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ABSTRACT

Understanding the deterioratidd@haviorof crossties (also known as railroad ties or
sleepers) is of paramount importance due taribgr safety concerns associated with

their failure Studies have been conducted to asséss degradation and their
maintenance planning considering different parameters: tonnage, climate conditions,
type of tracks, frequency of trainend degree ofcurvature,among others. However,
very few studies determined the relation b
and that of its adjacent ties.

Degradation rates of adjacent ties are interconnected and interact in a dynamic manner
over time.On track, ties have differewonditionswhich leadso an imbalanced load
distribution as crossties deteriorate, more load is exerted on their adjacent ties, causing
them to degrade faste€onsequently, as these adjacent ties deteriorate as well, their
capacity to withstand additional loads diminishes, resulting in the transfer of more load
to nearby ties, accelerating their degradatibime workperformedin this PhD thesis
investigates this complex dynamic interaction between changing crosstie condition over
time (through degradation and replacement) and the support it provides to adjacent

crosstieslIn fact, he objective is to use a theedyiven machine learning framework
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incorporating real data to understand, model, and predictteadsgradation behavior
andthe corresponahg crosstie life under actual iield conditions

Using different machine learning techniques, tie degradation trends were investigated
to not onlydetermine the dynamic impact of adjacent support condition on a center tie,
but to alsoquantify the load distributioneffect over time. Then, using automated tie
inspection data, theory was integrated into the machine learning framework using three
key approaches: constructinthe model's architecture in accordance with a
comprehensive mathematical formulatiom ensue it adheres to tie degradation
mechanismsdesigning a loss function that aligns with the underlying tie degradation
trends,in addition totheoryguided calibration of the tie conditianput data. The
established framework all@d for the useof real tie datasupported by weltlefined
railroad engineering relationshipw® forecast the tie condition as a function of its
adjacent ties and their corresponding degradation rates over time

Theory GuidedMachine learning models were developed with the domain knowledge
from an engineerinpased Bear®On-ElasticFoundation track model with variable
local stiffness. The models were able to determine the load variation and associated rate
of degradation on a g&n crosdie, based on the condition of both the crbestself

and that of the adjacent ones. Using three years of railroadt@essspection data,

the resulting models forecast the fouytrar condition

The modelsshowed excellent correlation with the test data set, exhibiting strong
performanceindicators, and outperforming more conventional traditional neural

networks.They also accurately represedtie degradation behavior and effectively
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captured the complex dynamics introduced by tie replacements, suggesting that the
incorporation of domain knowledge into the machine learning model leads to

demonstrably better tie life prediction results.
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Chapter 1

INTRODUCTION

1.1 Background

The United States' economy depends significantly on railroad freight transportation
networks across multiple levels. Since the 19th century, railroads played a crucial role in
the development and expansion of the United StHtgg2]. The railroad industry
transformed transportation, commerce, and communication in the country, leading to
significant economic andocial changeR3]. It encouraged economic growth by creating
jobs, stimulating manufacturing, and boosting trgtle It also allowed for the efficient
transportation of goods, leading to increasing production and reducing costs for businesses.
Railroads have helped the growth of different industries like steel angb¢o&he huge
social and economic benefits can be seelay, helping tomaintain the competitiveness
of American industries and trade internationally. In fact, railraadgearound onehird
of U.S. exports by volumg].

As the railroad industry continues to be a vital part of the nation's development and
industrialization, maintaining a solid and efficient railroad network becomes a\Witist
the progress of technical, and scientific knowledge in the railroad field, different

technologies have been applied to advance almost every aspect of the rail operations



including safety, and maintenance activities. These technologies include advanced data
analytics and automated inspections among otffrére/hich have been widely used to
model the track and provide meaningful information as to when and where maintenance
activities should occur. In fact, automated crossties inspections have provided substantial
improvement to railroad components maintenandanmng, specifically crossties
maintenanc¢s].

Crossties (ties, or sleepers) represent a major component of the railroad
infrastructure. They serve as the backbone of the railway system, providing the essential
support and stability required to keep the trains running smoothly. Their various functions
include, but are not limited to, supporting the track, distnitgdind dissipatig the load,
as well as heipg to maintainthe gauge.

Their degradation and failure represent a considerable issue to the railroad
stakeholders as it directly affects maintenance costsrapdrtantly safety and safety
related derailments. According to the Federal Railroad Administration, from 2018 to 2021,
297 train accidents were caused by a wide gage due to defective or missing crossties (FRA
code T110), making it the 3rd highest causeéerms of number of incidents (all causes
included), while the total reported damage was over 23 million dollars, making it'the 4
most costly accident cause in the Track causes category. In addition, 34 train accidents
were cause directly by defectivemissing crossties (FRA code T110), having a reported
total damage of over 3 million dollafg].

It is important to note that railroad crossties are the second most valuable railroad

asset. Each year, North American railroads spend billions of dollars on track maintenance,



with crossties accounting for a significant portion of that 8k As of 2014, railroads
were purchasing an average 25 million wood ties per \idar In addition, the Railway
Tie Association Tie Pricing Reports show an increase in the averggeéé&om 1995 to
2022 and it is expected to continue increasing in the coming pe4rs

Therefore, optimizing tie maintenance results in not only lowering the costs, but
also improving the overall safety of train operations. There exist different maintenance
planning strategies and tie life models based on tonnage, weather and climatertgnditi
type of tracks, frequency of trains, degreewfvature among others. However, very few
studies determined the relation between a
condition ( and rate of degradation) of its immediate adjacenfties, a degraded tie will
support less load than it would have, had it been in a good condition. Hence, the adjacent
ties bear more load, which contributes to their faster degradation.

This research is looking at the complex interaction between dynamically changing
crosstie condition and the support it provides to adjacent ties. The results model and predict
wood tie life based on support condition, as defined by the degradation afradjarssties
over time. The analysis approachase based on railroad engineering theory, the
development of a mathematical model of the dynamic track behavior and on the use of tie
condition data provided by automated inspection vehicles, making itoaytigeided
machine learning model.

It is to be noted that in this research, the focus is put on wood crossties since in the
U.S., 95% of ties are made of wood, due to their durability, cost friendliness, and

maintainability[13].



1.2 Motivations, Research Problem, and Research Scope

1.2.1 Motivations

The ultimate motivation behind this PhD thesis lays in the contribution to the

advancement of railroad engineering research, and in particular in the safety and

maintenance areas. Effective modeling and forecasting tie life could help prevent crossties

caused track issues and safety related incidents.

Another important motivation has to do with the track safety and compliance with

the Feder al Rai l road

Admini strati on

( FRA)

Safety Assurance and Compliance has put together a manual of different safety standards

th at need

to be followed by railroads

feet section (about 24 ties). Table 1 below summarizes these standards:

Tablel: Minimum number of ties required in good condition per 39 [feg}t

Class of | Tangenttrack and curves | Turnouts and curved track
Track <=2 degrees over 2 degrees

1 5 6

2 8 9

3 8 10
4 and 5 12 14

and

In addition, it is crucial for railroads to adopt considerable optimization techniques

and strategies when it comes to crosstie maintenance operations. Although automated track

S



and tie inspections arengoing their frequency depends on many conditions, such as

failure rate, economics, available budgets and, of course, track safety considgtajions

Because tie inspections are not always performed annually, drawing conclusions from the
limited amount of data to make predictions and planning decisions can be challenging. One

way to overcome this problem is to use inspection data to model and @reditti e 6 s | i f
and to use that predicted tie life to optimize the maintenance processes and define a tie
replacement strategy.

Following this further, despite the fact that very limited research efforts have been
made on how to tackle the tie life as a function of its adjacent ties, there has been empirical
evidence in the field, usually associated with the formation of clusterdjacent failed
or degraded tieEl6] [17]. This strongly suggests that there is a relationship between the
change in load distribution, and the corresponding degradation rates and failure behaviors
of adjacent tiesTherefore, quantifying this effect by looking at the complex interaction
between dynamically changing crosstie condition and the support it provides to adjacent
ties holds significant potential in providing a useable methodology for railway engineers
to daal with a complex integrated problem.

Last, but not least, railroad crossties datexigsemely limited This is due to the
nature of the field: as maintenance take p
amount of data is lost throughout the years. And this is a real issue that makes it hard for
data analysts to detect trends and gather lomg tierbehavior. Because of this restricted

time-dependent data, using theory guided machine learning to model tie degradation



behavior seems to ke powerful additionto both fields: railroad engineering and data

science.

1.2.2 Statement of ResearchiProblem
The degradation of timber crossties in the railroad industry is a complex challenge.
Like any infrastructure components, timber crossties naturally deteriorate and are affected
by the stresses they endure as well as different factors. Adding to thehélyagften
degrade at varying rates, leading to an imbalanced distributisuppbrtalong the track.
As crossties deterioratéheir ability to carry load diminishes, making the adjacent ties
support more load than they are supposed to, which acceléh&iesdeterioration.
Consequently, as these neighboring ties degrade, their ability to bear load decreases as well,
resulting in the transfer of more load to nearby, teeselerating their degradation.i3h
research tackles the complex dynamic interactions of adjacent ties with respect to their
changing condition. In other words, it answers outstanding questions in the field:
1 How does the condition of a tie impact that of the adjacent ones?
1 What happens when adjacent ties have different degradation rates?
1 What happens to the adjacent ties when a center tie is replaced?
1 How does the degradation rate of a tie affect the degradation rate of the adjacent
one?
f How does a tie replacement i mpact the
1 How to model thedegradation process for adjacent ties using theoretical

background?

a



1 How to useactualtie data to derive coefficients and functions that support the
models?
T How can data and theory (domain knowl ed ¢

performance?

1.2.3 Objective and ResearchScope
The primary intent of this thesis is to model the dynamic interactions of adjacent
crossties degradation rates over time using a theory guided machine learning framework.

1 To complete this goal and answer the research questions, the following research
scope was set:

1 Analyze automated tie inspectidata.

1 Use data analytics and machine learning tools in an interpretaivieer.

1 Theoretically prove a relationship between tie failure and adjacent ties condition

1 Model the behavior of ties and their degradation over time mathematically using
principles from railroad engineerirtgeory.

1 Model the tie interactions as a complex and dynaystem.

1 Forecast a tiebds condition and its remai
ties surrounding it (over time) using both theory and data from automated
inspections.

1 Build a TheoryGuided Machine Learninfjamework.

1 Determine the impact of tie replacements on the degradation of adjasent



1.3 Research Methodology
The performed research has focused on the impact of adjacent support condition on
the life reduction of a crosstie considering the condition of adjacent ties. Data analytics
tools and mathematical models were used to quantify this effect dynamiatipus
aspectof the topic were tackled, mainly:
1 Conducting a statistical analysis of the dataset containing tie condition data from 4
different inspections performed on the sanaek.
1 Developing different models and relationships between the loss of adjacent support
and the life reduction of a tie considering the condition of ties to be static
1 Developing a novel approach to determine the contribution of tie condition on the
loaddistribution.
1 Constructing an architectural model to incorporate theory guided machine learning
and implementing simplistic machine learning functions.
The research methodology involved the use of different modeling techniques and
analytics tools as follows:
1 Data Analysis:
o Data collected from automated inspection vehicles was cleaned,
preprocessed arahalyzed.
o This data offered insights into the actual degradation rates of crossties under
different conditions and load distributions.
0 The data was used to train, test, and validate the developed models.

1 Theoretical modeling:



o0 The theoretical analysis formulates and models the mechanisms behind the
degradation rates.

0 Thetheoretical basis is establishieg examining the load distribution as a
function of tie conditiorandload transfer over time, and using that to model
different degradation rates of a group of adjacent ties

1 Model Development:

o Building upon the theoretical insights and empirical data, comprehensive
theory guided machine learning models were built. The models consider the
dynamic interplay between crossties ldsshring capacities as a result of
their changing condition over ten(including failed and replaced ties), and
how they influence each other's degradation rates.

0 Using predictive modeto forecast the future condition of crossties based
on the adjacent tie conditions over the years.

o Studying he sensitivity of the models ampliantifyingthe impact of the

dynamic interactions of adjacent crossties degradation rates.

1.4 Overview of the Thesis Structure

Following up on the Research methodology, the thesis is structured as follow:

1 Chapter 1: Introduction
The first chapter of this thesis is a general introduction that tackles the background

and gives a general research context to include the main motivations as well as the



statement of research problem. The objectives and scopdraduced.and the research
methodology is summarized. Chapter 1 presents an overview of the thesis structure in
addition to the main research contributions.
1 Chapter 2: Background
The research background and literature review are covered in this chapter with a
comprehensive summary of the important concepts necessary for this thesis. Existing
research on crosstie failure mechanisms and life modeling techniques is presented in
addition to the Beam on Elastic Foundation model of track. Findings related to theory
guided machine learning are also synthesized.
1 Chapter 3: Data Presentation
Chapter 3 focuses on the data used in this research including data sources and data
descriptions. The data ppgocessing is also tackled in addition to the Exploratory Data
Analysiswhich is used to maksome preliminary observations.
1 Chapter 4: Static Analysis
Chapter 4 summarizes the static analysis of adjacent tie conditions. It presents the
results of 3 different methods to quantify the effect of adjacent ties on a center tie assuming
the condition of adjacent ties remains the same during the theees stdy period.
Chapter 4 serves as an initial step of the thesis research.
1 Chapter 5: Beam on Elastic Foundation using Local Track Stiffness
Chapter5 presents a new application of Beam on Elastic Foundation using local
track stiffness. Then, the generation of the set of equations describing the load distribution

as a function of tie condition using machine learning is discussed in. detghsitivity

10



analysis is also presented. The resulting equations serve as an essential part of the theory
guided machine learning framework.

1 Chapter 6: Using Machine Learning to Quantify the Unbalanced Load
Distributiondés Effect on Wood Crossties
Chaptel6 focuses on a combination of machine learning tools (both supervised and

unsupervised), and railroad engineering analysithe chapter, the degradation behavior
of ties on a track based on the changing adjacent support condition is discussed leveraging
interpretable machine learning techniques.

1 Chapter 7: Mathematical Formulation
In Chaptef7, the degradation behavior of ties as a function of the adjacent ties over

time is formulatedmathematically. This chapter sesvas a foundation for thenodels
providing a mathematical formulation of the problem and a structure to design the theory
guided model architecture.

1 Chapter 8: Development of Theory Guided Machine Learning Model
Excluding Tie Replacements
This chapter focuses on using a ¢endition dataset where no tie replacement

occurred Following up on the results drawn from Chapter 5 &ndhe stegby-step
development of the theoiyuided machine learning model is presented. The training,
testing and sensitivity of the model are presented and discussed in detail.

1 Chapter 9: Impact of Crossties Replacement: Statistical Analysis and Theory

Guided Machine Learning Models
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This chapter focuses on using a larger tie condition dataset including tie
replacementsA statistical analysis ipresentedandthe stepby-step development of the
revisedtheoryguided machine learning modét presented. The effect of tie replacement
on the life of adjacent ties is also discussed.

1 Chapter 10: Summary, Conclusions and-uture Directions

Chapter 10 is a summary of the research steps and findings. The conclusions are
drawn from the interpretation of findings in light of research objectifcd®wed by the
implications of the resultsFinally, the challengesand limitations of the research are

discussed and future research directions are suggested.

1.5 Research Contribution

1.5.1 Knowledge Gaps

Based on the existing research in the railroad field as well as the literature review
that coveredeveral aspectd tie failure mechanisms, tie life models, and track models, a
few gaps were identified. First, a wood
among which are the loacar{d associatedtress) and support condition. As a tie
deteriorates, it can no longer handle its allocated portion of load, with the result that its
load may be shifted to the adjacent ties, causing these adjacent tiesr an increased
load and contributing to an increase in their rate of degradation. Similarly, as the
neighboring ties degrade, they impact the load distribution, around not only the original

Ami ddl eo tie (middle ti ewheed, b also othepadjachne t
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ties. Heretofore, there has only bel@nited research addressing this effect. Limited
research on tie degradation rates based on adjacent support condition has focused on static
conditions only, neglecting the dynamic actions over time. Challenges related to the how
the degradation rates interactaaglynamic and complex system and how they influence

each other still need to be addressed

1.5.2 Research Contribution

The contribution consists of machine learning models constructed based on railroad
engineering theories and reabrld data. The development was done within a theory
guided machine learning framework using real historical data to forecast the tie condition
as a function of its adjacent ties degradation rates. This goes hand in hand with this
identified gap in the railroad engineering research. The developed model is a holistic
research project that not only adds a contribution to the railroad field, butealse as a
basis for future research.

