1.2. The main difference is the rewards in this section are
calculated based on carbon emissions and the number of defects. The states consist of 12 states
and there are seven available actions in the action space as in the previous section. Carbon
emissions are calculated based on the carbon emissions created by electricity used for
maintenance and the carbon emissions from material production. Carbon emissions from
electricity are calculated based on the duration of each maintenance activity and machine that
can be obtained from manufacturer manuals. For material production, the carbon emissions are

calculated based on the quantity required for each maintenance activity.
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Figure 7-14 Overview of training process of the reinforcement learning model for carbon emission reduction

The calculation of carbon emissions is shown in Table 7-1. The speed of the maintenance is
considered based on the manufacturer manuals. Carbon emissions from electricity are calculated
based on the speed of the maintenance. In this section, the length of each track section is one
foot. The carbon emissions generated from electricity generation is 0.509 kg CO2e/kW [182]. For
material production, carbon emissions are calculated based on the quantities of each material
required for each maintenance activity. The carbon emissions from the production of ballast,
sleepers (70 kg of concrete), and steel are 3.4 [183], 0.124 [184], and 1.85 [185] kg CO2e/kg

respectively.
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Table 7-1 Carbon emission calculation for railway maintenance

Maintenance Speed Duration Power Energy | CO2e from Type of | Mater CO2e Total CO2e
activities (km/h) for a (kw) consum | Electricity material ial from (kg CO2e)
section ption (kg CO2e) use material
(h) (kWh) (kg
CO2e)
. 56 130.5 6.99E-
Tamping (186] 5.36E-06 [186] 04 3.56E-04 - - - 3.56E-04
I 120.0 4.50E-
Rail grinding 8 [187] 3.75E-05 [187] 03 2.29E-03 - - - 2.29E-03
2,900
Ballast 48 6.256:06 | 5309 | 524, k03 Stone ke | 6.16E-06 | 2.67E-03
cleaning [188] [188] 03
[188]
Sleeper 48 36.0 2.25E-
replacement (189] 6.25E-06 [189] 04 1.15E-04 Concrete 1set 8.68 8.68E+00
Rail 160 20.0 3.75E-
replacement [(190] 1.88E-06 [190] 05 1.91E-05 Steel 0.6m 66.6 6.66E+01
. 2 sets
Fastening (19.48
components - - - - - Steel ké) 36.04 3.60E+01
replacement (191]
Ballast 1491.4 8.95E-
unloading 5[192] 6.00E-05 [192] 02 4.55E-02 - - - 4.55E-02

7.2.1.3 Data and processing

The data used in this section and how they are processed are referred to in Section 7.1.1.3.

7.2.1.4 Results and discussion

The number of iterations set for the reinforcement learning to be trained is 100,000. Figure 7-15
and Figure 7-16 present the loss and policy entropy from the model training. As mentioned, the
expected values of both are zero. If the values are close to zero, it indicates that the model has
been optimized. The figures demonstrate the loss and policy entropy from the first 40,000
iterations that the model has been optimized even though the model is not trained for 100,000

iterations.

Chapter 7 Reinforcement learning for railway maintenance scheduling



Page | 7-30

1000000 L L L

800000 - -

600000 - -

Loss

400000 - -

200000 - -

0 10000 20000 30000 40000

Iteration

Figure 7-15 Loss from PPO model training

Policy entropy

T T J T : T .
0 10000 20000 30000 40000

Iteration

Figure 7-16 Policy entropy from PPO model training
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Figure 7-17 demonstrates the comparison between the results from the field data and the
reinforcement learning model developed using PPO. It can be seen that the use of the PPO model
can reduce the number of required maintenance activities, the number of defects, and carbon
emissions from maintenance activities. For the number of required maintenance activities, the
PPO model can reduce the number of maintenance activities by 48% although the purpose of the
model is defined to reduce carbon emissions. For the number of defects, the PPO model can
reduce the number by 68%. Finally, the PPO model can reduce the amount of carbon emissions
from railway maintenance in the form of material use and electricity by 65%. It can be seen that
the PPO model can improve the efficiency of railway maintenance in every aspect such as

engineering and environmental aspects.
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Figure 7-17 The comparison between field data and the A2C model

A detailed comparison between the field data and the PPO model is shown in Figure 7-18. The
first 200 track sections are presented. As the results found in Section 7.1, the use of
reinforcement learning can improve maintenance scheduling in every aspect. Although some

results from the PPO model are worse than the field data, most of the results from the PPO model
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are better than the field data or the current practice. The overall results from the PPO model

indicate an improvement compared to the field data.
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Figure 7-18 Examples of the efficiency improvement in carbon emission reduction (a) maintenance activities, (b)
defects, and (c) carbon emission
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Figure 7-19 presents the differences in superelevation from the field data and the PPO model.
The superelevation’s threshold is 16 mm according to the railway operator’s manual. The
superelevation from the field data is higher than the threshold in every track while a few from
the PPO model is higher than the threshold. This presents the potential of reinforcement learning
in carbon emission and defect reduction. When comparing the result in Figure 7-19 to Figure
7-12, the results might look similar however carbon emissions are also considered for the result
in Figure 7-19. In theory, the superelevation result in Figure 7-19 should be worse than Figure
7-12. However, PPO is more advanced than A2C used for Figure 7-12 so the superelevation and
other track geometry parameters are not worse than the model considering only defects. In
addition, considering carbon emissions can significantly reduce the carbon emissions in railway
maintenance. Carbon emissions from Section 7.1 when the carbon emissions are not considered
is 10,546,280 kg CO2e while the carbon emissions in this section are only 4,834,360 kg CO2e.
Therefore, addition constraints do not spoil the model performance and some benefits can be

obtained if the model is advanced enough and developed approximately.
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Figure 7-19 Examples of superelevation from the PPO model and field data