It is important to note that the anticipated contributieadlso in a dynamic model
that considers adjacent ties conditieogsidering other parametdiged (such as tonnage
and weather conditiorgnce the data was frothesame geographic locatiobhis includes
the increase of degradation as a function of adjacest éis well as the slowing of

degradation as a result of the replacement of an adjacent tie.
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1.5.3 Publications andPresented Research
The results of this thesis were published and presented in the following journal
papers and conferences:
Peer Reviewed Journal Papers
1 Soufiane, K., Zarembski, A.M. & Palese, J.W. Forecasting @resSondition
Based on th®ynamic Adjacent Support Using a Thedgbyiided Neural Network
Model Proc Inst Mech Eng Pt F: J Rail Rapid Trang2023).

https://doi.org/10.1177/09544097231203275

1 Soufiane, K., Zarembski, A.M. & Palese, J.W. The Contribution of Crosstie
Condition as Represented by Local Track Stiffness to the Wheel Load

Distribution. Transp. Infrastruct. Geoteck2022).https://doi.org/10.1007/s40515

022-002631
1 Soufiane, K., Zarembski, A.M. & Palese, J.W. Effect of Adjacent Support
Condition on Premature Wood Crosstie FailUmansp. Infrastruct.

Geotech9, 302 320 (2021)https://doi.org/10.1007/s4054%1-001685

Peer Reviewed Papers Published in Conference Proceedings
1 Soufiane, K., Zarembski, A.M., Palese, J.: Effect of failing adjacent crossties on
tie-life: a machine learning modelnternational Heavy Haul Association
ConferencdRio De Janeiro, Brazil, 2023)

1 Soufiane, K., Zarembski, A.M., Palese, J.: Using Machine Learning to Quantify the

Unbal anced Load Distributi onosamebichnf ect
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https://doi.org/10.1177/09544097231203275
https://doi.org/10.1007/s40515-022-00263-1
https://doi.org/10.1007/s40515-022-00263-1
https://doi.org/10.1007/s40515-021-00168-5

Society of Mechanical EngineeraSME/IEEE Joint Rail Conferen¢Baltimore,
2023)

1 Zarembski, A.M., Palese, J., Soufiane, K., Grissom, G.: Effect of tie condition
distribution on life expectancy of wood crosstfenerican Railway Engineering

and Maintenanc®f-Way Association Conferen¢2020)

Conference Presentations

1 Soufi ane, K., AUsIi ng Machi ne Learning
Distributionods Effect 0 n ASMEo dotht R&ir o s st i
conferenceBaltimore, MD, 2023

T Soufiane, K., AThe effect of adjacent ti
gui ded ma ¢ h i Wnaersity eoh Daetaivareg Big Data in Railroad
Maintenance Planning Conferendgewark, DE, 2022.

T Soufiane, K., AResearch Update: adjacen
cr os st i eUniveraity lofuDelaware Big Data in Railroad Maintenance
Planning ConferenceNewark, DE, 2021.

f Soufiane, K., Al mpact of adjacent suppo
Railway Tie Association 103rd Annual Symposium and Technical Conference
Saint Louis, MO,2021.

T Soufiane, K., AEffect of adjacenl8" suppo
Annual InterUniversity Symposium on Infrastructure Management (AISIM 16)

University of Texas at Austin, 2021 (Best Presentation Award)
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Conference Posters

T Soufi ane, K., AResearch Update: adjacen
cr os st i, RailttaeniSympasiena 2nd Railroad Infrastructure Diagnosis and
PrognosisMay 2324, 2022, Roanoke, VA

1T Soufiane, K., fAEffect of adjacenThe suppo
Transportation Research Board (TRB) f@&hnual Meeting,January 913, 2022,
Washington DC

T Soufiane, K., AResearch Update: adjacen
cr os st i 8ig Datmiinl RairoadMaintenance Planning Conference 2021,
Newark, DE

f Soufiane, K., Al mpact of adjacent suppo

Big Data in Railroad Maintenance Planning Conference 20déyark, DE
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Chapter 2

BACKGROUND AND LITERATURE REVIEW

The background and literature revieshapterlays the groundwork for this thesis. It
providesa comprehensive overview of existing research, theories, methods, and findings
related to crossties, support conditions, beams resting on elastic foundations, and the

machine learning algorithms used ie tiesearch

2.1 Crossties

Therailway track is aintegrated structure made up of several components. Infrastructural
elements of tracks include rails, rail pads, crossties (ties, or sleepers), fasteners, ballast,
subballast, 8 well asa subgradeand are illustrated in Figure 1.

Each of the component illustrated in Figure 1 plays a critical role in maintaining the
integrity, safety, and operational efficiency of the railway track infrastru¢iife Ties

(also referred to as crossties, or sleepdisyibute the load from passing trains to the
ballast and the underlying subgrade and maintain the stability and alignment of the tracks
[19]. Theyare horizontal beams, laid perpendicular to the rails on a layer of ballaist

provide the foundation and support for railroad trgd€g. Tie plates hold rails in place

17



and are placed between rail and the crossties. They are fastened to wooden ties by means

of spikes or bolts through holes in the pl@].

1: Rail Head 7: Subgrade
2: Rail Web 8: Anchor Spikes
3: Wood Tie 9: Tie Plate

4: Ballast 10: Anchor
5: Geofabric 11: Cut Spikes
6: Subballast

Figurel: Railroad Trackzomponents

Crossties can be made from various materials, including:

1 Wood: Wood ties are commonly used due to their durability aneetfesitiveness.
They typically have a shorter life compared to concrete ties but show good
resilience, ease of handling, and electrical insuldti®h[19] [21] [22].

1 Concrete: Concrete ties offer a longer lifespan and a better quality of ride for

pas s e rgns.rThey requireaninimal maintenanceosts, but have higher

installation cost$19] [21]

18



1 Steel: Steel ties are a less common alternative but are used in specific

applications, such as yards and secondary trafd9].

1 Composite: Composite ties are relatively new. They are made from a mixture of

recycled materials. They offer a lightweight and environmentally friendly option

[22].

Table 2 highlights the advantages and inconveniences for each crosstie material recreated

using the sourc3]:

Table2:Comparisons of Crosstie PropertigsMaterial

Wood Concrete Steel Plastic/Composite

Low- Moderate . :
Cost Moderate| High AlE)1 Al
Life Moderate M_oderate M_oderate Unknown

High High

Weight (Ib.) ;g&r 600750+ | 150200+ | 150200+
Late_raI/Longltudlnal Moderate Moderate Moderate* | Unknown
Resistance High
ALY 9 [ Moderate M_oderate Moderate* | Unknown
Geometry High
Hand Maintenance | Yes No Yes Yes
Electrical Isolation Yes Insulator/pad Insulator/pad, Unknown
NOEEaEE Yes Insulator/pad L|m|te_d Unknown
Control experience

Low- High to Very| Low to
Track Modulus Moderate| High Moderate Low to Moderate
Impact Force Issues | No Yes No Unknown
Depth of Ballast
Required(below 6-12" 12-24" 4-12" 6-12"

bottom of tie)
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The most common railroad ties are made of wood or concrete, with only a minimal fraction
of the ties used globally made of steel or alternative materials like composite or plastic
[20]. In fact, more than 95% of the crossties used in North America are made of24hod

It is important to emphasize thie focus of this research centers on wood ties

2.1.1 Ti d&anations

Railroad ties are integral components of railroad tracks, serving a multitude of primary
functions.

First, they provide support to the rails, ensuring their stability and alignment. Furthermore,
they contribute to maintaining the proper track gauge by securely holding the rail fastening
system and aligning the rails in their designated positions. Bediigs facilitate an
adequate wheehil contact by providing a cant to the rdils wood tiesthe cant is in the

tie plate whilein concrete tiegt is in the tig [21] [25] [20] [19].

In addition to their role in alignment, crossties anchor the entire superstructure to the
ballast, limiting lateral, longitudinal, and vertical rail movements and enhancing overall
stability.

Crossties also play a crucial role in distributing and uniformly attenuating the substantial
loads transmitted from the rails to the underlying ballast, thereby preventing undue stress
on the track structur@1] [25] [20] [19].

Beyond these mechanical functiomgpod crossties also serve as dampers, absorbing
vibrations and dynamic loads generated by passing trains. They act as insulators, contribute

to efficient drainage, and offer a platform for various maintenance actipfi¢i25] [20]
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[19].

2.1.1.1 Vertical Load Dissipation

Every component of the track structure plays a part in distribudimgy attenuatinghe

vertical load oftrains [26], and railroad ties play a fundamental role inThe loads are
initially transferred to the track via the wheels, then onward through the rails, which further
transmit the weight to the crossties. Subsequently, the crossties relay the load from the rails
to the ballast. The ballast, in tutnansmits itdown to the subgrade while preventing any
lateral or longitudinal movement of the tig&5] [20]. The load is attenuated as it is
transferred from one component of the track structure tottiee

Figure 2 (reproduced using referend@7]) illustrates this process of vertical load

dissipationand attenuation using bearing loads for ezlement.

Tie < 200 psi

Ballast< 85
psi
Subgrade
< 20psi

Figure2: Pyramid ofLoad Transfer from the wheel toetbubgrade

In Figure 2,as the load is transmitted from one element to the neistdissipate and
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attenuatd, and the crossties playsignificant rolen this dissipation reducing the load by

about 60%.

2.1.1.2 Lateral and Longitudinal Resistance

In addition to vertical loads dissipation, ties play a crucial role in providing essential
mechanical functions within the railroad system, includingrtdsestance to lateral and
longitudinal forces.

When it comes ttateral resistance, ties encounter different fackrst, ballast shouldér
resistance ahe end otheties. This refers to the resistance encountered wherends of
theties come into contact with the ballast shoulder. It's essential for maintaining the lateral
stability of the trackIn addition to that, theide of tie and criBballast resistancas well

as thefriction at the base of the ti@are also contributing factos to the longitudinal

resistancg28] [29] [25].

2.1.2 Wood Tie Life and Failure

Like every other element of railway infrastructure, crossties naturally undergo degradation
until they reach a critical failure point where they can no longer perform their functions
effectively. The expected lifespan of crossties is influencediligd factorand can range

from 20to 50years depending on these factédditionally, degradation mechanisms can

1The shoulder is thedtlast at ends of therossties.

2 The crib is the allast between the croses
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further shorten the tie life. This section presents the factors that impact the life of wood

crosstiesas well agheir failure factors and mechanisms.

2.1.2.1 Wood Tie Degradation Factors and Mechanisms

Research on wood ties failure mechanisms have been crucial to assess an average tie life
aswell asplan maintenance operationBhe degradation of wood ties can be broadly
divided into two modes: environmental decay, and mechanical deteriofa@pnrhe
environmental decay is impactég various factorsmainly weather factorsbiological

factors and environmental conditionghile the mechanical deterioration is a function of
stress factors and mechanical weer well asuse factorg31] [32] [33]. The tie failure

factorsaresummarized andxplained in Tabl@.

Table3: Wood Tie Failure Factof81] [32] [33]

Factors Examples
Temperature

Weather Factors Moisture

Water and Precipitations

Biological Factors | Fungi
and environmental | Rot

conditions Decay
Stress Factors and | Ballast Causing Abrasion
Mechanical Vertical loads impact compression and impact bending
Degradation Spike Loading
Frequency and quality @haintenance activities (such as spike

Use Factors

removal)

3 The application of spikes or fasteners to secure the rails to the crossties
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Track GeometryCurvature and GradeAccidents

Other Factors Chemical or Physical Degradation

2.1.2.2 Tie Mechanical Degradation and Load

It is crucial to emphasize that tpeimary focus is placed on the mechanical degradation
of tiesin this research, given its direct association with the loads encountered Qyestie.
are continually endurintpads as trains traverse the track, with these loads being a direct
driver of mechanicallegradatiorj34].

The capacity to bear loads directly related tothe mechanicapropertiesof crossties,
including their bearing andbending capacity, and is also tied to the overall fatigue
properties of woodies. Crosstie fatigue represents a form of failure typicadigulting

from repeated, higlevel cyclic loading stress¢35]. In addition tofactors like bending
strength the rail seat loadand the sleepetballast contact pressuraso affect the
mechanical behavior of crossti@§]. It should be noted thalhe mechanical propertiesf

wood tiessuch as modulus of elasticity and stiffness are notaldgeptible to the impacts

of moisture content and environmental conditi{8ig.

Tie condition is a direct indicator of its mechanical properties. When a tie degrades, its
mechanical properties, including bending capacity and stiffness deteriorate. Thadstter

a crucial role in overall track performan36], and in particular, load distributidB8].
Therefore, a deteriorated tiesks its ability to support loads efficiently. As a consequence,

adjacent ties bear a greater share of the load, which accelerates their own ded&&jation
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2.1.2.3 Tie Life

2.1.2.3.1 Factors affectingWood Tie Life
Much like theintricate factors that influence degradation, several interconnected variables
play an importantrole in determining the average lifespan of artiainly:
1 Traffic Characteristics: This encompasses various aspects of train traffic, including
traffic density, axle load, speed, and the type of traffic utilizing the rai[@ay
[32]. Different traffic patterns and loads can exert varying levels of stress on ties.
1 Track Geometry: particularlyelements such as curvature and grade, can
significantly impact tie life. Curved and graded tracks impose additional stresses
on ties compared to straight and level sect[88%[27].
1 Track Type and Condition: this includes the rail section and whether welded or
jointed rails were used, in addition to the type of fasteners[B2¢{P7].
1 External Factors: External influences encompgassronmental conditions and the
type of wood used for tie as the choice between softwood or hardwood ties can
have implications for durabilitj32] [27].

These factors collectively shape the expeeatsztagdifespan of a tie.

2.1.2.3.2 Average Tie Life
Various analyses of average wood crosstie lifespan show a range of wood tie life of the
order of D to 50 years depending on climate, treatment, track and traffic condjdohs

[41] [42]. Examplesof wood crosstie life (in years) depending on titvenage(in MGT)
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and curve as well as including the effect of alternate wood treatment processes and climate

zonesare summarizedn Table4 and Tables respectively.

Table4: Average Tie Life based on climate and tonni@sg

Climate MGT Curve
0 4
10 50years 39years
Dry 25 40vyears 33years
50 36years 28years
10 45years 36years
Moderate 25 38years 30years
50 33years 26 years
10 34 years 27years
Wet 25 29years 22 years
50 25years 19years

Table5: Average Tie Life based arlimatezone[23]

oF . Average Creosote treated tig ~Range ofTie Lives for
Imate Zone life (years) 95% of the Ties (years)
0 433 20.21 0 60.95
2 39.9 18.62 to 56.17
3 359 16.75 to 50.54
4 207 14.33 0 43.22
5 18.1 8.4510 25.48

Figure 3 presentplots of te life (in years) as a function tfaffic densityandcurvature
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(Figure 3a), as well as density anehvironmen{Figure 3b).

In Figure 3, it is observed that:
1 The higher the traffic density, the shorter the average tie life
1 The higher the degree of curvature, the shorter the tie life

1 The colder /drier the weather, the linger the tie life.

| Tie Life vs Density and Curvature ‘

80

50

40

30

Tie Life (years)

20

[o] 10 20 30 40 50
Annual Density (MGT)

- Tangent 4 6 degree curve
<©- 2 degree curve O 10 degree curve

Figure3a: Tie life (in years) as a function of densagdcurvatureg27]

Tie Life vs Density and Environment

60

50

40

30

Tie Life (years)

20

10 -

Annual Density (MGT)

B Cold/Dry
< Moderate
& Hot/Wet

Figure3b: Tie life (in years) as a function of density am/ironmen{27]
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2.1.2.3.3 Forest Product Curve

Research lshown that variation in tie condition along the same track is common. This
is due to several factors to include naamform tie failure rateseven when placed at the
same time on the same trgddi]. A Tie Life Curve that summarizes this phenomenon was
originally developed by th&JSDA Forest Products Laboratoiry 1957 and was widely
used by engineers to plan and account for tie replacements shaigséical distribution of

tie failures, with respect to theverage life of a tias illustraéd inFigure 4 where the x

axis represents the percentage of average tie life andakis yepresents the percentage
of ties replaced (or failedTie failure follows a skewed normal distributidrhis behaior

has a strong foundation and has been verified and revalidated severabyinemy

researchers in various stud[dg].
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Figure4: USDA Forest Products Laboratory Tidge [43]
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From Figure 4, akewed normal distribution may be used to describe the distribution of
crosstie failures around the average life. As a result, in a new track, around 50% of the ties
would be replaced when the track reaches 94% of its "average life,” while the remaining
50% replaced at lifetimes larger than 94% of the averag¢4®#e[42]. As a result, a
considerable number of wood crossties may have a higher average life given certain track

conditions whilea significanthumber of ties fail before their average life.

2.1.2.3.4 Tie Life Modeling

Different adosstie degradation modeling techniques are used in the railroad industry to
predict and assess the deterioration of railroad ties over Tineg offer valuablensights

into the longevity of ties, allowing for more informed decisinaking and effective
maintenance planning.

In practical railway operationdjfferent strategies can be implemented for tie replacement
on a trackf44], but inmany caseshistorical maintenance daisusedto determine the
averagaenewalfrequency [41]. This approach acknowledges that the average lifespan of
ties can vary significantly depending on a range of operating conditions and environmental
factors.In addition to that,He estimation of average tie life has bgamformed using

differenttechniquesincluding

4 Railroads typically replace a percentafj@vood ties on a periodic (multiple yesar
basis.
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1 empiricalforecastingnodels

1 and mechanistic mod€]32].

Additionally, to estimate and predict tie lifmyodeling approaches have been proposed:

1 Statistical Tie Life Approach: This approach focuses on predicting the number of
ties that are expected to fail within a given year. It involves a detailed analysis of
failure data to forecast annual tie failuogsa track

1 Average Tie Life Modeling Approach: In contrast, this modeling approach takes a
broader perspective, aiming to estimate the average lifespan [2jes

Other models incorporated different parameters such as tonnage, wheel load, curvature to
estimate the tie life in years. However, none of the models has considered the condition of
the adjacent ties.

A few examples of combinadechanical damags# tie and life equations and mod§lg]

are presented and summarized in Té&ble
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Table6: Tie life Modeling Equations

Tie Life Equation Variables Developed by
1 A =constant
1 f(P,S), F(P,S) = function of axl
load (P) and speed (S)
1 k(C), K(C) = function of
curvature (C)
Tie Life (in years) = a* f(P,S)* K(C)} 2 (F\; R _(;afl)l s:|ze ;ac;tor: cti d ChessieSystem
R*G *J *h(D) *E/D ' - )
T J, J6= functiag
condition, CWR vs Jointed.
T E, E6= functio
T D, D®& a nfuhctidh(©ofD)
annual traffic density in Million
Gross Tons (MGT)
1 a, b, cand d are constants
1 L/Vis the ratio of lateral to
vertical forces
o 1 :2 (;)d;]gycl?:sns"f tie plate load fo Canadian Institut
Tie Life (Years) = ab* 5 (P(t)d(t)* . . of
(LIVI0.03)°* p(NS°) T d)= maxmum vertical f[rack Guided Ground
deflection for load class i
. . Transport
1 P() = proportion of total loading
cycles for load class i
1 Ns =millions of load cycles
imposed by total traffic mix
1 K-=constant based on rail
weight, rail type, grade, wheel
load and track support
1 a, band c are constants based| Southern Pacific
CE&EA4 EA 4 empirical data Transportation
1 D = Degree of Curvature Company
I T= Annual gross tonnage
(MGTlyear)
1 a, b,c,d,e, and fare constant
1 D = degree of curvature .
‘ Association of
, = = A.. T G =grade (%) American
p Ap A$p A 4 77co 1 T=tonnage densﬂy (MGTlyear Railroads
1 W =wheel load (Kips)
1 L =tie life (years)
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2.1.3 Tie Maintenance

Effective maintenance of crossties is fundamental to ensure the safe and efficient
functioning of railway tracks. Given the continuous exposure to heavy loads and various
environmental factors, crossties do deteriorate over time. Regular inspections, egphi
replacements are necessary to maintain the integrity of the railway infrastructure and

ensure the safety of train operations.

2.1.3.1 Tie Failure Criteria

For a tie to be acceptable for use on a railway track, it must meet certain criteria, and at the
same time, criteria for identifying tie failure should be established. Standards were put in
place by regulatory agencies to guarantee a tie's structuralnessrehd, therefore, ensure
safety in railway operations.

According to American Railway Engineering and Maintenaofe®¥/ay Association
(AREMA) standardg45], a wood tie is considered defective if it exhibits any of the

following conditions:

1. Broken Through: The tie is fractured, making it unable to support the rails
effectively.
2. Split or Impaired: The tie has splits or impairments to the extent that it cannot

securely hold spikes or other rail fasteners.
3. Excessive Lateral Movement: The tie has deteriorated to the point where the tie

plate can shift laterally by more than 0.5 inches relative to the crosstie.
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4, Deep Cuts by Tie Plate: Cuts made by the tie plate extend more than 2 inches into
the tie's structure.

5. Deep Cuts Near Rail Base: Cuts caused by wheel flanges, dragging equipment, fire,
or other factors penetrate to a depth of more than 2 inches and occur within 12 inches of
the base of the ralil, frog, or lodbaring area.

6. Rotted, Hollow, or Severely Deteriorated: The tie exhibits signs of rot, hollowness,
or extensive deterioration, where a significant portion of the material is decayed or missing.
7. End-Broken: This includes cases where the tie is fractured at the ends, and the
defect extends beneath the base plate. Such defects may not be noticeable except for a
slight elevation at the tie's end relative to the central portion.

Similarly, in alignment with the Federal Railroad Administration (FRA) regulat{Pasgt

2130 TrackSafetyStandards)14], crosstiegexcluding concrete) are expected to conform

to specific standards and conditions, which are as follows:

1. Not Broken Through: Crossties must not be fractured entirely, maintaining their
structural integrity.

2. Not Split or Significantly Impaired: They should not exhibit splits or impairments

to the extent that the ballast can penetrate thrthagh,or they cannot securely hold spikes

or rail fasteners.

3. Not Severely Deteriorated: Crossties must not be in a state of such severe
deterioration that #hcrosstie plate or the base of the rail can shift laterally by 1/2 inch
relative to the crosstie.

4, Not Cut Through More Than 40%: The crosstie plate should not cut through more
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than 40 percent of the crosstie's thickness.

These criteria, which areverlappingfor both AREMA and the FRA, serve as essential
standards to assess the condition and failure of woodiigdo maintairthe safety of
railway operations. To ensuiies adhere to safety standanasjtinetrackinspections are

imperative.

2.1.3.2 Tie Inspections

To ensure the safe operation of railroads, regular inspection, maintenance, and replacement
of deteriorated ties are essential. Railroad companies use various techniques, including
visual inspectionas well asautomated inspectiorie assess the condition of crossties and
prioritize maintenance efforts.

Wood tie inspection includes various aspects, such as the identification of cracks in the tie,
determination of their size, length, and location. Additionally, it involves estimating the
level of tie "roughness" and measuring vertical plate citangpng other parametg#s].

Visual assessments conducted by trained tie inspestems the traditional and most
common inspectiof81] [47]. These assessmentsolved straightforward determinations

of whether a tie was in a good conditmmneecedreplacemenf48]. Then,more detailed

assessmentsere included49] such as the example illustrated in Figbre

5> Vertical cut in the crosstie due to the tie pla@vements
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1-4 Rating System

CONDITION

I FRA

Defective

BILAC (&
Broken - Not broken through No Breaks
Split or To the extent the crossties Tie holds spikes, some Slight weather splits but
Otherwise will allow ballast to work splits deep o i ity not i
N e through, or will not hold allow water into tie.
IpRie spikes or rail fasteners
Deteriorated So that the tic plate or base | So that the tic plate o than % inch of No plate movement or cut
i 1 a: 3 ov lateral plate or rail and no sign of deterioration
movemen: t
relative
Plate Cut More than 40% of the ties” | More than 1 inch but less | Greater than % inch, up | % inch plate cut or less.

thickness

than 40% of the ties”

to 1 inch in depth

Wheel Cut

More than 2 inches decp
within 12 inches of the
base of the load-bearing

Yz inch to 2 inches decp
not broken through the
tic

¥4 inch or less with no
structural damage to tie

area, not broken through
the tic.

Substantial amount of
wood decayed or missing.
Hollow under plate area.

Some rot over tic and None
on ends. Not hollow
under plate area.

Less than 20 years

Rotted or Hollow

Expected 20 years or greater

Remaining Life _ -

Figure5: Quantitative Tie Condition Scores based on Visual Inspept@in

Railway track inspection requirements are determined by individual railroad engineering
departments andre based on thEederal Railroad Administration (FRA) regulations.
Railroads maintain their own internal track standards to ensure safety and efficiency. The
FRA Track Safety Standards serve as the minimum requirements for most U.S. railway
tracks and vary based saveral factorsuch adrack clas®or desired train spedd6].
Additionally, to maintain safety standards, the FRA mandates the track to be inspected for
defects at specified time intervdls4]. As a result, thousands of miles of railroad track
must be inspected as often as twice per wBek(looking for clusters of failed ties that
violate FRA standards

The need for more sophisticated and automaugaectiontechniques rose with traesire

to get more accurate and detailed information than that obtained from traditional
inspections

The development of automated inspection vehicles involved the integration of various

nondestructive evaluation (NDE) technolod#g]. These technologies were incorporated
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to detect defects that are usually imperceptible through manuauad inspectionsFor
tie inspections, they include, but are not limited to, different types of s§b&p[47] [52],
LiDAR [47], Ultrasound47], Machine visior[53] [54], X-ray[55]é

For automated tie inspections,rail mountedvehicle travels alonghe track at agiven
speed, as depicted in FiguBe It scans the track and emplogédferent sensors and

advanced technologies to evaluate the condition of th§stié$55].

Figure®6: lllustration of an automated tie inspection vehiabm track

Additionally, not only did the FRA add standards and regulation forathemated
inspectiong[14], but it alsoinitiated different automated inspection programgh the
objective of enhancing quality and safefyAmerican railroad$56].

Automated inspections provide data that must be processed in a manner that is both
coherent and conducive to making wieflormed decisions. With the increase of inspection
data, the volume of data generated has also increased significantly. Consetheretig,

a growing demand for sophisticated analytics and data science tools. These tools are

essential not only for processing and cleansing the data but also for leveraging it effectively
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to generate meaningful and reliable predictidie research presented in this thesis serves
as an example of leveraging tie inspection data to develop a predictive model for assessing
future tie condition, and determining degradation rates, as well as predicting potential tie

failures.

2.1.3.3 Tie Maintenance Operations

When crossties are positioned on the track, maintenance operations primarily involve
replacements, and these replacements can be carried out in two main methods:

Spot Replacements: In this approach, failed or deteriorated ties are identified through
inspections, and they are replaced individually or sporadically along the[3fAcK his

method targets specific ties that are in need of immediate replacement due to defects or
weatr.

Tie Gang Operations: Tie gang operations involve replacing ties in larger sections or
segments of the track. Instead of replacing individual ties, entire sections of the track are
addresse(b8]. This method is often employed for planned maintenance or rehabilitation
projects, where multiple tigsisually between 20% and 30% of the t@® replaced within

a designated track section.

Both spot replacements and tie gang operations are essential components of crosstie
maintenance, and the choice between them depends on factors such as the extent of tie
deterioration, the overall track maintenance strategy, and available resources.

After introducing ties, discussing their functions, explaining degradation mechanisms, and

providing an overview of maintenance, it is important to cover the mechanics of the track
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and load distributions. To achieve that, the Beam on Elastic Foundation model of track is

presented in the next section.

2.2 Beam On ElasticFoundation Model of Track

For optimal design andnaintenancef thetrack, it is critical to understand and quantify

the load environment, as well as how wheel loads are transferred from thé raiheel
interface to the track foundatiov/heel loads are distributed through the track foundation
depending on the stiffness and damping parameters of track substructure €2djents

To model thdoads ontheties,a range oflifferent approaches have been used, including,
but not limited to,closed form quasstatic analysesjynamic simulatiormodelingand

Finite Elementmodeling. The while all three approaches consittex effect of moving

loads the first approach, which is discussed in further detail in the next paragraph treats
the load in a quasitatic manner and represents the most commonly used approaches for
looking at track response and load distributibime latter approaches have the abiiitylo

a more comprehensive dynamic analysis but generally have been more limited in their
applications Examples of the approaches include those discussedeirence$59] [60]

[61] [62] for dynamic simulation and63] [64] [65] [66] [67] [68] [69] [70] for Finite
Element(FE) analyses.Note, several FE modetsodeled the crosstie adinear elastic
material whichin turn, allowedthe modeko simulate the response of th@sstieunder

the dynamic moving load of the train.

As noted, the more traditional quasatic models, have been most commonly used

because of therelative simplicity, ease of use almav computational cog?71]. As applied

38



to rail track analysisnumerous models have been developed to examine the track behavior
as a function of applied wherlil forces: FilonenkéBorodich Foundation, Hetenyi
Foundation, Pasternak Foundation, Vlasov Foundation, Reissner Foundation among others
[72]. The Winkler foundation, a series of uniformly spaced spnieggesenting the ties,
ballast andsubgradeformsthe basis for the Beam on Elastic Foundation model (BOEF),
andhas been commonly used to model the track due to its simplicity, effectiveness, and
speed of calculation. It assumes the rail is an infinite beam resting on an elastic foundation.
In other words, the track elements below the rail are considered an felastation. The
reaction forces at a particular location of the elastic fotimolaare assumed to be
proportional to the beam deflection at that locaf8] [74]. A representation of the BOEF
model is shown irFigure 7 whereby the upper illustration represents the real physical

problem,and the second illustration is the analytical model.

Figure7: Beam on Elastic FoundatigBOEF)illustration

The formulation of the WinkleBOEFmodel is as follows
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06— QoL ® Ao (9)
Where:
A w(x)is the vertical deflection of rail at poirt
A El = flexural rigidity of the rai
A Kk(x)is thefoundation stiffness

A q(x)is the vertical loading

If the general load distribution is replaced by a single wheel Rahdk(X) = constant =
k, thenthe equation becomdg3]:

06— Que ™

)
The general solution of the Beam on Elastic Foundation model is as follows:

D Q O60élio 6i Qtw Q O60éEli o 61 Qtw (3)

When applying the boundary conditions:
T wé(0) = 0 (the slope at x

1 EIlw666(0) = P/ 2 (The thir

d

shear force, and the shear force at the point of application

(x=0) is P/2)
T w(b) = 0 (the deflection

the wheel is Q)
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T wo(bP) = 0 (the slope at an i

wheel is also Q)

the solution to the Beam on Elastic Foundation model becomes:

Lw —Q wéliw i Qew (4)

Where:|

There are certain limitations to thiéinkler model. For example, the linearity of the ballast
supportis assumed, while in realityalbastoperates as a nonlinear spring that impacts track
respons¢38] [74]. Also, the model assumes the foundation is connected to the beam, when
in reality the rests on the foundation. HowewbeBeamOn-ElasticFoundation(BOEF)

theorywith a Winklerfoundationremains practicakffective,and widely used.

2.2.1 Crosstie Bearing Force

The Winkler Model assumes the reactionsthie elastic foundatiorunder the rails to be
proportional to theail deflection The Winkler model also assumes tie pressureis
proportional to theleflection[73] [74], with thepressureresponse as follows:

Ao oo (5)

From (4)

N —Q oéffi o | Qtw (6)
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such that:
M1 kis the track modulus,

1 andp(x)is the pressure per unit (Ib/in).

To determine the load on individual ties, the distributed force needs to be computed, by
integrating the pressure across the tie spacing. The corresponding bearing force on each
crosstie is related to the stiffnes$, (deflection ((x)) and the tie spacing) as follows

[73] [25].

LT o IR oI @)

Since the deflectiow(x) change is not significant over the tie spacing distar{e®out 20
inches), a reasonable approximation to Equat®my can be made by assumiwgx) is
constant from 0 ta. The bearing force on crossties is therefore as follow:

0 RO ©ZH €)

Using Equation(8) the example shown in FiguBerepresents the wheel load distribution
on the tie directly under the wheel (Tie 0) and the 4 adjacent ties ondacokiag different
stiffness valuesk=500 Ib/in/in, k=1000 Ib/in/in,k=2000 Ib/in/in,k=5000 Ib/in/in,and
k=10000 Ib/in/in. The load distribution is based ohl& RE rail, a load 0#46,5001b, and

a tieto-tie distancea = 20 in.
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Percent of Load Carried

Figure8: Percent of load carried by each tie using different track stiffnesses

It can be observed from Figudghat with asoft modulus, i.e., a small value lo{poor
support conditiop a large number of ties contribute to supporting the wheel load. On the
other hand, whenhe track hasa stiffer support (large modulus)the load ismore
concentrated, and spread (or distributeera smallemumberof ties. In this case,he

center ties tend to pick up more loadich in turn puts higher stresses tmese ties.