The findings in this section will support the decision-making of railway operators in carbon
emission reduction. Moreover, railway operators can also use the developed model to improve
railway maintenance efficiency in terms of maintenance and defect reduction. The model
complexity can be further developed by adding some constraints to mimic the limitations of
different railway projects such as the limited budget and resources. Railway operators can
develop their own models using the concept proposed in this section and use their data to train
the models. They can use the developed models for railway predictive maintenance planning

which has proven that better than corrective and preventive maintenance.
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8 6D BIM and machine learning integration and development

8.1 BIM model development and machine learning integration

BIM is used to store information related to design, quantity, schedule, and railway maintenance
in this thesis. BIM is popularly used and a requirement in many countries due to its benefits. For
example, the UK government requires BIM level 2 in every state project since 2016 [37]. This
thesis will use the benefits of BIM not only in the design but also in the maintenance stages which
can be considered the most dynamic stage because information takes place all the time. To utilize
stored information, machine learning is applied as mentioned. This section presents how to
integrate BIM and machine learning for railway infrastructure predictive maintenance and how
to deploy the developed approach. This section will present how to develop BIM models using
Civil 3D and Ferrovia, how to integrate data and information in the BIM models, how to do
quantity take-off using the BIM software, how to integrate project schedules with the BIM
models using Navisworks, and how to develop GUI to allow users to deploy the developed

approach easier.

8.1.1 Civil 3D

Autodesk AutoCAD Civil 3D will be used to create BIM models in this thesis. It can be used to
create a BIM model by itself as demonstrated in this section. In the beginning, BIM models are
developed as 3D models. Then, information will be included and models are further developed

to meet the aim of 6D BIM models. The additional dimensions of BIM models in this thesis are
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cost and quantity, time or schedule, and maintenance aspects for the fourth, fifth, and sixth

dimensions.

The process of BIM model development starts with creating horizontal and vertical alignments
of railway projects. In this step, different characteristics of railway projects are defined such as
superelevation, intersection, curve, radius of curvature, gradient, and turnout. Horizontal and
vertical alignments are designed based on the geography and topography of project areas. They
have to comply with standards and design codes such as the maximum gradient and radius of
curvature that refer to design speed. Civil3D has a function to select a specific standard that
railway projects need to comply with. The software will detect parameters that do not comply
with the standard and show a warning informing issues. An example of a warning is users have
to input the design speed of the railway project and select a standard they want to comply with.
Then, if the software detects any curves that are toll small compared to the design speed, the
software will show warnings at those curves. After horizontal and vertical alignments are
designed, users need to define sample lines. Sample lines are used to represent crossing sections
along railway routes. The distance between sample lines can be defined. Sample lines are also
used to do the quantity take-off for cut and fill earthwork. Based on the sample line, assemblies
are defined to design the cross-sectional characteristics of the railway routes. The foundation,
track structure, and other components such as rails, sleepers, and retaining wall are defined using
assembly. The last step is to design a corridor that will combine horizontal and vertical
alignments, assembly, and topography to create solid objects. An example of the model created

using Civil3d is shown in Figure 8-1. Until this step, the 3D BIM models are achieved and they can
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be exported to deploy in other BIM software. To do this, all solids are exported as an Industry
Foundation Classes (IFC) file. IFC files can be used in any BIM software as they are standard

formats for BIM. An example of an IFC file of the BIM model is shown in Figure 8-2.

Figure 8-1 An example of a BIM model created using Civil3D

Figure 8-2 An example of a BIM model in the format of an IFC file
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Solids in the BIM models can be integrated with information using property set definitions. This
is the fundamental of BIM models that have the capability to integrate with any information and
are developed for further dimensions. For example, design speeds of the railway route can be
added using property set definitions as shown in Figure 8-3. Information stored in property set
definitions can be added in the models using the schedule as shown in Figure 8-4. It is worth
noting that this schedule is different from the project schedule and the time aspect. The result of

the exported schedule is shown in Figure 8-5.
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Figure 8-3 Property set definitions used to integrate information with BIM models
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Figure 8-4 A command used to add the schedule to the BIM model
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Figure 8-5 Result of exported schedule

The exported schedule can be exported in the form of an Excel spreadsheet file or XLS files as
shown in Figure 8-6 and Figure 8-7. Civil3d has a function to do the quantity take-off for cut and
fill earthwork including volume of material. Therefore, besides earthwork, other components of

railway infrastructure can be taken off such as sleepers, ballasts, rails, and embankments. An
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example is shown in Figure 8-5. The software calculates the volume of earthwork automatically
when positive numbers represent fill earthwork and negative numbers represent cut earthwork.
Until this stage, the BIM models are 4D. To further improve the BIM models to 5D and 6D, the
detail will be demonstrated in 8.1.3 and 8.1.4. Then, cost estimation can be done based on the
guantity take-off by the software. This also reduces the error in the quantity take-off process

because it is not done manually.
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AXIS_O l Isolate Objects
AXIS 0 . Clipboard

Basic Modify Tools
Display Order

Properties...
“gQuick Select...

Update Schedule Table
Edit Table Cell
Add All Property Sets
Selection
Export...
Convert to Table

Select Component

Edit Schedule Table Style...

Copy Schedule Table Style and Assign...

ap)

.
\

[E® Object Viewer...