2.2.2 Validation of the Approach

The basic BOEF model and its userépresenthe response of railroad tratlas been
extensivelyvalidated by thesignificant work of the American Railway Engineering
Associ at i Gomingtee BrpStressea ih Railway Track, commonly referred to as

the ATal bot Committeeo after its chairman,

lllinois Urbana Champaigh 7.3-¢r instance, the Talbot Committéest data found on
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pages 25 of reference] 7 Yalidate the BOERModel prediction of defection and
bending moments. Kerr also refers to tgl other BOEWalidatiors in his book[73] on

pages 111112. The following is a examplevalidation of the tie load distribution based

on the BOEF model of track using experimental (test) data from a research study measuring
crosstie- ballast interfacial pressufe 7.6 dble 7 represents thevheelload distribution

across several crossties whéie 0 is directly under the wheel, Tie 1 is the first adjacent

tie, and Tie 2 is the second adjacentTiable 7 presentsoth the test data and the BOEF

analysis

Table7: Validation of BEOF tie load distribution using test data

Percentage of wheel load carried

Tie O Tie 1 Tie 2
Test data 38% 23% 9%
BOEF tie load distribution© 37% 25% 9%

As can be seen ihable7, BOEFcan be used tdetermine thalistribution of a dynamic

wheel load across the supporting ctiess

6 The distribution was based on a rail section of 136 RE and the following values: track
stiffness k = 10500 Ib/in/in, and a wheel load P= 35,750 |b. The tie spacing was set to
a=24in.
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2.2.3 Track Stiffness

Beam on Elastic Foundation (BOEF) models are a-meelbgnized and commonly used
model representing the railroad track static response behavior. Within BOEF, track
stiffness, or modulus, is a key parametkthe track structure thagpresentshe behavior

of the elastic foundation  Track stiffness can be described
asameasuremertdf deformatiornresistancg77]. As such, it is defined abe supporting

force per unit length of rail per unit vertical deflection of the faiack stiffnessncludes

the effects of fasteners, ties, ballast, subballast, subgrade, that iseleveeptunder the

beam (railJand depends on parameters like type, condition, size, shape, and depth of each
elementf78].1 n ot her wor ds, track modulus i s a
overall stiffness ofthe track foundation directly under the rail based on the different
componert [25]. While the largest contributaio the track stiffness is found to be the
subgrade, other key contributors include tombined ballastubballast thickness atiie

vertical tiefastenestiffnesg78]. This latter element includes the condition of the tie itself.

2.2.3.1 Contribution of Crossties to the Track Stiffness

Crosstie properties such as material, shape, and overall condition affect the crosstie
stiffness, and therefori@fluencethe overall track stiffness. A number of methotave
beenused to calculate the track stiffnésdHowever, itis oftendifficult to establish how

each of the track componerdontribute to the overall stiffness particularly since this
overall stiffness of the track, as mentioned in the previous section, is dependaah

subelement.
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Thus, for example, onmethod incorporatedca multi-layer BeamOn Elastic Foundation
calculation where thetie itself wastreatedas a beanon-elasticfoundation[38]. An
alternateapproachthat has been proposed by a numberestarchersassumes the rail
support modulus (which consists of ties, ballast, and subgrade) is represented as layers of
in-series springs having distinct stiffnesdues[79] [80] [81] [82] as represented Figure

9.

Pad

Ballast

Figure9: Representation of track usingseries spring layers

Therefore, th@veralldiscreterail support modulus is

0 p

L L P P
Q Q0 Q 0

whereky , ki , ko, ks are the stiffnesses of the pad (if used), the tie btikast,and the
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subgrade respectiveliterr [83] judged this method as not appropriate for determining the
k-valuesfor actual trackbecause ofthp o or correl ati on between t
subgrade evaluated in a lab and the equividgotks value for a real track. He additionally

stated that along the track, the characteristics of the ballast and subgrade often vary, and
each layer's reaction might not always be lin&&j. Kerr [84] suggested a method to
calculate the track modulus as a combined parameter using the track deflection and the
Beam On Elastic Foundation model. A test car is used on the track after its wheel load was
determined. The vertical rail deflection is then reedrd he resulting deflection and load

data is input back into the BOEF model directly, or indirectly using a BOEF derived
analysis chart, wher&é ratio————— and the correspondingail section are inputted

in themaster chart (produced as a result of an elaborate numerical evaluation) to find the
value ofk [84].

In another case,@arametric study of all components using a computer model (GeoTrack)

was performed to determine the influence o0°
stiffness[78]. The effect of different variables (stiffness of components, dimensions...) on

the overall track stiffness was estimat&étle depth of the ballast and the stiffness of the
fastenergwhich represents the ties in GeoTraalere found to be the two elements that

have the greatest impact on the tratikness. Thus, arnncrease in fastener stiffnegs.,

crosstie stiffnessandor ballast depth causes an increasevieralltrack stiffness[78].

2.2.4 Effect of Support Condition on Crossties

A wood crosstieds | ife dependdetheoload @,igf f er en
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stress) and support conditiofs a tie deteriorates, it can no longer haiitdleallocatedof

load with the result that its load may be shifted to the adjacenttasjng thee adjacent

ties to beaan increasetbad,and contributing t@n increase in their rate dégradation.
Similarly, as the neighboring ties degrade, they impact the load distribution, around not
only theo r i g middedtie, fiut also other adjacent ties.

To date there has onbeenvery limited researchddressinghis effecthoweverthere has
beenempiricalevidencein the field,usually associated with the formation ofustes of
adjacent failed or degraded t{@$] [17]. Thisstrongly suggestthat there is a relationship
between thechange in load distribution, and the correspondiegradation rates and
failure behaviors of adjacent tiéSne related study addressbeé reliability of a system
consistingof a specific number of consecutive failed ties within a particular track section
to determine when a maintenance activity shagliimally take plac¢85].

In examining tens of thousands of tie condition data, as measured by automated tie
inspection system89] [86], it can be seen that variation in tie condition along the track is
common. This is due to a number of factors to includeuroform tie failure rate$43]

and typical wood tie spot replacement techniques wimberspersg newties in between
degraded tiesThis in turn leads to track stiffness inconsistenajong the trackg87] [88].
Furthermore, it has been proven using statistical analysis that theédokodulus at each
individual crosstie is dependent on the modulus of that immediately adjacerj8%}. it
Using BEOF theory, eecentstudy investigated the effect of tie condition distribution on
life expectancy of wood crossties, and in particular, it quantified the impact of adjacent

support condition on premature crosstie failldy developing a damage ratio, it has been
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shown that the higher the loss of support, the higher the tie life red{@gpnAnother

study expanded on these results to estimate an average tie life based on adjacent ties
conditions as well as define a probability of tie failure depending on the loss of adjacent tie
support.The relationship between the percent loss of support and average tie life was

determined using different data analytics techni86p

2.3 Machine Learning TechniquesUsedfor this Research

In this section, a comprehensive overview of fundamental machine learning concepts is
presented, explaining the techniques and algorithms employed in this research. This
includes the algorithms applied to the research data within both the unsupervised and
supervised machine learning contextsdditionally, the methodologies relevant to
interpretable machine learning and theguyded machine learning, both of which

constitute integral facets of the research approach, are explored.

2.3.1 Unsupervised andSupervisedMachine L earning

Machine Learning (ML) can be broadly categorized into three main types: Supervised
learning,Unsupervised learning, and reinforcement learf@@j[91] in addition to semi

supervised learning which uses both supervised and unsupervised ML c§@2Epts
Reinforcement Learning a machine learning category such that learning how to make
decisions is achieved by interacting with an environment. It can be used in various
applications such as game playingp bot i cs, and phOB®»4éapmous sys

Unsupervised machine |l earning (or unsupervi
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and group Uum®53Wiet fautdahwawman i ntervention, t
identify concealed patterns or data <clust
di stinctions in data makes it an i §&®&l] sol
[ 95]Unsupervised |l earning commonly invol ve
clustering. The |l atter p9.0puWhserseansi |liar dlianeal
reduction, the number of feature%9B9.%] reduc
On the other hand, in superviskgrning, the algorithm is trained on a labeled dataset

[100]. Each datapoint in a labeled dataset is associated with a specific label (a target). In
other words, the labels represent the desired output from the fh0dlgIThe objective of

supervised machine learning is to learn from the labeled data, pick up the pattern and
trends, make predictions on new and unseen[@@). Examples of supervised learning

include classification, where the algorithm assigns a label to input data, and regression,
where the algorithm predicts a continuous valti@2] [101]. An illustration of the

supervised machine learning process is illustrated in Figufiedpired by[103]):

XI‘I ew

Model

A
Predictions

3 Learning
Features X and relationships
Target y between X
. andy

Ypredicted

\_/—\

FigurelQ: Supervised machine learning
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In Figure D, the learner learns a relationship between Features X, and Target y, then

constructs anodel that is used to make predictions based on new valdgs X

2.3.2 Principal Component Analysis

The Principal component analysis or PCA is a statistical method used in data analysis for
dimensionality reduction and feature extrac{ibd4] [105]. It belongs to the unsupervised
machine learning family of algorithnj&06]. The primary objective of PCA is to convert

a highdimensional dataset intolewer-dimensional one while preserving as much of the
original information as possibj@07]. To put it simply, PCA uses a new coordinate system
with axes (principal components), to project the data points onto, that are orthogonal to one
another and are sorted by the amount of variance they repild€#8} The highest
proportion of data variation is explained by the first principal component, which is
followed by the second, third, and so[@06]. PCA enables the data to be represented in

a lowerdimensional space by removing the least significant principal components, which
is helpful for analyzing highdimensional datasetd09]. Figure 11 (generated using

synthetic data) illustrates the dimensionality reduction achieved by PCA.
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Original Data (3D) with Principal Components and Projection Plane PCA Dimensionality Reduction (2D)

Feature 3

—6 —4 -2 0 2 4 6
Principal Component 1

Figurell: PCA for dimensionality reductiofiustration

On the left side of Figurgl, the dataset has 3 dimensions. And after applying PCA, the
data was projected onto a new coordinate system ( represented by the blue plane)
composed of the principal components (shown as the red arrows on the left), resulting in a
new2-dimensionabataset.

For a dataset with 'n' data points, each containing 'm' feataresatrix 'X' of size n x m,

where each row represents a data point, and each column represents attiegbuoeess

for PCAcan be summarized the following seps:

1. Mean Centering:

The initial stepinvolvesmeancent&ing the data by deducting the mean of every feature
from all data point§110]. This guarantees that the origin of the new coordinate system is

positioned at the data's cenf&d4].

aQwe — w
£
Mean centered data: ® ® aQwe for i = 1, 2, é n and
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2. Covariance Matrix

The mearcentered dataset(y 6 s covariance matri X (C) i

relationships between different pairs of features and their varifitio@lq104].

gde)

3. Eigenvectors and Eigenvalues:

Thenext stefinvolves determining the eigenvect®$O OB O and eigenvalues
_h_h_FB 8 of the covariance matri€. Eigenvectors serve as the principal
component$111], while eigenvalues indicate amount of variance explained by each
associated eigenvectfirl2], suchthat. _ _ E _

4. Selecting Principal Components

The eigenvectors are arranged in a decreasing manner according to their associated
eigenvalue§l12]. The eigenvector linked to the largest eigenvalue accounts for the highest
amount of varincewithin the data and is regarded as fiil&t principal componenil13]
[110][112]. Subsequently, the second principal component corresponds to the eigenvector
with the secondiargest eigenvalue Selecting the number (k) of principal components to

be retained for further analysis depends on how much variance is wanted to be preserved.
By choosing a small number k, the dimensionality reduction is achieved from m to k
dimensiong114].

5. Dimensionality Reductian
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The final step consists pfojecting the meanentered data X onto the new coordinate
system defined by the k selected principal componentsigenvectors|j114].
The final resulting matrix Z is the neawer dimensional representatifiil] such that:

whereo ORI D is the matrix composed of the first k eigenvectors.

2.3.2.1 Kmeans Clustering Algorithm
K-means Clustering is an unsupervised machine learning algorithm used to group or

cluster similar datapoints based on their feat{#8k [115] as illustrated in Figure2l

Data Points Before Clustering Data Points After K-Means Clustering

¥ Cluster Centers

Feature 2
= =
u 5} v}
L L L

Feature 2

o
L

-7.5 -5.0 —-2.5 0.0 25 5.0 7.5 10.0 -7.5 -5.0 =25 0.0 2.5 5.0 7.5 10.0

Feature 1 Feature 1

Figurel2: K-means Clustering lllustration

Figure 2, generated usingynthetic data, shows the resulting clusters with their associated
centroids after applying#neans. The latter aims at minimizing the distance between data
points belonging to the same cluster while maximizing the distance between the different
cluster[116] s[117]. In other words, for a dataset of N datapoints, the objective is to find

K (optimal number of clusters) centroids, ©;, Cs..., Ccand assign each datapoint to the
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closest centroid. This can be achieved by minimizing the objective function consisting of

sum of squared distances as foll&6] [117]:

where: xis the " data point, crepresents thé'jcentroid, and w=1 if x; is assigned tojc
and wy = 0 otherwise.
The Euclidean Distance is commonly used as a distance metriesweaKs (however

other distance metrics can also be u$&ti§], which is defined afl19]:

Q W W
where d is the distance,i(y}s) ar e t he first Hyw)iarathedsescondoor di |
pointdés coordinates.
It is important to note thahe initial selection of centroids can have an impact on the
algorithm's output. Different cluster assignments may result from various initializations
[120]. In addition, 1 is necessary to specify the number of clusters, K, in advance, which
can be challenginfd21]. The "elbow method[122] [123] and "silhouette scord124]
[125] are two methods thaanbe used to selette optimal number of clusters K.
Briefly, K-means algorithm can be summarized in the following 43 [119] [116]
[126]:
1 [Initialization
o0 After choosing the number of clusters K, centroids are randsehiygted.

1 Assignment
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o Each data point is then assigned to the nearest centroid using the
Euclidean distance.
1 Centroid Update
0 A new centroid is found for each cluster by computmgmean of all the

data points within that clustead -B @ where n is the number of

datapoints assigned to the clugter
1 Loop until convergence
0 Repeat the assignment and centroid update steps iteratively until
convergence. Convergenkappensvhen thee is no significant change in
the centroids.
1 Resulting Clusters:
0 After convergence, the datapoints are all assigned to the final K clusters

based on the proximity to tleentroids.

The K-means clustering steps are summarized in the flowchart in Figure 1
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[ Select number of cluster k ]

:

[ Set Random Clusters Centers ]

.

—l‘*[ Calculate distance between data and clusters centers J

.

[ Assign data to clusters based on the minumal distance J

v

Recalculate new cluster
centers

yes
v

Assign to new clusters based on the minimal distance ]

.

Center
locaction
changed?

Figurel3: Flowchart of kmeansclustering steps

2.3.3 Neural Networks

Neural Networks are type ofmachine learninglgorithmsinspired from the function
and structure of the human br§ir27]. They consist of connected artificial neurons,
organized in different laye[428]. Neural Networks arased in many domains because

they are capable of modeling complex nonlinear systems with higher accuracy compared
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to the conventional methods as regression and statistical nip2@]$130] [131].

2.3.3.1 Artificial Neural Network Architecture

2.3.3.1.1 Layers

A neural network is composed of structured layers, mainly the input layer, which consists
of the set of inputs, hidden layers, and an output layer. The multilayer perceptron is the
most popular class of multilayer fegatward network$132], and & example is illustrated

in Figurel4 (generated using TikZ packaffe33]).

hidden layers
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Figurel4: NeuralNetwork lllustration

The neural network (NN) presented in Figife has 3 hidden layers, each of which
contains 5 neurons. Note that the structure presented is of a typical NN, other types of

NN, such as convolutional NN or recurrent NN have different structures.
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2.3.3.1.2 Perceptron

Each layer is composed of neurons, or nodes. Frank Rosenblatt first introduced the
perceptron concept in 195¥34] that is considered the elementary unit of neural networks
[132] [135]. It is the mathematical model of a biological neufd82] [136]. The
perceptron produces an output by calculating a weighted sum of inputs aragpiyang

an activation functioj135], as illustrated irFigure B (generatedn Latex using TikZ
packagdg133]), wherec is the inputi, 0 represents its equivalent weight akés the

bias.

. /? RN

‘-"I ActivationFunction ."".
Inputs T2 =2 | @ E ! output

J(Bw;z; +b)

Figurel5: Perceptron

Different types of activation functions can be used, and the most common ones include

sigmoid, tanh, ReLu and softpl{&32] [137].

2.3.3.2 Training Neural Networks
Training a neural network involvesljustingits weights and biases to minimize the
prediction errors. This process involves main stepstorwardpropagationand

backpopagation
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2.3.3.2.1 Forward Propagation

Forward propagation involves a stepstep computation and storage of intermediate
values within the neur al net workoés nodes
Figure B) [138]. Forward propagation goes from the input to the output layer in a
sequential manngt39].

Let be the inputitd  the node i in layek, & the bias for node in layer k, adsthe

output i, in the illustrative neural network present in Figute 1

The activations functions will be applied to each of the input nedés then to each

of the nodesd within the hidden layerto finally get outputso..  [138][139].. For

node® , Figurel6 (also generated usifigkZ packagg133]and [140]), illustrate the

forward propagation process

(0)
(231 |7 w10 w1y 1 o W1 by —|
”;U wa_o Wo_ 1 co. Wwao., bg])
, = f . . . ] + "
(1) w w, R 72) [¢]
alb e, 0 e, 1 LT b£,)

a® = 7y (W(n) + b(o))

Figurel6: Forward Propagation

In general,
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For a neural network with K hidden layers, the output vector is then:

« "Qff HE H

2.3.3.2.2 Loss Function
The loss function is a function that computes the difference between predicted outputs and
actual output§138] [141] [142]. Commonly used loss functions are cross entropy for

classification, and mean squared error (MSE) for regrefbéd) [141] [142].

2.3.3.2.3 Backpropagation
Backpropagation is an algorithm that minimize the measure of the difference between the
predicted output of the neural network and the actual (or desired) output values by
repeatedly adjusting the weights of the netw¢ik4] [132]. Unlike the forward
propagation, it goes from the output back
through the networkl45] following these three main stefis38]:

9 Calculating the loss function L

1 Gradient of the loss is then computed with respect to all the weights and biases

using the chain rul¢139].
1 The weights and biases are adjugtexzportional to the size dieir gradientsunder

the gradient descent methdd9].
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Gradient descent algorithmasea numerical optimization technique used to update
weights and minimize the l0§k35]. The objective is to find the parameters w and b that
minimize the total loss (or errof}45] .
Let the loss be defined @« ). Using the Delta Rulgl46], for the output layer,
the gradient of the loss with respect to a weighis [139]:

T Ouho T 0w

To To

And the loss in théinode of the ¥ layer[145] [139] with respect to a weightiy

T a

<

10y

0 0

Whered BUr®d @
The weights and biases are adjusted after each iteration. For example, at iteratiba n+1,

weight is adjusted as followW$45]:

‘ |T0 :
O € ; Of €
R P T0 ¢ A
Or
‘ 10y
Oy € ; [ Of €
A p 70 ¢ R A
wheries the |, eiag mtohmm nt a¥ie, iasmndwei ght incremen
previous iteration.
2.3.3.3 Gradient Descent

As explained, dring backpropagation, gradients of the loss with respect to weights
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and biases are computadd allowed to adjust the weights

The gradient is a vector that indicates the direction dbdsfunction’'s sepsincreasavith
respect to the biases and weightts given locatiorBy adjusting parameters antbving

in the opposite direction of the gradiexfiter each iterationheNN gradually fals towards
lowervalues of théossfunctionto finally reach a minimunil47][148][149]. The size of
each step is det whicmisthededrnimgyaf@pi[t48lmet er U
There are different variants of gradient descent, inclu@ittghastic Gradient Descent
(SGD), which ypdates the parameters using a single randomly chosen training example at
each iterationthe Mini-batch Gradient Descent, which updates the parameters using a
small random subset (mibiatch) of the training data at each iterati@s well asAdam,
RMSprop, and other Optimizersvhich are adaptive optimization algorithmsand

dynamically adjust the learning rate during training to improve converdébtg[149].

2.3.4 Interpretable MachineL earning

In the field of machine learning, the term 'black box' is used to describe models whose
inner workings cannot be comprehended understootly examining their parameters
[152] [103]. Interpretable machine learning, on the other hand, refers to techniques and
models that aim to make the behavior and predictions of machine learning systems
understandabléntelligible, and clear to humarj$03]. There is no mathematical definition

of interpretability[110], but it can still be defined afthe degree to which a human can
under stand t he [163} u Ihe dediéte toawhiche bumean comsigtently

predict the[l5odel 6s result
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The interpretability of a model is important as it allows us to learn more about the data,
provides transparency (in critical situatiofi5)3]. Besides, the interpretability of a model
builds confidence in its performance and can help identify biases in the data or model
itself, enabling adjustments to be mddé5]. For certain tasks and problems, a simple
prediction is not enough, and the need to explain the reason behind the prediction becomes
necessary103]. However, h somecases, there is a tradff between model complexity

and interpretabilityj156] [103]. While interpretable models are simpler and easier to
understand, they may not perform as well in making predictions compared to more
complex, blackbox modeld110]. Deciding which interpretability method to use depends
on the particular application, how importaransparency is, and who will be using the
model's predictiongl57] [103].

Methods for interpretable machine learning can be divided into two main groups: intrinsic
(or antehoc) interpretability and pos$toc interpretability. These can be further categorized
into global and local interpretabilif{t58] [159].

Ante-hoc or intrinsic interpretability is related to sadkplanatory models such as decision
trees, rulebased models, linear models, and attention models among it68fsWhile
posthoc interpretability is composed of explanations of existing mofi88]. By
providing (data) evidence to support its reasoning or by simplifying its working lagic,
norttransparent (blackox) model can be explained or interpreted extrinsicglfl]

[159]. For example, it can focus on the input and learning process or can produce a
simplified approximate model with similar behavior to the original nemansparent

model[159].
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On the other hand,Igpal interpretability provides a broad understanding of the model's
behavior and general reasoning, while local interpretability provides insights into the
model's predictions at an individual level, by identifying the factors driving specific
outcomeg162] [163]. In fact, dobal interpretability refers to understanding how a model
works by looking inside it. The ultimate objective is to see how the model behaves overall
and how it makes predictions for the entlegase{162]. This includes, but is not limited

to, examining which features are important (feature importance analysis) and how they
interact with each other to make predictions (feature interactions anlyzl$)

Feature Importance Analysi®@r featurelevel interpretations, feature attributions, or
saliency mapsis an explainability or interpretability method used to determine which
features (or variabl es) st f161[g6b]yTechnigfies ue nc e
like SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model
Agnostic Explanations) fall under this categf¢6] [161].

In thisthesis in addition to a few unsupervised machine learning techniques, interpretable
machine learning will be leveraged through ghabalfeature importance analysis.

In simple terms, feature importance is a score ranging from 0 to 100 attributed to each
feature indicating iteffectiveness in predicting the target variable, such that all feature
scores sum up to 1Q@67]. In predictive modeling, there are different metrics to measure
the relative importance of featurd468]. Methods for performaneeased feature
importance evaluate the effect of a specific feature, by analyzing how altering it impacts
the model's overall performanfi9]. XGBoost Extreme Gradient Boosting), which is a

subcategory decisions forests[3Q]70], was opted for in this analysis because of its
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scalability, fast executiol71], effectiveness, robustne$s70] and typically higher
performance compared to other algoritfib70] [172] [173] [171]. In fact, XGBoost

belongs to a machine learning category known as Ensemble Learning, which is a subset of
machine learning techniques that involve training and making predictions using multiple
models concurrently to generate a single superior singleub[it71] [170]. XGBoost

builds boosted trees strategically to derive feature scores, hence indicating the significance

of each featur¢l74]. The more crucial a feature is, the higher its score. The algorithm
guantifies the i mportance throu¢@R][E76lunt i ng
Gain serves as the primary reference factor for assessing the feature importance within the

tree branchefl75] and was the metric used in this analysis.

2.3.5 Theory Guided Machine Learning

Machine learning has proved to be successful in several domains, nonethbbsdsadt

limited relevance and applicabilitin solving scientific issues involving complicated
physical processd476]. Many machine learninglgorithmswere able to automatically
extract complicated relationships from d@1&7]. However, in some fields, machine
learning models were inadequate to explain the reality of the studied systems while other
were not able to capture the complexfythe studied physical phenomgda6]. This is

mainly due to the nature of the problems as well as the type of data gathered from the field
(for instanceagiven limited measuremeand collectedlatg or so many physical variables

involved and so few representative training sample&s].
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In addition to that physical variables frequently exhibit complicated, -stationary
patterns that alter dynamically throughout time and that is hard to c@btéie

Many situations can be generically solved by classical machine learning techniques and
algorithms. The lattedto notneed a precise, clear design. Instead, they effectively learn the
intricate architecture from a set of labelled d#tarefore get knowledge from dafa79].

For instance, in the supervised machine learning, a model is first created based on
analyzing the dataset (training set) and then forecasting the label of a new input data point
(testing)[180]. Although there are benefits of using traditional machine learning, such as
existing models for easy applicatignand availableresearch and literature on how to
optimize models ahmake them more accuratbe fact that it relies solely on data, could
make the lack of scientific knowledge impede the model in certain applicktic6]$181].

Theory Guided Machine Learning is the incorporation of domain knowledge into data
[176]. It is a growing field that has been a great addiction to different areas of expertise.
Figure I7 conceptualizeshe theoryguidedmachine learningparadigm(recreated from

[176]), which aims to take advantage of data science's potential without neglecting the

information acquired in scientific principles
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Theory-Guided Machine Learning

Theory Based
Models

Theory-Guided Machine Learning Models

Scientific Knowledge

Machine Learning Models

Data Amount

Figurel7: A representation dfheory Guided Data Science

The xaxis measures the use of data while thaxig measures the use of scientific
knowledge.Theory Guided machine learning is the area of knowledge discovery that
makeseffective useof the data while taking into account the underlying scientific
understanding.
Recently, several works have attempted to merge Equation based modeling and Machine
Learning models for the full use of their combined poterfi8R] [183] [184]. As an
example, the construction of a theory guided machine learning model can follow the steps
suggested ifL85]. After the data collection, a simple model is built to explore the existing
correlations, then the model is refingd be finally trained and deployed285]. This
supports the physical reasoning behind the model.
There are different ways of infusing knowledge in the design of machine learning models.

1 Theory based model architecture that is compliant with scientific knowl!Edts.

[182]

1 Theorybased preprocessifigd2]
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1 Theorybased regularizatiojd76] [182]

1 based on the way the model is brought into the hybrid architdt@eé¢

Table 8summarizegxamples ofomeimplementatios:

Table8: Implementatiorexample of theory guided machine learnjhg6] [182]

Theory Guided Machine

. . Implementation method
learning application

Add a model calibration (equation fitting) as a

Input Modification . . .
P input to the model: (input+ theoretical input)

Model architecture Combination of successive machine learning
modification models

Regularization Adding new penalties to the loss function (
modification differentweights..)

As Theory Guided Machine Learning is an emerging field, not afleffort has been
devoted to theory guided machine learning in the railroad engineering area. In this PhD
thesis, he objective of using a theory guided machine learning framewotsirgy
scientific knowledggfrom railroad engineering theorieg) guide the construction and
architecture ofa dynamicmodel able to forecast the complex interaction of adjacent

crossties degradation behavior.
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2.4 Summary
In this chapter, a comprehensive overview of concepts that are crucial for a clear
understanding of the content within this thesis including:

1 Ties: A detailed description of ties was presented, including their functions,
mechanisms of degradation, the typical lifespan of ties, and the diverse factors
influencing their deterioration.

1 Beam on Elastic Foundation: The Beam on Elastic Foundation model of track was
thoroughly presented as it is fundamental for understanding the behavior of a
railway track and the distribution of loads across it. Additionally, the role of ties
and their codition in affecting overall track stiffness and load distribution was
explained.

1 Machine Learning: Essential machine learning concepts used in this thesis were
addressed.These include supervised and unsupervised machine learning
techniques, such as Principal Component Analysis (PCA) ame&nhs clustering.
Furthermore, an introduction was provided to interpretable machine learning and

theoryguided machine learning.

By clarifying these crucial subjects, this chapter establishes a solid groundwork for the
subsequent discussions and analyses presented in the thesis.

The next chapter introducesgploresand examines the data employed in this thesis.
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Chapter 3

DATA PRESENTATION, PREPROCESSING AND EXPLORATORY DATA

ANALYSIS

This chapterfocuses onthe dataused in this researcitUnderstanding he crossties
inspection data is a crucial step for further analySd®e source of the datalata
description, data prprocessing anéxploratory Data Analyses (EDA) apeesented and

discussed in detail.

3.1 Data Presentation

Understandinghe nature of data used in thiresisholds

significance not only in ensuring transparency but also in its critical role in aligning with
the primary objectives he data sourd@utomated inspectiorehicle) is briefly presented
accompanied by an illustrative example of its application in tie condition assessment
Additionally, the type and structuie thegathered data is provided with a corresponding

data dictionary.
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3.1.1 Automated InspectionVehicles: Aurora System
The crosdie condition data was collected using state of the art automated inspection

vehicles. Automated inspection data have been widely used in the recent years to assess a

trackds components condition and ma3k i nf ol
[186]. The inspection vehiclemeasurecrosstie condition by scanning the track and
assessing the condition of each individual cittes§187]. Figure B illustrates the Aurora

inspection vehicle that generated data for this research.

Figurel8: Auroratie inspectionvehicle[188]

As the inspection vehicle (a hyrail truck) moves along the track (with a speed up to 25 kph
(42 mph)), the sensors gather data continuofddél9]. The inspection vehicle scans both

the surface and interior of the cresss, using different technologies including machine
vision, backscatter ;Ray technology[55], high-speed cameras, lasers, and 3D surface
scanner creating a higlasolution 3D image of the trackLl89][186]. Positioninformation

for each crossie is obtained by synchronizing data using differential GPS, a rate gyro, and

a wheel encoder. This synchronized data, along withifhages, is then processed by
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machine vision algorithms to automatically assess the condition of each c[©88Siie
[186]. Figurel9illustrates the aurora tie grading system with 2D(top left) and 3D (bottom
right) views of the track bed, a map overview with Milepost coordinates (top right), and

the individual measurements of ties (bottom left).

Figurel9: Aurora tie grading systefi86]

3.1.2 Tie Condition Assessment
A detailed report of the crode condition is provided on te-by-tie basig188]. Cross
tie conditions are assessed based on more than 30 different variables such as splits, cracks,
platecutting.. and an individual crosse condition score is then assigned on a scale of 1
to 4, 1 being the befi88].
The Aurora system provides tie condition scores:
9 Tie Score: This variable is an integer that indicating the score of ties. It is measured
on ascale of 1 to 4, where 1 represents the best condition and 4 represents the worst.

A value of €1) is assigned to ungraded ties.
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1 TQI Weighted Tie Score: This variable is a decimal score representing the surface
score of ties, also on a scale of 1 to 4, with 1 being the best and 4 being the worst.
A value of €1) indicates ungraded ties.

1 Internal Tie Score: This variable is a decimal score representingréyescore of
a tie. Similar to the others, it is rated on a scale of 1 to 4, with 1 being the best
condition and 4 being the worst. A value f)(is assigned to ungraded ties.

1 Aurora Xi Score: This variable combines the surface analyxscores (expressed
as a decimal). It is rated on a scale from 1 to 4, with 1 signifying the best condition
and 4 indicating the worst. A value ofl} is assigned to ties that have not been

gradel.

Figure20provides a visual representation of tigth their assignedondition scoreblsing
Aurora:tiesin good condition ¢onditionscore = 1), marginal conditiomgnditionscore

= 2), bad conditiondondition score = 3), and failed conditiondnditionscore = 4).
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Marginal

Figure20: Examples of tie condition scorg0]

3.1.3 Data Description

The data was collected from the same track with a combined length of 67 miles [108
kilometers]in four distinct years: 2016, 2017, 2019, and 202t track belongs to a
class 1 railroad in Northern Texas (as determined by the GPS coordinates), which an
intermediate wood deterioration zod®1]. Noting that there are typically 3250 ties per
mile, the 67 miles represent approximately 218,000 ties.

The raw data was provided as follows:

A 2016: 10 text files

A 2017: 8 text files

A 2019:8 text files
A

2020: 12 text files
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An example of a text file is presented in the screensheigure21.