Select Similar

Figure 8-6 A command to export the schedule to XLS files
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A Export Schedule Table X
Output
Save As Type: Microsoft Excel 2003 (* xIs) v
File Name: Browsol iC:\Users\chiwb\Desktop\Schedule.xI:
Input

Use Existing Table

Schedule Table Style:

Layer Wildcard:
Scan Xrefs

Scan Block References

Figure 8-7 A window for configuring the exported XLS files

8.1.2 Ferrovia

Ferrovia is a software developed by CGS Labs that is used to develop BIM models for railway
projects. The software includes many standards that can be applied to the design. Ferrovia can
be integrated with many BIM software such as Revit, Civil3D, and BricsCAD. To develop 6D BIM
models using Ferrovia, the process starts with importing the terrain data from Google Maps. The
image of the terrain can also be included in the BIM models. Then, Digital Terrain Model (DTM)
is created based on the imported terrain data. DTM can be created in the form of contours,
boundaries, or triangles. The next step is designing the alignment. Design speeds of routes and
gauges are defined in this step. The outcome from DTM and alignment creation is shown in Figure

8-8.
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Figure 8-8 Outcome from DTM and alignment creation

Then, sample lines are created by defining the interval between sample lines as in Section 8.1.1.
Sample lines are used to refer to cross sections and create cross sections along the alignment.
The next step is to design the profile of the railway route. The profile will show the terrain on the
alignment, then designers can create the profile based on the terrain and defined standard. If
there are any issues that conflict with the standard, the software will be shown warnings. An

example of the profile is shown in Figure 8-9.
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Figure 8-9 Outcome from profile creation

After that, cross-sections are created based on the alignment. In this step, railway infrastructure
and components are designed. This is a critical step to define the characteristics of the railway
projects. Some examples of design variation are single track, double track, and tunnels. The
creation of the cross-section is shown in Figure 8-10 to Figure 8-12. In Figure 8-10, the cross-
section is a single track that has only ballast supporting sleepers. In Figure 8-11, the cross-section
is designed to be a double track. More railway components are included such as subgrade,
subbase, and retaining wall. In Figure 8-12, the cross-section is designed as a railway tunnel.

Piping, box, and envelope are included.

Figure 8-10 Cross section of single track
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Figure 8-11 Cross section of double track

Figure 8-12 Cross section of railway tunnels

From this, 3D BIM models can be created as 3D solid as Section 8.1.1 and information can be
included using property set definitions as mentioned. Examples of 3D BIM models are shown in
Figure 8-13 to Figure 8-15. More components can be included such as the overhead catenary
system shown in Figure 8-14. To integrate with other BIM software, the 3D BIM models can be
exported as IFC files. Outcomes from the export are shown in Figure 8-16 to Figure 8-18. Ferrovia
also has the function to perform quantity take-off. It can be done by selecting the target material
and the software will estimate the quantity automatically. Now, the BIM models can achieve the

4D BIM models.
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Figure 8-13 3D BIM model created using Ferrovia for single track

Figure 8-14 3D BIM model created using Ferrovia for double track
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Figure 8-15 3D BIM model created using Ferrovia for railway tunnels

Figure 8-16 IFC file for single track
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Figure 8-17 IFC file for double track

Figure 8-18 IFC file for railway tunnels

The developed BIM models can be extended for further information. Terrain and location can be
included to demonstrate the area of the project as shown in Figure 8-19. At the same time, the
BIM model can show the detail of the component level as shown in Figure 8-20 to Figure 8-24. In
addition, the developed BIM models can be combined with other BIM models to demonstrate
the wider view of the BIM models such as BIM models of other buildings to develop the BIM

model at the city level as shown in Figure 8-25.
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Figure 8-19 BIM model with included terrain

Figure 8-20 BIM model of the rail

Chapter 8 6D BIM and machine learning integration and development



Page | 815

Figure 8-21 BIM model of the base plate

Figure 8-22 BIM model of the sleeper

Chapter 8 6D BIM and machine learning integration and development



Page | 816

Figure 8-23 BIM model of the ballast

¥

Figure 8-24 BIM model of the retaining wall
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Figure 8-25 BIM model at the city level

8.1.3 Navisworks

To develop 4D BIM models into 5D BIM models, the project schedule or time aspect is included
in the BIM models. In this thesis, Navisworks is used to achieve the aim of 5D BIM models. As
mentioned, objects in the BIM models are modelled as solids. Each solid is exported to IFC files
for further deployment. The IFC files can be imported to Navisworks when each solid is
independent. Therefore, they can be scheduled according to the construction or maintenance
plans. To facilitate the workflow, Navisworks allows users to synchronize the schedule and
incorporate it with other schedule software such as Primavera P6 or Microsoft Project. The

progress of the schedule can be monitored and animation of the progress can be visualized. An
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example of a BIM model integrated with Navisworks is shown in Figure 8-26. Until this step, the

BIM models are 5D.

Autodesk Navisworks Manage 2021  plan.nwf Type a keyword or phrase an

nfigure | Si
(S B[] (Bre [ [ 2 (2[5 [55 [B] EEIBE) =~ O wl2[e-
‘ 2018 | 2019 | 2020 | 2021 | 2022 | 2023 2024 2025 2026 2027 2028
Active Name Status | Planned Start | Planed End | ActualStart | AchalEnd | TaskType | Attached
Hi | H2 | M1 | H2 | Wy | W2 [ W1 | W2 | W1 | W2 | WL | M2 | W1 | W2 | W1 | W2 [ Wi | M2 | H1 | W2 | H1|
» 40_3D_MODEL_CRUSHED_STO., = 26-Jan-43  26-Jan-43  N/A N/ Construct  Explcit Selectic o
[l 40_3D_MODEL_CRUSHED_STO.. == 27-Jan43  27-Jan43  Nja /A Construct  Explcit Selectic
B 40_3D_MODEL_CRUSHED_STO.. == 28-Jan43 28343 N/A /A Construct  Explcit Selectic
[ 40_3D_MODEL_CRUSHED_STO.. = 23-Jan-43 29143 /A N/ Construct  Explit Selectic
[ 40_30_MODEL_CRUSHED_STO.. == 30-Jan-43 300143 NjA M/ Construct  Explct Selectic
] 40_3D_MODEL_CRUSHED_STO.. == 02Feb-43  02Feb-43  N/A /A Construct  Explcit Selectic
0 40_3D_MODEL_CRUSHED_STO.. = 03Feb-d3  03Feb-dd  N/A N/ Construct  Explct Selectic
0 40301 CRUSHED_STO.. = 04Feb-43  04Feb-a3  N/A /& Construct  Explct Selectic “
gt 2 i s e ccean  ccedan un wi it Bt A e e =