Tie Num Tie Start Slice Tie end Slice Mile Post Crossing Switch Bridge Guard Rail Is Concrete  Tie to Tie Distance  Cumulative Distance  Plate Cut LL Max (in) Plate Cut (R Max (in) Plate Cut RL Max (in) Plate Cut RR Max (in) LRai
¥7 7.6142886 8 1 [] [ a ] 25582285 -g.88 -93 -39 -39 @ @ [] 4 4 57 a7 8.3 8438 @ [ 816 8 3 2.7 .84 2
1 B4 42 NTEMSS 8 2 ] [ ] 2185 255823.85 .88 93 83 99 -9 @ ] 4 4 196 180 3.6 654 @ 8 ] ] -1 -1 1584 2
2 518 660 1 ] 2 [] [ ] 19.97  255025.43 -g.88 -93 -39 -39 @ @ [] 4 4 09 189 8.6 1539 @ [} ] ] -1 -1 0.4 2
3 7% 932 NT.EISNSS 8 2 ] [ ] 3.9 255027.4 ] 9% 93 8.2 8 ] [] 4 1 123 13 3.6 8514 @ 8 ] [] -1 -1 B34 2
[3 1806 1104 N7.6154787 @ 2 [] [ ] 16.88  255028.78 -g.88 -93 -39 -39 @ @ [] 4 1 65 184 8.6 0.63 @ [} ] ] -1 -1 .65 2
5 1247 1352 A7.6157867 @ 2 ] [ ] 19.79  255038.4 .85 -9 -3 99w @ [] 4 5 95 85 5.6 @ ] [ ] ] -1 -1 3Led 2
6 1558 1660 217.6161347 @ 2 [] [ ] 26.16  255831.56 -89 99 -39 99 - -3 @ [ 4 08 180 8.6  -0.047 @ 239 @ ] -1 -1 08 2
7 1769 1588 217.616483 ] 2 ] [ ] 15,48 255034.87 B85 93 BB 99 B ] [] 4 4 95 % 8.6 Lew @ [ ] ] -1 -1 5 2
8 227 240 27.6166186 @ 2 [] [} (] 2152 255035.84 -99 9% B4 99 @ 3 @ 4 1 08 160 8.6 0.689 @ ] (] ] -1 -1 28 2
9 28 BR NTELT 8 2 [] [ a 0.8 255837.55 .88 -9 84 99 BB @ [] 4 1 %2 93 8.6 -8.538 8 [ a ] -1 -1 875 2
10 2518 2621 217.617453 ] 2 [ [ ] 19.87  255839.18 99 -9 LR ) 9 e | 4 4 00 9% 83 a6 @ [ a ] -1 -1 7.5 2
n 761 1858 NT.ELITM2 8 2 [] [ a 20.59  255848.86 -g.88 -93 -39 -39 @ @ [] 4 4 57 93 7.8 -B.ES2 8 [ a ] -1 -1 B.T7 2
12 3809 3135 27.6181284 @ 2 ] [ ] 2215 255842.69 -89 2] LI ) 9 %8 4 4 m w3 -8.783 @ 8 ] [ -1 -1 2073 2
13 3151 365 N7.6182994 @ 2 [] [ ] 1152 255643.64 -89 99 EE-) 98 tE | 1 (] W w71 8B 8 [} -1 -1 -1 -1 w0 2
14 3269 3371 27.6184458 @ 2 ] [ ] 5.41  255844.41 -5.85 -9 LI ) LI ] [] 4 4 95 E 8.6 @15 @ 8 ] [] -1 -1 185 2
15 MM 354 NT.EETISS 8 2 [] [ ] 17.22  255845.83 -89 99 EE-) 98 tE | 5 4 % Ex 8.6 0257 @ [} ] ] -1 -1 7E 2
16 3781 3792 ] 2 ] [ ] 15,78 255847.37 8.8 -9 % % LI ] [] 4 4 91 L 8.6 @ ] [ ] ] -1 -1 0.3 2
v 17 4111 ] 2 [] [ ] 26,79 255848.56 -89 99 L) 98 tE | [ 4 E % 8.6 a8 @ ] (] ] -1 -1 215 2
18 20 428 ] 2 ] [ ] 15,32 255856.83 -89 9 836 99 8 tER | 4 4 57 7 7.1 a8 8 [ ] 8.63 -1 -1 .32 2
1 540 4638 ] 2 [] [} (] 26.99  255053.21 -99 99 ) 99 3 @ 1 4 97 93 8.6 0.4 @ ] (] ] -1 -1 46,53 2
» 13 s [ 2 [] [ a 32,83 255055.83 -89 33 CER ) 93 tER | 1 4 98 £ 7.2 -pEM 8 [ a ] -1 -1 %13 2
n 5345 5354 ] 1 ] [ ] 27.93  255858.13 -9 ] LI ) 9 %8 4 4 08 9% 8.6 8514 @ 8 -1 ] 4 4 3758 2
2 5487 5516 ] (] [] [ ] 13.67  255058.25 -89 99 EE-) 98 tE | 4 4 95 £ 8.6 -B.655 B [} ] ] [3 ) .5 2
3 5678 5772 ] (] ] [ ] 219 255861.85 -6.85 -8.88 -2.16 @ 6.16 0.68 8 1 1 w1 97 81 -84 @ 8 ] [] 1 11 2.5 2
1} 5879 5985 ] (] [] [ ] 17.81  255062.51 8.8 @ [} -8.88 0.88 9015 @ 1 1 65 181 81  -p.48 8 [} ] ] 1 L1 145 2
b1 6116 6217  27.6221928 @ ] ] [ ] 19.79  255864.13 8.8 -8.05 -8.85 0.83 005 @ 1 1 106 9% 8.3 -84 8 [ ] ] 1 1z 15 2
% 6341 6M9  27.624342 @ ] [] [ ] 19.28  255065.72 -8.16 -0.88 -2.88 -9.16 0.6 0.08 @ 1 1 FEER ] 81 e @ ] (] ] 1 1 165 2
7 6574 6677 27.62799 @ ] ] [ ] 19.45  255867.32 8.6 -B.88 2.8 -9.88 6.16 0.68 @ 1 1 EER] .1 0.e% 8 [ ] ] 1 L1 LB 2
b 6815 6921  27.631167 @ ] [] [} (] 20.45  255069.81 99 -0.08 -9.16 0.8 .08 @ [] 1 1 04 180 8.2  -0.0% @ ] (] ] 1 1z 41 2
3 738 7152 27.6234155 8 (] [] [ a 19.16  255878.58 -8.85 -0.88 -8.16 816 B 0.88 @ 1 1 11 1987 52 8245 @ [ a ] 1 1 15 2
38 7284 736 NT.EBTE 8 ] [ [ ] 20.35 25507223 -8.16 -0.88 -2.16 -9.16 6.88 0.88 @ 1 1 12 9% 8.2 0.8 @ [ a ] 1 1 518 2
31 s 767 N7.6240328 8 (] [] [ a 19.32  255673.83 -8.88 -8.8 -8.16 0.88 015 @ 1 1 106 182 8.2  -B.49 8 [ a 8.8 1 L1 1m 2
32 T4B  TE54 NT.6M348 @ (] ] [ ] b2 255675.47 -8.83 -0.83 -2.08 -9.16 6.88 0.63 @ 1 1 1w B 81 0272 88 8 ] ] 1 12 38 2
3 7984 BeS2  27.6246567 @ (] [] [ ] 0 255677.11 -8.88 -0.88 -9.88 -9.08 0.88 008 @ 1 1 4 180 82 0.9 @ [} ] ] 1 1 2
34 814 833 ] (] ] [ ] 19.45  255878.71 -8.85 © -8.65 -8.16 0.83 .88 @ 1 1 #5182 33 8.6 @ 8 ] ] 1 13 257 2
35 8458 8560 27.6152714 @ (] [] [ ] 19.95  255088.35 816 @ [} -8.88 0.16 0.4 @ 1 1 97 183 84 0.2 @ [} ] ] 1 14 315 2
36 3689 BB 217.65%873 @ ] ] [ ] 0.3 255882.81 ] -0.88 -8.16 -B.16 8.85 816 @ 1 1 184 18 53 8512 8 [ ] ] 1 13 38 2
37 8914 9030 217.6256861 @ ] [] [ ] 19.11  255083.59 8.6 @ -8.08 -0.85 0.8 015 @ 1 1 6 12 83 0.8 @ ] (] ] 1 14 8% 2
38 9152 9268 217.6261393 @ ] ] [ ] 20.88  255085.23 .85 0.8 -2.16 -9.88 6.88 0.68 @ 1 1 18 185 53 644 8 [ ] ] 1 1Lz 4B 2
3 9390 499 27.6265873 @ ] [] [} (] 19.79  255086.86 99 99 .88 8.24 8.6 -3 @ 5 1 06 182 83 0.4 @ ] (] ] 1 13 15 2
] 9635 9M2  217.6268285 8 (] [] [ a 20.59  255888.56 8.3 8.4 8.8 -B.B5 8.83 0.3 @ 1 1 99 % 7.5 851 @ [ a ] 2 23 17 2
a1 9773 %679 ] ] [ [ ] 116 255889.51 99 B4 -39 99 99 @ ] 1 4 98 e 7.8 8514 -1 816 @ ] 3 3 3Les 2
) 16005 16111 [ (] [] [ a 19.5  255891.11 EURE D R R I I | [ (] 07 187 -1 9 -1 -1 -1 -1 -1 -1 1 2

Figure21: Screenshot of an inspection generated file
For each individual tie observation, addition to the tie condition score (or assessment),
there are many descriptive variables unique to that tie summarized in the data dictionary
provided in Table9. The latter would serve as a reference guide, offering detailed

explanations of the variables and attributes within the dataset.

Table9: Data Dictionary

Variable Meaning and Explanation

Tie Num tie number, a tie counter which resets for every file

Mile Post Mile post location

Crossing 0 2:tieis part of @rossing
o 1:tieis 1 tie from crossing on either direction
o O:tieinnotin a crossing
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Switch

: tie is part of a switch,

: tie in not in a switch

Bridge

. tie is part of a bridge,

: tie in not in a bridge

Guard Rall

: tie is supporting guard rail
: tie is not supporting guard rail

Joint Bar Tie

: tie is under a joint bar
: tie is not under pint bar

Is Concrete

: concrete tie
: wood tie

Left Plate Type

Right Plate Type

Plate ty
: unknown

: spike plate

s eclip

: Pandrol fast clip
: spike plate 18 in
: spike plate 10 in
o 6: victorplate

O 0o0oo0oo0oo P o o|loo|loo|loo o|jo o o
O B WNPFP OO ORFRIORPR OFRPORFPDNORFRPNDN

Tie to Tie Distance

Distance from tie center to tie center in inches

Width Left Side

Tie width on left rail side in pixels

Width Right Side

Tie width on right rail side in pixels

Tie Length

Length of a tie in feet

Skew Angle Degrees

Tie skew angle in degrees

Curvature (deg)

Degree of curvature of track (degrees)

Plate Cut LL Max

Plate cut value for left field side of tie (in)

Plate Cut LR Max

Plate cut value for left gage side of tie (in)

Plate Cut RL Max

Plate cut value foright field side of tie (in)

Plate Cut RR Max

Plate cut value for right gage side of tie (in)

LRail Diff Plate Cut

Plate cut differential for left rail in inches
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RRail Diff Plate Cut

Plate cut differential for right rail in inches

Left Field Adze Depth

Depth of adzing on left field side (in)

Right Field Adze Depth

Depth of adzing on right field side (in)

Left Gage Adze Depth

Depth of adzing on left gage side (in)

Right Gage Adze Depth

Depth of adzing on right gage si(ie)

Ballast Coverage

Represents the percent of tie that is covered by ballas

GPS QoS

Quality of GPS signal, scale3], 5 is best, 1 is worst

Tie Score

Integer tie condition score with a scale of 1 to 4, 1 bg
the best and 4 being the worst) is for the ungraded tig

TQI Weighted Tie Score

Decimal tie surface condition score with a scale of 1 t

Internal Tie Score

Decimal score that represents theay score of a tie witl
ascaleoflto4

Aurora Xi Score

Combination ofsurface and xay scores (decimal), with
scaleof 1to 4

Note; in addition to these variables, only the 2020 data inspection provided additional GPS
coordinates (latitude and longitude data that would be used for further variable extraction
in Section3.5of this chaptex

In thisresearctproject, the tie condition was assessed using the Aurora Xi Score (as it is

a combined value) in addition to the Tie Score when integer values were needed.

3.1.4 Data Preprocessing

Before starting théexploratory Data Analysis, the dataneededio be transformed and

preprocessed for proper and efficient treatment and anallisés.data preprocessing

involvedtwo essential steps to ensure that raw files were prepared
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1. datatransformationthis initial step involved converting raw text data into
suitablefile formats (xIsx and csv)}that areableto be processed by different data
analysis tools

2. data integrationin the second steplata fromthe various text files sources

were merged into 4 different cohesive datasets, each representing an inspection data
from a distinctive yearTable D presents the total number observations (or ties

datapoints) for each dataset.

Table10: Number of observations per year

Inspection year 2016 | 2017 |2019 | 2020

Total number of tieg 209175| 209152| 209177| 209155

3.2 Exploratory Data Analysis (EDA)

Following up on the data preprocessirigs important to understand thbaracteristicef
the tie inspection datased in this analysighe first part looks into the different variables
accompanying the assessed tie condition (as described in9)at&ile the second part

is a detailed breakdown of tie condition data per mile and per year.
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3.2.1 Exploratory Data Analysis: Part 1

3.2.1.1 Track Characteristics
The EDAG miitial focuswas on examining features that provide insights into the external
conditions of the tieto gain a general overview of the tradRrimarily, this entails
investigatingthe following aspects:

1 the degree of curvature of the railroad track

1 the type of ties inspectdd/ood or concrete tis),

=

the percent of ties thare part of
0 crossings,
0 switches,

0 or bridges

=

the percent ofies supporting guard rajls

=a

and finally, the percentage of ties locateaierjoint bars

To achieve thathistograms were generated (using only one dataset: the 2020 inspection).
Figure 22 represents a histogram of the degree of curvatuexi®) and the equivalent
percent of ties, while Figur23 represents histograms of the variables: Guard Rail, Is

Concrete, Bridge, Switch Crossing, and J&8at Tie (see the data dictionary in TaB)e
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Histogram of Degree of Curvature
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Figure23: Histograms of the variables: Guard Rail, Is Concigtelge, Switch Crossing,

and Joint Bar Tie

From Figure22 and Figure23, the following conclusions/ere drawn:
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1 The track is primarily tangent, with more than 85% of its length exhibiting
curvature angles of less than 0.25 degrees. The remaining portion of the track has
a maximum curvature o1.75 degrees (note, the positive and negative signs
represent the curvature directions)

1 All of the ties are wood ties, none of which is part of a crossing or a gwitch

1 None ofthetiessupporta guard rail

1 Lessthan 0.1% of the ties are part of a bridge

1 Less than 0.1% of the ties are under a joint bar

3.2.1.2 Ties Features

Once the overall track characteristics were assessed providing insight into the external
conditions affecting the ties and identifying potential factors contributing to tie
degradation(such as the degree of curvature), the analysis delves further iotmgxp
additional features. This exploration seraesual purpose: detecting outliers, and gaining

a comprehensive view of the dataset as a whole.

As a first step, to get an insight on the linear correlation between pairs of features, a
correlation plot wagenerated using Pearson correlation coeffidie®2], and is presented

in Figure24.

7 Switch ties were dismissed from the analysis.
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Figure24: Features Correlation Plot

Figure24 shows a strong multicollinearity between the tie condition scores: Internal Tie
Score, Aurora Xi Score, Tie Score, and TQI Weighted Tie Sxoexpected because they
reflect the tie condition assessed by the same inspection system. In addition to that, there
is a moderated positive correlation between the tie condition and the plate cut features:
Plate cut RR, Plate cut RL, Plate cut lRlate cut LR, andPlate cut differential for left

rail, and right rail (LRail Diff Plate Cut, RRail Diff Plat€ut). This could indicate a
causation relationship: the plate cuts impact the tie condition. Finally, with the exception
of the positive high correlation between the left and right sides wildéhyest of the
variables show weak or no correlations.

To explore the variables deeper, d&edoredelving into an indepth analysist is prudent

to begin with a concise summary statistic. This initial statistic will offer a snapshot of
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essential characteristics within our dataset, providing an initial understanding of central
tendencies.

To facilitate abetterexploration of the variables and as a preliminary step, summary
statistic (mean and standard deviation) are presented in Tdbl@ther statistics are

summarized iAppendixA.

Tablell: Summary Statistics

Mean Standard Deviation

year | year | year | year
1 2 3 4

Degree of curvature | 0.149 | 0.151 | 0.152 | 0.147 | 0.355| 0.359]| 0.355]| 0.375
Tie to Tie.Distance | 20.056| 19.854| 19.747| 19.772| 2.580| 2.598| 2.538| 2.450
Plate.Cut.LL.Max 0.071 | 0.110 | 0.101 | 0.131 | 0.097| 0.129| 0.137| 0.155
Plate.Cut.LR.Max 0.114 | 0.165 | 0.148 | 0.181 | 0.126| 0.158| 0.161| 0.178
Plate.Cut.RL.Max 0.124 | 0.172 | 0.165 | 0.193 | 0.137| 0.165| 0.170| 0.193
Plate.Cut.RR.Max 0.063 | 0.095 | 0.093 | 0.109 | 0.093| 0.113| 0.131| 0.130
LRail.Diff.Plate.Cut | 0.156 | 0.174 | 0.181 | 0.169 | 0.120| 0.125| 0.139| 0.126
RRail.Diff.Plate.Cut | 0.135 | 0.172 | 0.158 | 0.195 | 0.101| 0.119]| 0.120| 0.145

Joint Bar Tie 0.002 | 0.004 | 0.004 | 0.005 | 0.047| 0.065| 0.062| 0.067
Left Plate Type 1.179 | 1.141 | 1.280 | 1.137 | 0.713| 0.661| 0.956| 0.677
Right Plate Type 1.191 | 1.123 | 1.201 | 1.178 | 0.821| 0.631| 0.808| 0.748

Skew Angle Degrees| 0.545 | 0.643 | 0.680 | 0.623 | 0.752| 0.906| 0.722| 0.711
100.07| 110.40| 113.81| 113.36

yearl | year2 | year 3 | year 4

Width Left Side > 7 4 7 6.640| 7.379| 8.564 | 8.609
Width Right Side 96.179| 110.39| 113.82| 113.37| 6.735| 7.398| 8.565| 8.613
Tie Length 8.328 | 8.465 | 8.382 | 8.437 | 0.156| 0.216| 0.341| 0.309

Left field adze depth | 0.006 | 0.006 | 0.010 | 0.008 | 0.042| 0.042| 0.058| 0.054
Left gage adze depth| 0.007 | 0.008 | 0.013 | 0.014 | 0.051| 0.077| 0.072| 0.084

R'ghtdge‘:‘)?ﬁadze 0.004 | 0.004 | 0.007 | 0.007 | 0.036| 0.052| 0.051| 0.065

field adze depth 0.007 | 0.006 | 0.010 | 0.011 | 0.046| 0.046| 0.061| 0.065
Tie Score 1.400 | 1.465 | 1.666 | 1.680 | 0.604| 0.669| 0.719| 0.718

TQI Weighted Tie
Score

1.463 | 1.489 | 1.689 | 1.708 | 0.532| 0.623| 0.634| 0.624
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Internal Tie Score 1.286 | 1.684 | 1.462 | 1.531 | 0.582| 0.745| 0.624| 0.693
Aurora Xi Score 1550 | 1.852 | 1.860 | 1.992 | 0.609| 0.763| 0.691| 0.681
Ballast Coverage 1.908 | 1.296 | 2.631 | 2.529 | 3.947| 2.900| 5.244| 5.593

GPS QoS 4,008 | 4.531 | 3.000 | 3.000 | 1.187| 1.089| 0.000| 0.000

In Table1l, it can be observethat the mean values vary across the different yiears
different featuresSome features show indications of wear and deteriorétieimncrease
in the meas of tie condition andlate cut values over the yeassiggest a general tie
degradatiortrendover timg, while others remain relatively stak{lée-to tie distance, tie
length...).
This initial summary statistic sered as a preliminary overviewof the features
Understanding the distributions of each featowelvedthe use of histograms to visualize
the distribution patterns. The featuresrecategorized into three main groups:
1 Measured Dimensions: These &atureghat provide physical measuremerits
to tie distance, Skew angle, and the tie dimensions
1 Plate Relate@eatures: This category includes variables like Plate Type, Plate Cut,
and Tie Adze Depth
1 Automated Inspection Related Features: This group compwsdeatures that are
closely tied to the automated inspection procesGPS quality and the percentage

of the tie covered in ballast

By categorizing the features in this mannarstructured and comprehensivata

exploration is achieved
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3.2.1.3 Measured Dimensions
To begin,the tieto-tie distance holds significant importance within the analysis for two
mainreasons:
1 it directly influences the wheel load distributiff®3] around a group of adjacent
ties as explained by the Beam on Elastic Foundation model of @aokequently,
it affects the degradation rate.
1 it served as a reliable metric for tie alignment, as elabomt8éction 33 of this
chapter. It is minimally impacted by tie degradation and rarely undergoes

significant changes unless replacement or extensive maintenance has occurred.

Histograms of the tuo-tie distances were plotted for each of the four inspections
conducted in different years, namely, 2016 (referred to as year 1), 2017 (year 2), 2019 (year

3), and 2020 (year 4nd are presented in Figuzb.
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Histogram of Tie-to-tie distance
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Figure25: Histogram oftie-to-tie distance

Figure 25 allows the comparison ofie-to-tie distancegtie spacing)acrossthe four
inspection yearsThe tieto-tie distance follows a skewed normal distribution with a mean

of 20 in, which is, although a little over the recommended average (191®#4})193],
remains a good value.h&re were no significant changesahifts intrends over time.

Minor variationsin the distributiormainly reflect tie replacements. However, the overall
distribution remained stable, ensuriihg trackfollows standards design critefiEO3].

Having examined the histograms of tie spacithg,focus shifts to analyzingthe skew
anglesrecognizing that excessively large values can raise concerns that require attention
[195] and outlier values can impact the track performanbes dssessment was also done

through a distribution study using the histograms in Fig@érel he latter provide a visual
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representation of the skew angle data for each of the four inspection3@k8syear 1,

2017:year 2,2019:year 3, an®0202:year 4.
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Figure26: Histogram of Skew Angle

From Figure26, the skew angle values in years 1 and 2 follow a fairly normal distribution,

with the mean around 0 degrees and a relatively similar distribution pattern (bedween

and 2.7 degrees).The skew angle distribution changed slightly over the years to becoming

slightly moredispersed ( values reachiriggdegrees) and exhibiting a subtle skew (years 3

and 4) with the mean changing to aroud degrees.

The subtle change in the skew angles of ties indicates that the track has experienced some

usage over time. Howevat,is important to note that these changes are relatively minor

and are within acceptable limits.

Transitioning to tie dimensions, the focus shifts to two key features: tie width and tie length.

Figure27 presents a series of histograms showing the right and left side width dimensions
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in pixels for each of the foyrears ofinspection data.
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Figure27: Histograms of tie widtlfleft and right side)
Figure27 shows that:

1 The distributions for all the years appear to be similar, with a leftward skew.

1 In the case of year one, there seems to be a slight offset between the left and right
sides of the tie. However, thislikely an artifact caused by the imaging system or
lenses used during that particular inspection.

1 Forthe other years, both sides of the tie appear to have a similar width distributions.

1 It's important to note that while there is a slight shift in the distribution from one

year to the other, it's inconclusive. This is because pixel measurements are relative
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to the resolutions used in each inspection. Without information on the lens

resolutions and pixeb-inch conversions, the exact width in inches cannot be

determined.

Continuing on the tie dimensions, Fig@&presents a histogram of tie length (in feet) for

each inspection year.
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Figure28: Tie Length Histogram

Figure B shows that across the four years, there is a consistent distribution in tie lengths,
with the majority of ties falling within the range of 8.2 to 8.5 feet, which aligns with

established standar{45]. The variations in tie length between different years may be a

result of tie replacements and potential measurement errors.

3.2.1.4 Features: Plate Type, Plate Cut, and Tie Adng Depth

In this section,le variables related to tie plates, and to the tie adzing are explored through
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the study of distributions Figure 29 shows the different typesf tie plates used in the

studied track.
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Figure29: Types of Tie Plates used

From Figure29, it can be seen that the most common plate (over 90% of the ties) used for
both the right and the sides is type 1 which is a spi&t (standard 14 inche#} small

portion of ties has plate type 4 (spike plate 18 inches), and another portion employs type 5,
(spike plate 10 inches). This trend remains consistent across all four years of inspection,
with only minor variations likely attributed to maintenamoévities. For example, in year

4, an even smaller fraction of ties featurelips (type 2).

Figure 29 provides additional confirmation of the uniformity in the track, indicating that

plate types are not a significant factor contributing to variations in degradation patterns.
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Following up on the plate featureBjgure 30 represents a histogram of tpéate cut
measurementgx-axis) in inchesand the equivalent percentage of tidghe pate cut
differentialare provided for the left and right railsRail Diff Plate Cut RRail Diff Plate
Cut), in addition to the plate cut measurementddtirfield side of tig(Plate Cut LL Ma,

left gage side of ti€Plate Cut LR Ma right field side of tigPlate Cut RL Mak and the

right gage side of tiéPlate Cut RR Max
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RRail Differential Plate Cut
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Figure30: Plate Cut Measurements

Figure31represents histograms of tlaelzing depth for all of the left field side, left gage

side,right field side and right gage side.
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Left Field Adze Depth
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Figure31: Adzing Dept Measurements

From Figure31 and Figure3l, the following conclusionsere drawn:

M Plate Cut Measurements:

o The distribution of plate cut measurements is rgjtgwed, ranging from

0.1 inches to 1 inch.
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o A large portion (over 70%) of ties have a plate cut value of 0.1 inches.

0 The percentage of ties having a plate cut otilédreases slightly each year,
likely due to wear and operation on the track.

o The differential plate cut values show similar distributions over the four
years and for both the left and right sides of the ties.

o Changes in plate cut values from year to year may be attributed to wear and
tie replacements as thaye highly correlated with the condition of the ties,
as shown in a correlation plot (Figuz4).

1 Adzing Depth§:

o The distribution of adzingepths for all four years is similar.

0 Adzing depths range between 0 and 2 inches.

o0 A significant percentage of ties have an adzing depth less than 1 inch.

o Like plate cut values, there are slight changes in adzing depths from one

year to the next, which could be due to wear and tie replacements.

3.2.1.5 Automated Inspection Related Features
Finally, the last section consists of investigating the features that are related to the quality
of automated inspectiotheballastcoveragewhich impacts the scanning of ties and hence

the assessment, and the GPS quality, which is crucial to determine the location of ties with

8 Tie plate adzings shaping the top surface of a tie for the tie plate to sit securely on it,
while plate cuts are results of tie plate movements.
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respect to the milepost (inspections in 2016, 2017, 2019).

Figure32 shows the distribution of ballast coverage for the four inspections datasets.
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Figure32: Distribution of Ballast coverage

In all four inspections, the majority of ties had minimal ballast coverage, with over 90% of
ties having at most 2.5% of their surface covered in ballast. Another portion ¢fetsss,
than 9%) had ballast coverage ranging between 2.5% and 10%. Only a very small
percentageéss tharl%) of ties had approximately 20% of their surface covered in ballast
during the inspectian

Theseobservationsuggest that the level of ballast coverage on the ties did not significantly
impede the tie condition assessment process. Howivierjmportant to consider the

possibility of inspection errors, which could be attributed to factors such as the inspection

systems themselves and other external circumstances.

Figure 33 shows the distribution of GPS Quality for the four inspections datasets as
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explained in the data dictionary Trable9.

100
90
80
70
60
50
40
30
20

" - I
0
2 3

myear 1 myear 2

year 3 myear 4

Percentage of Ties [%]

5 -1
GPS Quality

Figure33: Distribution of GPS Quality

Figure33 shows that &h year exhibits a distinct distribution of GPS qudHjyality of 2,

3, or 5) and this variance has an effect on tie alignment, as detaigsttion3.3 of this
chapter. Furthermord,is important to note that the milepost, as a measure, may not always
provide precise location information, especially when attemptingldntify the exact
location of an individual tie.

Note;the 2020 inspection data includeditude andongitude coordinates, which were not

available in the data from the other inspection years.

3.2.1.6 Preliminary Observations

The initial phase of the Exploratory Data Analysis (EDA) provided information on the
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features associated with tie conditioiGenerally, the feature values align well with
expected norms and exhibit a relatively balanced distribution. Notably, no extreme values
or outliers were detected in the datasédwever, there were slight changes in these
features over the four years study period. For instanceuthtteechange of tie plate types

from one year to another suggests maintenance or replacement activities, while the change
in the tie plate cut would indicate a degradation over time.

In addition to the previously mentioned observatigni important to highlight that all

ties share uniform track conditions. Specifically, all ties originate from the samadrtrack
close geographic proximityimplying exposure tddentical weather and environmental
conditions.In addition they are all part of tangent track sections witimodest amount of

light curvature, and they arall woodties None of these ties are subjected to extreme
conditions, such as being part of bridge structures otddaander joint bargas joint ties

were not included)This uniformityin characteristicsprovides a consistent baseline for
theanalysis, allowing to focus on the impact of other factors on tie degradation without the
added complexity of varying track conditiomsweather and environmental conditions.
Having established that the provided features do not appear to be major factors contributing
to the differences in degradation patterns amongagethese features seems to be within

the acceptable ranges and show uniformity throughout the ydaesnext phase dhe
Exploratory Data analysis (EDA) involves a more comprehensive examination of tie

conditions.
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3.2.2 Exploratory Data Analysis: Part 2

3.2.2.1 Tiesd om@lition Overview

Following the initial phase of Exploratory Data Analysis (EDA), which involved the
exploration of various variables related to tie conditions, this section shifts its focus
towards a comprehensiamalysis of tie conditions. It includes a thorough examination of

tie conditions, broken down by both mile and year. Additionally, specific data filtering
steps have been implemented to prepare the dataset for this analysis, ensuring that it is
tailored toserve the objectives of this study.

First, a breakdown of tie condition (integer value) per year is summarized inIRPable

Table12 Breakdown of Ties by Condition and Inspection Yea

Tie condition
Inspection Year Total number of ties
-1 1 2 3 4
2016 4314 | 129845| 60800 | 13134| 1082 209175
2017 3717 | 135135| 53768 | 14225| 2307 209152
2019 5562 | 110046| 71684 | 19754| 2131 209177
2020 6113 | 102195| 76699 | 21684 | 2464 209155
Average 4927 | 119305| 65738 | 17199| 1996 209165
Total 19706| 477221| 262951| 68797 | 7984 -
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Table12 shows that:

1 On average, about 57% of ties (around 120,000 ties) are maintained in good

condition, and about 37% (65,000 ties) are in a marginal condition (score of 2),
suggesting the track experiencegular maintenance

The increase in the number of ties showing a condition of 1 between two
consecutive years also indicates presence of maintenance activities,

On average, a little less than 5000 ties per inspection were not assigned.a scor
These ties were dismissed from the analysis @xclusion criterion applied even

if a tie lacked aondition assessmefdr just one inspection

Disregarding these tieBjgure34 presents a bar plot of tie condition distribution for each

year by countRigure34a) and by percentRigure34b).
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Figure34a Bar plot of tie count by condition and inspection year
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Figure34b: Percent of tieby condition and inspection year

In Figure34, the shift in tie conditions gisible:

A The increase in the percentage of ties with a score of 3 suggests a general
degradation in tie condition over time.

A Conversely, there is a decrease in the percentage of ties with a score of 1 from 2017
to 2020, indicating improvements or maintenance efforts.

A The rise in ties with a condition score of 1 between 2016 and &6t&8uggests

replacements and maintenance activities during that period.

For a more detailed understanding of tie condition changes on -&yniéle basis and a

yearby year basis, Tabl&3 summarizes the breakdown of tie condition scores per year
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for each milein addition to an arithmetic average of tie condition per mile per year

computed as follows

where:X;j is the tie score faatie- i, andnmis the total number of ties per mikein year

t.

In Table 13, the dataset encompasses 67 miles (equivalent to 108 kilometers) of tie
condition data, with mileposts ranging from 205 to 2#ach mile contained a varying
number of tiesvith an averagenumber of ties per milef 3218 However,it is important

to note that the first and last mileposts are not suitable for analysis when comparing mile
based data across the ye&st example, in the case of milepost 2%, the number of

ties differs between years, making it impossible to align for analysis due to ttiegvar
starting points. Similarly, mile 67 (milepost2i 272) only contained & ties in the first
inspectionand 215 in the third inspectipwith no inspections available for comparison in

theother twoyears.