Figure 8-26 A BIM model integrated with Navisworks

8.1.4 Dynamo and VBA for data integration

To develop the 5D BIM models to 6D BIM models, maintenance aspect information is added.
From Sections 5 to 7, there are many parameters related to the maintenance aspect. They can
be integrated with the BIM models. However, the integration has to be done carefully otherwise
the size of the BIM models will be too big and not suitable for deployment. From the test, the
preliminary suggestion is independent numbers such as speed and weight of rolling stock, track

geometry parameters, or defects can be stored in the BIM models directly. However, time-series
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data or sequence data such as ABAs are not suitable for being stored in the BIM models directly
because the size of the data themselves is large and they will make the whole BIM models even
larger. Therefore, it is suggested to integrate this kind of data in the form of hyperlinks instead
as shown in Figure 8-27. From the figures, it can be seen that the independent information can
be stored in the BIM models directly such as defects and speed. However, ABAs are integrated in
the form of hyperlinks. Hyperlinks are used to indicate the locations of information or data. They
can be a local repository, online server, or cloud. The solid objects also link with the hyperlinks
as shown in Figure 8-28.

PROPERTIES

3D Solid

DOCUMENTATION
Hyperlink B 2A-RT.csv
Notes =]
Reference docu... B (0)

PROPERTY SETS

CGS
Axis AXIS_0
Code
Defect(s) No defect
End station 0+40.00
Hyperlink 2A-RT.csv
Layer {
Material RAIL
Speed 40
Start station 0+20.00
Vibration E:\0O PhD\Data\Data from D-Track\2...
Volume .16
Weight 40

Figure 8-27 Examples of data integration in BIM models
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[-1[SE Isometric] 2D Wireframe]

2A-RT.csv
P | CTRL + click to follow link

3D Solid

Color O ByLayer
Layer 40_3D_MODEL RAIL section32
Linetype Bylayer

Figure 8-28 Hyperlink stored in BIM models to contain time-series data

When the property set definitions are defined to suit the purpose of BIM models, BIM models
are ready to be integrated and able to store information. To perform the integration, Autodesk
Dynamo is used. Dynamo is a visual programming software that allows users to create designed
workflows for BIM used in different software such as Revit or Civil3D. It is useful for users when
they need to perform repetitive tasks or automate workflows including data analysis. For BIM
models that have not been designed for information integration in the first place, information
tends to be outdated. To update these outdated BIM models and integrate information,
additional property set definitions have to be added to the BIM models to allow additional
information to be added. Then, the BIM models can represent the real system due to new

information from data collection.
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The advantage of Dynamo is it provides a visual interface for creating a workflow. Sub-functions
are in the form of blocked scripts that are connected with other scripts. Therefore, users can
obtain benefits from this function because they do not need to code to create workflows. An
example of a Dynamo application is demonstrated in Figure 8-29. The workflow is used to export
values in property set definition to CSV files. These exported CSV files can be used for data

analysis by railway operators or training machine learning models.

Dump Property Set
Values to CSV

INPUT

[0] folderpath : string
[1] pset_name: string

OUTPUT

[0] Result

REMARKS

If the folder does not exist, it will create it.
The JSON file will have the name of the property set.
If the name is null, it will export all property sets

Directory Path
Browse... >
(C:\Users\chiwb\Desktop

PropertySet Name
CGS

Python Script
IN[0] | +
IN[1]

- out

Figure 8-29 Dynamo for exporting property set values

Python script can be included in the Dynamo workflow as shown in Figure 8-30. Therefore, the
flexibility of Dynamo is high and can be used to facilitate BIM and machine learning integration.
For further data analysis, VBA can be used. An example of a VBA application is shown in Figure
8-31. The code is used to include hyperlinks in BIM models to store time-series data in the BIM

models.
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WORK_FOLDER = r'C:\ProgramData\Autodesk\C3D 2621\Dynamo\samples\Data\AutoCAD"

len(WORK_FOLDER) >
sys.path.append (WORK_FOLDER)

pset.pset_utils dump_ps_values_csv

folderpath = IN[0]
pset_name = IN[1]

folderpath is None:
OUT = fn.__doc__

os.path.exists(folderpath):
os.mkdir (folderpath)

fn(folderpath, pset_name)
OUT = True

P Run

0s.path. exists(WORK_FOLDER):

fn

Revert

Save Changes

Figure 8-30 Python script for exporting property set values

Sub A_CopySpeedAndWeightToBIM()

Application.Calculation = xlCalculationManual
Application.ScreenUpdating False
Application.EnableEvents False

Dim ¢ As Long
Dim x As Long
Dim y As Long

x = 102
y=1
For ¢ = 1 To 5000
If Left(Workbooks ("PropertySet_CGS.csv") .Worksheets ("PropertySet CGs").Cells(x, 11), 24) = "40_3D_MODEL_RAIL section" Then
Workbooks ("PropertySet_CGS.csv") .Worksheets ("PropertySet_CGS") .Cells(x, 8) = Workbooks ("simplified data.csv").Worksheets("simplified data").Cells(y,
Workbooks ("PropertySet_CGS.csv") .Worksheets ("PropertySet_CGS") .Cells(x, 9) = Workbooks("simplified data.csv").Worksheets("simplified data").Cells(y,
Workbooks ("PropertySet_CGS.csv") .Worksheets ("PropertySet_CGS").Cells(x + 1, 8) = Workbooks("simplified data.csv").Worksheets("simplified data").Cell
Workbooks ("PropertySet_CGS.csv") .Worksheets ("PropertySet_CGS") .Cells(x + 1, 9) = Workbooks ("simplified data.csv").Worksheets("simplified data").Cell
Filename = "E:\00 PhD\Data\Data from D-Track\20201103 Dipped joint and settlement\D-Track report\" & y & "A-RT.csv"
Workbooks ("PropertySet_CGS.csv") .Worksheets ("PropertySet_CGS").Cells(x, 10) = Filename
Workbooks ("PropertySet_CGS.csv") .Worksheets ("PropertySet CGS").Cells(x + 1, 10) = Filename
Workbooks ("PropertySet_CGS.csv") .Worksheets ("PropertySet_CGS") .Cells(x, 12).Hyperlinks.Add Anchor:=Workbooks ("PropertySet_CGS.csv") .Worksheets ("Pror
Workbooks ("PropertySet_CGS.csv") .Worksheets ("PropertySet CGS").Cells(x + 1, 12).Hyperlinks.Add Anchor:=Workbooks ("PropertySet CGS.csv").Worksheets ('
x=x+2
Y=g b L
Else
x=x+1
End If
If Workbooks ("PropertySet CGS.csv").Worksheets ("PropertySet _CGS").Cells(x, 1) = "" Then
Exit For
End If
Next ¢

x1CalculationAutomatic
True

rue

Application.Calculation
Application.ScreenUpdating
Application.EnableEvents

End Sub
|

Figure 8-31 Example of VBA application for including hyperlinks in BIM models

When the CSV files containing property set definition values are updated, they can be used to

update the values in the BIM models. Figure 8-32 demonstrates the Dynamo workflow for
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updating the values in property set definitions and Figure 8-33 demonstrates the Dynamo

workflow for including the hyperlinks of time-series data in BIM models.

Update Property
Set Values by CSV

INPUT

[0] csvpath : string
[1] pset_name: string

OUTPUT

[0] Result

REMARKS

The CSV must contain a column namen "Handle".
The properties that are read-only will not be
modified.

csvpath and Pset name are mandatory.

Browse... >

(C:\..\chiwb\Desktop\PropertySet_CGS.csv

PropertySet Name

Asset Information >

Figure 8-32 Dynamo for updating property set values

File From Path

Data.importExcel

All Objects of Type
ype Object])

block

amount
ObjectExtensions.AddHyperfink

Figure 8-33 Dynamo for including hyperlinks in BIM models
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From this, it can be seen that the application of Dynamo is flexible and can be used for various
purposes. For example, it can be used to create a notification system when machine learning
models predict the occurrence of defects in railway infrastructure. Figure 8-34 presents the
Dynamo for creating the notification system. The property set values in terms of defects from
machine learning models are used to detect defects. Dynamo is used to identify the railway
components that have defects and change the colour of those components. Figure 8-35 presents
the BIM model when there is no defect detected and Figure 8-36 presents the BIM model when
Dynamo can detect defects in the BIM model. This is an additional system to facilitate railway
operators besides the data in the tabular form as CSV files for detecting defects or other data

analysis.

Object.SetColor

ObjeCtsByProperty / ObjeCt > ObjeCt
document Objectl] color >

Document.Current

Document
AUTO

propertySetName AUTO

propertyName
propertyValue

Color.ByARGB

valueOperator

Code Block
"CGS"; >
"Defect"; >
"Defect”; >
"Contains"; | >

Figure 8-34 Dynamo for creating the notification system when defects are detected
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PROPERTIES

3D Solid

DOCUMENTATION
Hyperlink
Notes
Reference documents
PROPERTY SETS
CGS

Axis AXIS_0 )
Xis | o “‘li\\‘_\

Code = LY \
Defect Defect \\\‘ =
End station 1+57.62 \\\ \

WEIGE] RAIL

Start station 1+40.00

Volume 14

Extended Data

S

PROPERTIES

3D Solid

DOCUMENTATION
Hyperlink
Notes

Reference documents

PROPERTY SETS
CGS
Axis
Code
Defect
End station
Material
Start station

Volume

Extended Data

-

\ C aml
—

Figure 8-36 BIM model when defect detected
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In conclusion, BIM and machine learning can be integrated and exchangeable using the
developed approach. The summarized workflow can be shown in Figure 8-37. First, data related
to the maintenance aspects are collected through inspection using different methods. Then, data
are prepared and processed to make sure they are in forms that are suitable for being stored in
the BIM models. Processed data will be saved in the local repository, servers, or cloud depending
on the organization. These data are linked with the BIM models with the support of VBA and
Dynamo as mentioned. However, the BIM models will have the capability to store information or
data when they are designed and developed in the beginning stage. This is conducted using
property set definitions available in the BIM models. Then, data stored in the BIM models can be
utilized for machine learning and other data analysis by using Dynamo and Python to export data
in the form of CSV files. Exported CSV files containing data are processed for training machine
learning models for different purposes as mentioned in the previous chapters of this thesis.
Besides training, this step is used to include predictions from machine learning in the BIM models
to inform railway operators about defects and required maintenance activities. The predictions
can also be included in the BIM models. This is the overall process to integrate BIM and machine

learning for railway predictive maintenance.
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Figure 8-37 Workflow for BIM and machine learning integration

8.2 GUI development for deployment

To make the deployment of the developed approach easier, GUI is also developed to facilitate
users who are not familiar with Python code. The process starts with saving the trained models
in the form of H5 files. When the machine learning models are trained and ready for deployment,
H5 files can be used as pre-trained models otherwise machine learning models have to be trained
again every time. H5 files are one of the popular formats that can be used to save the pre-trained
models. H5 files contain the architecture, weights, and compile information of the trained
models. The pre-trained models can be deployed easily and quickly by importing the models
through H5 files. This section will use H5 files to save and load pre-trained machine learning
models to shorten the time when railway operators need to use the developed machine learning

models.
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The next step to develop the GUI is selecting a Python library that will be used. In this thesis, the
Customtkinter package is used to develop the GUI. It is one of the popular libraries that is widely

used to develop GUIs for different purposes.

To use Python to develop the GUI using Customtkinter, the process starts with importing the
Customtkinter module. Then, the main window is created. In this window, all elements of the

GUI are contained. Additional windows can be created using the toplevel function.

Different components of the GUI are called widgets in Customtkinter. Examples of available
widgets are buttons, labels, checkboxes, entries, frames, and radio buttons. To add different
widgets to the main window, they have to be defined first. Different properties of widgets can
be adjusted and defined depending on the types of widgets. Examples of widgets’ properties are
colours, sizes, fonts, and commands. However, widgets will not be added to the main window

until they are positioned.

To position the widgets, many methods can be used such as pack, grid, and place. For the pack,
the widgets will be added automatically in order. Therefore, it might be difficult to position the
widgets according to the GUI design. The place function is used to specify the exact locations of
the widgets in the main window. Therefore, it is easier to organize the locations compared to the
pack function. However, it starts being complicated when there are many widgets and they are
all needed to be positioned manually. This section will use the grid function because it can
compromise the ability to organize and the simplicity of the organization together. The grid

function determines the positions of the widgets in the form of rows and columns.
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When all widgets are defined and positioned on the main window, the design of the GUI is
complete. However, to make the developed GUI works, commands of different widgets have to
be defined. For example, some buttons are used to run different models while some are used to

select inputs or display the results.

The result from the GUI development is shown in Figure 8-38. The first part is used to select the
available data. The available data will define which models or functions can be used given the
available data. The disable and enable functions are used as commands to allow and not allow to

use of different functions in the GUI.

B

gl Description
Available data

B

il Description

gl Description

B

il Description

B A

gl Description

E

gl Description
(0] Maintenance records

B

gl Description

(O oo ctinspoction . =

B

ipport iction il Description

B

Wheelbur localization &l Description

B

UNIVERSITYO!
BIRMINGHAM

Models require track geometry measurement and track design

Track component defect detecti ck geometry gl Description

Models require track geometry measurement and maintenance records

Figure 8-38 The GUI developed by using Customtkinter

When the available data are selected, the support functions will be available as shown in Figure
8-39. The buttons’ design is performed to clearly demonstrate the available function by changing

colours.
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gl Description ) Open output il chart
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il Description ) Open output il chart
(0] Track component defect inspection s ? gl Descrpion € openoutput afl onan

Tumout s jon gl Description ) Open output il chart

Wheelburn localization gl Description 2 Open output il Chart

UNIVERSITYOF
BIRMINGHAM

Models require track geometry measurement and track design

k geometry gl Description

Models require track geometry measurement and maintenance records

Figure 8-39 Function enabling when available data are selected

Descriptions of the machine learning models’ functions are added to describe the function of
each machine learning model. An example is shown in Figure 8-40. The description windows are
created using the toplevel widget. It is used to create additional windows from the main window.

Figures and descriptions as the texts can be added to the toplevel window as labels.

Wheelflat detection and severity classification

Wheelflat detection

A wheelflat is a defect in a wheel that results in a flat spot

on its tread, often caused by excessive braking or
slipping. This can lead to vibration and noise in the rail
system, and can cause excessive wear to both the wheel
and the rail. If left unaddressed, wheelflats can also affect
the safety of rail operations.

Figure 8-40 An example of a description of machine learning models’ functions
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When available data are selected, inputs can be selected to run the pre-trained machine learning
models. For the machine learning models that use the same inputs, all machine learning models
will be run at the same time to save time. Then, individual reports and charts can be selected to
be shown in Figure 8-41 and Figure 8-42 respectively. To run the pre-trained models, the GUI will
load the saved pre-trained models using H5 files as mentioned. The reports are saved as XLS files

or Excel spreadsheets.

Available data Models require axle box accelerations 5 Selectinputs

&l chart
g chart
&l chart
&l chart
&l chart
gl Chart
&l Chart
i chart

gl chart
UNIVERSITYOr

BIRMINGHAM Wheelb 3 Openou &l chart

! outputil wheelflat [ &) (1 E— D)
- & [ E——— -

Figure 8-41 An example of reports from pre-trained machine learning models

For the charts, Matplotlib is used to display the charts. The types of charts can be defined such
as scatter plots or line charts. To make the charts can better display the results from the machine
learning model’s predictions and allow users to display the interesting range or track locations,
the function used to adjust the range of the x-axis is added as shown in Figure 8-42 and Figure

8-43. The minimum and maximum range of the x-axis can be adjusted by inputting the target
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values. This can be done by using entry widgets from Customtkinter. Entries are used to receive
the values for further processing. However, Customtkinter and Matplotlib do not have the
function to adjust and replot the charts. Therefore, an additional step is added to the plot button.
The plot button is used the start the process of replotting. It will get the values from the entries
of minimum and maximum ranges of the x-axis. Then, the charts will be deleted and the new
ranges are used to display the new charts with new ranges. The charts can be saved as PGN files
by clicking the save figure button which has the function to save the chart by selecting the
locations of the saved figures. Last, the machine learning models are linked with the BIM models.

The button to open the BIM model is also included at the top of the main window.

_

Relationship between Station (m) and Wheelflat severity

Severe wheelflat {a® o

Moderate wheelflat NI @

Wheelflat severity

Light wheelflat -» cEIT—————— © L J

No wheelflat -—

0 500 1000 1500 2000 2500 3000 3500
Station (m)

Min Range of X axis

Max Range of X axis

Plot

Save figure

Figure 8-42 An example of charts from pre-trained machine learning models
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Figure 8-43 Result from adjusting the range of the x-axis

The developed GUI for deploying integrated BIM and machine learning can provide a user-
friendly experience for users. It can improve accessibility for users who are not familiar with
coding. The developed GIU can also improve productivity even for users who are familiar with
coding because they do not need to edit the code manually which can help reduce human error
and save time for debugging. Other contributions of the developed GUI are it can improve
visualization. The outputs from the machine learning models can be displayed as charts and
reports which are easy to understand by users with different backgrounds in the railway system

and machine learning. The GUI can be used as the framework that can promote collaboration.
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Additional functions can be added to the developed GUI. Therefore, railway operators or
software developers can further develop machine learning models and added to the GUI to
increase the capability of the software. It can be concluded that the developed GUI can be used
by users who have different backgrounds and skill levels which is characteristic of the railway

system that required multi-discipline knowledge to operate the railway system.
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9 Machine learning and BIM model deployment

This section presents how to deploy the developed approach for the integration of BIM and
machine learning. In the previous section, BIM models are developed to support the integration
with machine learning models. At the same time, machine learning models for different purposes
are trained and ready for deployment. There are different options for the deployment which will
be described in this section. They all have different advantages and disadvantages. Railway
operators have to consider each option and choose the options that are most suitable for their

application.

9.1 Python code

The first option is to deploy the developed approach using the Python code directly. Therefore,
there is no additional step for converting or processing the developed software. The developed
software can be used offline or online. For example, VS code can be used to run the code directly
as the development platform. Another option is uploading the code to online platforms such as
Google Colab which might have more powerful computational hardware and the developed

software can be shared with other users.

The advantages of this option are:

e |t is easy to use for both developers and users who are familiar with Python codes.
Developers do not need to convert the codes and be able to use the codes as they are

developed. Users can also see the detail of the codes and understand how the codes work.

Chapter 9 Machine learning and BIM model deployment Introduction



Page | 9-2

At the same time, users can edit the codes to suit their needs and add more functions or
modify the codes to obtain the functions they need.

The implementation is fast because Python is fast to comply with compared to other
languages.

This option provides more flexibility than other options because the codes can be
modified to support new data or edit models’ architecture. Therefore, any users can be
developers themselves when they need to deal with new problems.

Python codes can be deployed on any platform such as Windows, Linux, or macOS.

Therefore, any user can technically deploy the developed software.

The disadvantages of this option are:

Additional installation is required for setting up the environment. Python codes require
specific libraries to run the codes. In some cases, specific versions of different libraries are
limited to make the codes runnable. Therefore, it is sometimes challenging for users to
perform complex installations.

Python codes can be security risks because they can be easily accessed and modified.
Therefore, it can be risky if the shared Python codes are not protected and monitored
properly.

Limitation about the scalability of Python codes is one of the concerns. This is because
normally Python codes have limitations in execution speed and memory management.
Therefore, the deployment may be slow when the computational hardware is not

powerful enough.
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e Python is one of the most dynamic languages. Related packages and libraries including
the language are changeable. Therefore, the codes have to be updated regularly. The
debugging is challenging due to the mentioned reasons so it is difficult to identify and

correct errors, especially for users who are not familiar with the codes.

9.2 EXE

The second option to deploy the developed approach is converting the code to the EXE file. This
can be done by using the supported Python libraries such as Pylnstaller or Auto Py to Exe. The
libraries will convert the Python codes to EXE files that are easier to execute. This thesis uses
Auto Py to Exe library to generate the EXE file because the library provides the GUI to make it
easy to convert the code and understandable different settings. However, the GUI in this thesis
is developed using Customtkinter which there are some limitations and requires additional steps
and requirements. First, the onefile option is not useable because the Customtkinter library
includes Json and Otf files. Therefore, the converting needs to use onedir option instead. Second,
the Customtkinter directory has to be added along with the converting process otherwise the
concerted EXE file will not be able to execute. This is because Auto Py to Exe library does not

automatically merge related Json files properly.

The advantages of this option are:

e There are no required additional or complex installations. Therefore, it is easy and
convenient to distribute the developed software to any user. The EXE file is also easy to

use and does not require coding skills.
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The EXE includes all necessary libraries and packages so the installation is easy. In
addition, it can be ensured that users can definitely deploy the developed software.
The security is better than the Python codes because the EXE file is digitally signed and
encrypted. Therefore, no one can edit the code when it is converted to the EXE file.
The EXE file can be run on different platforms such as Windows, Linux, and macOS.

Therefore, it guarantees that every user can deploy the developed software.

The disadvantages of this option are:

Flexibility is limited because the EXE file cannot be modified easily. It cannot be used to
train machine learning models using new data or new models’ architecture.

Limitation about the scalability of Python codes is one of the concerns. This is because
normally Python codes have limitations in execution speed and memory management.
Therefore, the deployment may be slow when the computational hardware is not
powerful enough.

Debugging options are limited due to less flexibility. In cases of errors, it is difficult to
debug and modify the codes. Therefore, users will not be able to analyze the errors
efficiently.

The conversion can be complex because the creation of EXE files is more complex than
deploying the developed software using Python code directly. Especially, the developed

GUl in this thesis requires additional steps to convert the PY file to the EXE file.
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e Thesize of the EXE files and their related files can be large based on the necessary libraries
including in the Python codes. The complexity and number of the machine learning

models also affect the sizes of the EXE files.

9.3 Replit

The third option is Replit. It is a cloud-based integrated development environment (IDE) where
the Python codes can be modified and tested. It also supports other languages besides Python
such as JavaScript, Ruby, and more. Therefore, it can support that collaboration between
different parties using different platforms. Moreover, this can be done in real-time. Replit
provides a hosting service so developers can deploy the codes and apply the codes directly and
it can be used through browsers. Therefore, it is easy to deploy the developed approach. It can
also be integrated with GitHub which allows developers to manage the code repositories easily.
One of the main advantages is developers do not need to install any packages and libraries which
can be complex and time-consuming. By this, users can deploy the developed approach easily
because they do not need to have a coding background. At the same time, developers can still
access the codes. However, it requires access through the internet so there might be some
limitations when the internet is not available. It can be seen that Replit is one of the most

powerful and versatile platforms for deploying the developed approach.

The advantages of this option are:

e Replit is a cloud-based development environment that can be accessed easily as long as

the internet is available.
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e Collaboration is promoted using Replit because many developers and users can access
and work on the codes simultaneously.

e Replit supports different languages including Python that is used in this thesis. Pre-
installation can be done by experienced developers in the first place. Therefore, it can
reduce the complexity of the deployment when users need to deploy the software or
developers want to modify the codes. It can save time and effort in managing the
software.

e [tiseasyto deploy even for users who do not have any background in coding. Therefore,
it is suitable for staff in the railway industry that have different backgrounds and skill

levels.

The disadvantages of this option are:

e The computing resources are limited compared to local machines or other online
platforms such as Google Colab. The deployment might be done with difficulty when the
machine learning models or software are complex.

e Hardware configurations can be controlled with limitations because Replit is an online
platform. Developers do not have the option to upgrade the hardware and infrastructure.

e The deployment can be accessed using web browsers only. Therefore, the configuration
is limited.

e large datasets may not be suitable for this platform because the storage is limited. In
addition, uploading large files or datasets can be time-consuming because this platform

is could-based.
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10 Conclusions and recommendations

10.1 Research findings

This thesis aims to integrate BIM and machine learning for railway infrastructure predictive
maintenance. The results from the study demonstrate the potential of the integration of BIM and
machine learning in many aspects and the developed approach can revolutionize the procedure
in the railway industry and develop the railway organization to be the data-driven organization
that the decision-making is done based on the data and is not affected by human biases and
errors. BIM can be used to create a digital model for railway projects that can be used for the
whole service life of railway projects. In this thesis, BIM models are developed to meet the
requirement of 6D BIM models that contain the information of physical information, time, cost,
and maintenance aspect. At the same time, machine learning can utilize the information stored
in BIM models for further analysis and railway predictive maintenance. The integration of BIM
and machine learning can improve maintenance efficiency, accurate decision-making, reduce

maintenance costs, reduce possession time, and reduce carbon emissions.

For the BIM technology, BIM can be used to create digital models for railway projects so that the
models’ detail can be adjusted according to the needs of the application. For example, BIM
models can be integrated with building BIM models to demonstrate the overall landscape of the
city level when buildings and railway projects are integrated. On the other hand, BIM models of
railway projects can be modelled in detail to include the detail of railway infrastructure

components such as rails, sleepers, rail pads, ballast, OCS poles, retaining walls, pipes, or bolts.
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Each component of BIM models can contain information or data related to each component and
this information and data can be used further for asset management to improve management
efficiency. This information and data can also be used to train machine learning models that are
developed for different purposes such as defect detection, defect severity classification, defect

localization, or maintenance schedule preparation as demonstrated in this thesis.

Machine learning is a part of artificial intelligence that can be used for different purposes. In this
thesis, machine learning is used to develop predictive models for different purposes as
demonstrated. One benefit of machine learning is it can detect hidden patterns in data that
humans cannot recognize. Unsupervised learning and reinforcement learning are examples that
clearly confirm this statement. Because BIM models of railway projects can store a lot of data,

machine learning is a tool that can create advantages from those data.

The integration of BIM and ML for railway infrastructure predictive maintenance offers several
benefits. One of the key advantages is increased efficiency and accuracy in detecting and
predicting maintenance needs. By using digital models of infrastructure assets, maintenance
needs can be identified more quickly and accurately, reducing the time and resources required
for inspection and repair. This can help reduce downtime, increase asset utilization, and improve

overall productivity.

Machine learning can improve the efficiency of railway predictive maintenance in different
aspects as demonstrated in this thesis. It can be used to identify defects and schedule

maintenance. At the same time, railway operators can prioritize critical maintenance because
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machine learning models are also used to evaluate the severity of defects. Good predictive
maintenance can reduce maintenance costs because defects be managed better and light defects
required lower costs compared to severe defects. Railway operations are also less interrupted
because maintenance is planned and known in advance. The risk of failure and accidents in the

railway system is also reduced because the railway infrastructure is regularly monitored.

Overall, the reliability, availability, maintainability, safety, and sustainability of the railway system
will be improved using the integrated approach of BIM and machine learning developed in this
thesis. The railway infrastructure can be maintained more efficiently, accurately, and cost-

effectively.

10.2 Recommendations for future research

For the recommendations for further research, they can be concluded as follows:

1. More sensors and data collection can be considered to explore their suitability of them
for railway predictive maintenance.

2. Advanced machine learning techniques can be tried to see whether they can improve the
performance of the prediction.

3. Standards and specifications for integrating BIM and machine learning can be further
studied and defined as the guideline or standards for the railway industry.

4. The level of detail for BIM models should be considered to define the optimum detail of

BIM models which is sufficient and, at the same time, not excessive.
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Related procedures for integrating BIM and machine learning can be developed such as
data collection, data processing, and model validation to standardize the procedure of
integration.

Extend the application of BIM and machine learning for other applications such as whole
life cycle management, asset management, risk management, and safety management.
Collaborate with railway infrastructure stakeholders to evaluate the developed approach
and improve it to meet requirements.

For the environmental aspects, more detail related to extreme weather events such as
landslides and heat waves can be included.

Applications of augmented reality (AR) and virtual reality (VR) can be included for better
visualization and interpretation of BIM and machine learning integration.

Other information technologies can be included such as loT, blockchain, and cloud
computing.

Explore the requirement of reskilling and upskilling for the implementation of the
integrated BIM and machine learning approach for railway infrastructure predictive
maintenance.

Additionally, assess the environmental aspect such as considering other greenhouse gas
besides carbon dioxide.

Increase the complexity of the machine learning models by including limitations and
constraints such as the limited resources and time for railway maintenance.

Evaluate the economic, social, and environmental benefits that the railway industry

obtains from the use of the developed approach.
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15. Explore the feasibility to apply the developed approach to other systems such as roads,
bridges, or airports.

16. Explore the environmental effects of the use of the developed approach because some
studies indicate that the use of machine learning requires more energy which also creates

carbon emissions.
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