A plot of average tie condition per miler each yeais presented ifrigure35.
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Table13: Mile-by-mile tie condition summary

2016 2017 2019 2020
Mies | Milepost Number Tie Score Average |Number o Tie Score Average [Number o Tie Score Average | Number| Tie Score Average
of Ties -1 1 2 3 4 Condition Ties -1 1 2 3 4 Condition Ties -1 1 2 3| 4 Condition | of Ties -1 1 2 3 4 Condition
1 205 | 206 768 66 592 92 15 S L% 857 106 635 92 18 6 1.19 198 32 138 23 4 1 1.20 825 169 538 101 14 3 1.21
2 206 | 207| 2807 7 1793 848 | 149 10 1.42 2808 ) 1712 846 211 36 1.49 3178 161 1759 953 253 52 154 2805 4 1526 975 267 53 1.57
3 207 | 208| 3433 43 2193 1012| 163 22 1.41 3433 45 1926 1121 289 52 iLE5 3230 31 1486 | 1333 | 337 43 1.67 3451 55 1512 1447 | 405 32 1.69
4 208 | 209| 3037 11 2030 876 | 111 9 1.37 3037 12 1761 1006 242 16 1.51 3248 40 1397 | 1425 | 367 19 1.69 3034 13 1245 1421 344 11 1.71
5 209 | 210| 2998 14 2167 730 79 8 1.31 2998 23 2071 732 162 10 1.37 3136 21 2750 319 38 8 1.13 2998 36 2260 646 49 7 1.26
6 210 211| 3275 15 2267 886 97 10 1.34 3275 60 2125 897 173 20 1.41 3259 60 2854 287 55 2 AL 1LE 3276 68 2679 475 49 5 1.18
7 211|212| 3379 23 2214 928 | 198 16 1.41 3368 22 2081 821 401 43 1.52 3286 31 1492 | 1184 | 512 67 1.74 3375 40 1417 1330 545 43 1.76
8 212(213| 3149 22 2146 801 | 160 20 1.38 3157 14 1977 854 278 34 1.48 3267 85 1474 | 1261 | 402 45 1.69 3147 33 1448 1305 336 25 1.66
9 213|214 3196 39 2362 711 77 7 1.28 3194 47 2193 754 180 20 1.37 3243 44 1773 1139 255 32 1.55 3197 47 1619 1199 302 30 1.60
10 214|215| 3184 59 2077 858 | 166 24 1.40 3185 62 2084 646 343 50 1.47 3240 103 | 1765 920 408 44 1.60 3200 98 1651 925 463 63 1.66
1 215|216| 3278 29 2205 890 | 133 7L 1.38 3277 29 2110 908 197 33 1.43 3230 43 1553 | 1335 | 281 18 1.61 3273 44 1527 1351 326 25 1.64
12 216|217 2612 23 1603 766 | 195 25 1.48 2610 12 1650 757 167 24 1.45 3249 37 1965 | 1031 | 197 19 1.46 2608 38 1179 1131 236 24 1.65
13 217(218| 3786 122 2852 689 | 111 12 1.26 3778 131 2987 577 68 15 1.21 3231 145 | 2487 532 56 ilil 7272 3777 158 2674 817 119 9 1.30
14 218 219| 3380 14 2708 549 96 13 1.23 3381 15 2696 549 102 19 1.24 3206 34 2328 713 116 15 1.31 3372 26 2141 1018 174 13 1.42
15 219 220| 3243 79 2368 653 | 128 15 1.30 3243 53 2560 512 98 20 1.24 3211 126 | 2282 649 143 11 1.31 3227 88 2157 775 189 18 1.38
16 220 221| 3118 16 2375 583 | 121 23 1.29 3122 18 2310 632 119 43 1.32 3196 32 2212 733 182 37 1.38 3100 34 1985 799 232 50 1.46
17 221|222| 3246 15 2112 955 | 138 26 1.41 3248 19 1952 1065 175 S 1.47 3246 31 2072 957 159 27 1.42 3241 29 1890 1070 230 22 1.50
18 222 223| 3263 138 2061 875| 163 26 1.41 3262 109 2044 875 195 39 1.44 3223 160 | 2468 508 79 8 1.23 3240 204 2258 640 130 8 1.30
19 223 224| 3097 28 1867 987 | 196 19 1.47 3103 35 1768 1043 217 40 iLE2 3182 54 1623 | 1188 | 294 23 L[EE) 3069 117 1313 1241 360 38 1.70
20 224 | 225| 3206 83 2537 468 | 101 17 1.23 3203 82 2597 404 92 28 1.22 3157 90 2297 626 120 24 1.31 3191 93 2143 784 144 27 1.37
21 225 226| 3184 65 2644 305 | 140 30 1.22 3184 20 2644 339 133 48 1.24 3107 28 2363 499 157 60 1.32 3239 85 2386 544 157 67 1.34
22 226 | 227| 2961 4 2493 311 | 113 40 1.22 2964 4 2466 336 112 46 1.24 3105 8 2274 624 144 55 LS 2962 30 2040 673 157 62 1.40
23 227|228| 3294 3 2361 757 | 158 15 1.34 3292 2 2414 661 189 26 1.34 3168 8 1831 | 1056 | 250 23 AL 5L 3293 19 1609 1302 327 36 1.63
24 228 | 229| 3364 60 1563 1373| 336 32 1.65 3330 29 1712 1135 384 70 1.64 3247 35 1305 | 1417 | 455 35 1.76 3333 36 1053 1615 561 68 1.89
25 229|230| 3126 3 937 1757| 394 35 1.85 3133 2 1627 1055 393 56 1.64 3227 14 1254 | 1436 | 489 34 1.78 3130 27 940 1496 609 58 1.93
26 230|231) 3271 196 487 1810| 740 38 211 3271 il 1454 1090 566 | 160 1.83 3248 5] 1039 | 1404 | 722 78 1.95 3269 12 822 1438 838 | 159 2.10
27 231|232 3222 52 AL 1576| 415 28 L7 3221 65 1722 1030 348 56 1.60 3215 5] 1075 | 1552 | 493 40 1.84 3218 66 948 1628 519 57 1.90
28 232 | 233| 3244 7 1246 1469| 481 41 A7) 3246 5] 1780 996 365 | 100 1.63 3248 12 829 1744 | 590 73 L7 3246 Ll 745 1774 | 610 | 106 2.02
29 233 | 234| 3579 110 1354 1764| 339 12 j1 71 3572 92 2615 715 134 16 1.30 3247 107 | 1629 | 1231 | 263 17 1.58 3572 126 1645 1461 313 27 1.63
30 234 |235| 3156 93 701 1765| 586 11 1.97 3154 79 2009 774 242 50 1.46 3179 94 1744 974 338 29 1.56 3160 100 1458 1126 | 412 64 1.70
31 235 236| 2993 33 1522 1060| 338 40 1.63 2993 34 1853 730 282 94 1.53 3182 57 1583 | 1080 | 409 53 1.66 2984 247 1222 987 426 | 102 1.78
32 236 | 237| 3230 133 1338 1368| 372 19 1.70 3228 120 1954 862 254 38 1.48 3174 146 | 1637 | 1020 | 330 41 1.60 3224 149 1454 1141 | 430 50 1.70
33 237|238| 3099 24 1745 991 | 308 31 155 3102 19 1751 877 364 91 1.61 3178 26 1418 | 1195 | 465 74 1.74 3107 37 1265 1198 525 82 1.81
34 238 239| 3182 132 1627 1048| 325 50 1.61 3178 47 1761 949 325 96 1.60 3194 93 1451 | 1095 | 473 82 1.74 3181 93 1311 1167 520 90 1.80
35 239 | 240| 3220 443 1919 684 | 147 27 1.38 3214 489 2080 505 109 31 1.30 3156 494 | 1910 610 107 35 LS 3247 479 1911 710 117 30 1.37
36 240 241| 3150 233 1741 921 | 223 32 1.50 3157 205 2457 359 107 29 1.22 3183 287 | 2278 464 116 38 1.28 3152 304 2156 526 135 31 1.31
37 241 | 242| 3288 150 1928 989 | 204 17 1.46 3286 176 2638 380 73 19 1.19 3210 171 | 2155 744 125 15 1.34 3289 320 1820 947 179 23 1.46
38 242 | 243| 2927 119 1671 860 | 258 19 1.51 3008 137 2298 437 123 13 1.25 3225 118 | 2130 768 182 27 (939 2998 189 1800 777 197 35 1.45
39 243 | 244| 3313 16 2568 657 70 2 1.24 3310 21 2740 481 66 2 1.19 3218 32 2194 904 88 o] 1.34 3314 20 2010 1132 148 4 1.44
40 244 | 245 3283 19 2088 1010| 160 6 1.41 3278 18 1861 1168 204 27 1.51 3211 37 1870 1054 223 27 1.50 3274 36 1107 1721 363 47 1.80
41 245 | 246| 3204 14 2137 937 | 113 3 1.37 3203 13 1959 995 221 s 1.46 3239 36 1508 | 1290 | 391 14 1.66 3205 56 1156 1473 | 485 35 1.81
42 246 | 247| 3400 30 1887 1316| 162 5) 1.49 3402 25 1728 1318 309 22 1.59 3247 33 1000 | 1709 | 475 30 1.86 3401 45 822 1807 678 49 1.99
43 247|248 3114 15 1737 1137| 216 9 il 3111 16 1541 1224 293 37 1.62 3236 48 883 1674 | 585 46 1.94 3115 52 656 1594 | 723 90 2.08
44 248 | 249| 3502 30 2350 920 | 189 13 1.39 3506 27 2325 894 230 30 1.42 3232 224 | 1451 | 1288 | 258 alil 1.61 3504 44 1413 1706 323 18 1.70
45 249 | 250| 2905 37 1687 1068| 111 2 1.45 2897 28 1541 1098 219 11 1.55 3203 75 1051 | 1656 | 406 15 1.80 2920 43 864 1590 | 406 17 1.85
46 250 251| 3268 32 1569 1302| 348 17 1.63 3269 16 1431 1393 390 39 1.70 3185 50 1084 | 1565 | 461 25 1.82 3265 141 950 1644 | 513 17 1.87
47 251 252| 3210 13 1614 1166| 388 29 1.63 3208 1 1559 1160 421 67 1.69 3222 29 1037 | 1496 | 596 64 1.90 3208 30 910 1588 624 56 iLES
48 252 | 253| 3367 178 2232 679 | 261 17 1589 3275 43 2362 696 156 18 1588 3223 15 2276 690 221 21 1.37 3257 22 2137 826 245 27 1.43
49 253 | 254| 3362 14 2361 728 | 244 15 1.38 3361 29 2210 846 240 36 1.43 3210 36 1735 | 1089 | 314 36 157 3362 16 1677 1292 336 41 1.62
50 254 | 255| 2956 26 1832 750 | 331 17 1.50 2954 24 1576 890 391 73 1.65 3190 40 1178 | 1303 | 587 82 1.86 2953 262 980 1170 | 454 87 1.87
51 255 | 256| 3241 73 1796 1037| 302 33 155 3240 103 1667 1011 372 87 1.64 3172 109 | 1031 | 1355 | 566 | 111 1.92 3240 109 1105 1397 550 79 1.87
52 256 | 257| 3183 16 1931 1080| 154 2 1.44 3186 20 1842 1017 276 31 1.52 3190 67 1166 | 1462 | 453 42 1.80 3185 290 1314 1235 336 10 1.67
53 257 | 258| 3264 20 2062 979 | 198 5 1.43 3258 22 2018 936 259 23 1.47 3181 47 1235 | 1459 | 399 41 1.76 3261 23 1362 1473 374 29 1.71
54 258 | 259| 3289 330 1848 860 | 244 7 1.46 3296 255 1787 961 266 27 1.52 3240 319 | 1599 995 307 20 L5y 3293 307 1458 1196 324 8 1.63
55 259 | 260| 3078 105 1553 1072| 333 15 1.60 3079 92 1541 1063 351 32 1.62 3200 131 | 1065 | 1384 | 559 61 1.87 3077 127 962 1425 522 41 1.88
56 260 | 261| 3326 69 2255 905 96 1 1.34 3327 1 2197 1012 111 6 1.38 3306 191 | 1379 | 1460 | 270 6 1.65 3328 1 1922 1207 192 6 1.48
57 261 | 262 3073 21 2246 697 107 2 1.30 3074 14 2287 646 120 7 1.30 3127 41 1796 1089 193 8 1.49 3068 24 1885 979 167 13 1.44
58 262 | 263| 3211 26 2385 720 78 2 1.28 3211 24 2413 669 94 aLil 1.28 3175 33 1803 | 1157 | 171 ALl 1.49 3212 40 1836 1133 199 4 1.49
59 263 | 264| 3302 43 2558 621 77 3 1.24 3292 22 2395 774 94 7 1.30 3321 65 1762 | 1278 | 201 il5 1.53 3292 49 1842 1150 199 52 1.53
60 264 | 265| 3196 31 2391 719 51 4 1.26 3194 36 2368 691 92 7 1.28 3205 51 1740 | 1213 | 185 16 52 3194 33 1837 1157 155 12 1.48
61 265 | 266| 3447 26 2143 1151 121 6 1.41 3444 30 2000 1170 222 22 1.49 3270 39 1230 | 1550 | 417 34 1.77 3442 40 1360 1555 | 461 26 1.75
62 266 | 267| 3352 50 2130 1077| 92 3 1.38 3358 47 1990 1042 261 18 1.49 3294 52 1240 | 1479 | 482 41 L7 3346 64 1422 1366 | 462 32 1.73
63 267 | 268| 3095 27 2216 741| 100 11 1.32 3088 28 2236 693 126 5 1.31 3210 71 1487 | 1369 | 264 19 1.62 3090 51 1444 1334 | 242 19 1.62
64 268 | 269| 3164 115 2377 629 43 [o] 1.23 3161 118 2299 650 90 4 1.28 3209 127 | 1702 | 1196 | 174 10 1.51 3222 181 1897 1021 119 4 1.42
65 269 | 270| 3153 2 2599 534 17 [0] 1.18 3154 ) 2578 514 56 3 1.20 3157 6 2103 950 97 1 1.36 3151 7 2037 1018 85 4 1.38
66 270 271| 2957 229 2328 337 53 10 117 2944 218 2210 435 65 16 1.22 3180 309 | 2288 531 44 8 1.22 2966 276 2083 550 53 4 LA
67 271|272 15 o] 8 6 1 o] j5S) 215 131 73 10 1 0 1.14
Total 209175 4314 | 129845 |####| 13134| 1082| 1.44085503 209152 | 3717| 135135| 53768 | 14225| 2307 | 1.4339037| 209177 | 5562| 110046| 71684| 19754| 2131 209155 6113 102195 | 76699 21684| 2464
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Figure 35 provides a broad overview and insight into the state of the track and ties
condition. It serves as a madeyel exploratory analysis, allowing to grasp the trends of
degradation and maintenance operations occurring on the studied track throughout the
yedas.

There is a noticeable degradation in tie condition over time in certain miles. This
degradation is characterized by the average tie condition of a mile in 2016 being lower
than that in 2017, which, in turn, is lower than the average condition in 2018nalhgd

lower than the condition in 202Bor example, in Miles 1 to 4, 40 to 47, and 49 to 53, this
trend is clear and well shown: the average tie condition per mile increases every year.

On the other handt is apparent that there are miles where substantial maintenance
operations, such as tie replacement gaagssuspected ttave taken place. This is shown

in miles where there is a sudden and notable decrease in the average tie condition from one
year to the nextfor instancejn mile 29,there is a significant and sudden drop in the
average tie condition from 2016 to 2017. This drop suggests the occurrence of a substantial
tie gang operation between these two yeairsilarly, miles 5 and 6 exhibit a reduction in
average tie condition in 2019, indicating the occurrence of a tie gang operation between
2017 and 2019 in these segments.

Determining the precise locations of significant maintenance activitigsidgal for this
research. These maintenance activities, such as tie gangs, not only disrupt the
comprehensive study of tie behavior but can also introduce challenges in modeling certain
degradation patterns. Furthermdireese miles were impossible to align over the ydars.

fact, when a tie is replaced, all its associated characteristiasge which presents a
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challenge in tracking that specific location. The alignment of tie locations was achieved
through the matching of characteristics from one year to the next, as expiagestion

3.30f this chapter. Therefore, when tleonging to the same segment of trackentirely
replaced, this tracking and alignment process becomes impossible for that particular
location.

It is important to note thaiccurate alignment of ties and the identificatiotheir exact
locations (for each inspectionpre a semiquinone prerequisites for the analyEi®
accuracy of both mileposts and tie indexes was not guaraatasshtuatinghe need for a
precise and reliable alignment process.

By comparing the average tie condition,r@bes that exhibit a natural degradation of ties,
and where no significant tie gang operation is suspeatex identified These miles are:
1,2,3,4,7910, 11, 14, 16, 19,21, 22, 33, 41, 42, 43, 44, 45, 46, 47, 49, 50, 54, 55, 65
The said miles are selected hereinafter for the following research and analysis steps.
Note that the individual replacements of ties occurred in these miles are included in part of
thisresearchChapter9).

After completing a general overview of the ties and their conditions over the years, specific
miles suitable for further analysis were identified and selected. The next crucial step
involved aligning the ties belonging to these miles on -byide basis.While milepost
information was provided, it lacked the accuracy required at the individual tie level.
Therefore, a more precise alignment process was imperative to ensure the accurate

matching of individual ties from each of the four inspection y@araddition to the
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comparison of the change in condition scores for each individual tie over the four years
study period.
This tieby-tie level alignment, presented in the next section, forms the foundation for the

dataset used for the constructed models.

3.3 Tie Alignment

Following up on the macrolevel exploratory analysis, aiat po conducting any analysis,

a precise alignment of tie inspection data was essemsiahn integral part of data
processingThis isto ensure the accurate matching of individual ties from each of the four
inspection years. The necessity for this step stemmed from the inherent inaccuracy of
milepost information at the individual tie level.

Thetie aignmentfocused on the 26 miles where no significant tie replacement activities
occurred between 2016 and 2020. Miles that were identified as having undergone major tie
replacements, as discussed earlier, were excluded from subsequent analyses.

There are different ways to align the inspection da@6]. Taking inspiration from
referencg196] and referenc§l97] the primary tool employed for this alignment process
was the Cros€orrelation Function (CCF)Crosscorrelation function (CCF) is a
mathematical technique used to measure the similarity between two datapedstifies

the degree to whicthey are correlated or related as a function of their relative time or
position shift[198]. UsingR programmingthe crosscorrelationalfunction packagé¢3],

the shift between each two segmesftthe trackwas detected

To achieve thathe tieto-tie distance waselected as the main feature for the alignment
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after experimentingwith different variables. The tie conditionawthen employed to
validatethe accuracy of this alignmentiowever, in cases involving larger shifts, the

degree of curvature was occasionally employed as an additional alignment reference.

The alignment algorithm was uniquely adapted and hybridizehpiningboth manual
and automated stepseasurehe desired accuracyo align tie inspection data from year

A and Year B, the steps are summarized as follows:

. I niti al iszpastiksobre aligned are selected. These miles will serve as
the focus of the alignment process.
Checkng whether indices need to be inverted. In these cases, the readings
may have been performed in opposite directions (increasing versus
decreasing milepost direction of travel).
. Loop Over :EaFcohrofMeadmttified miles, a series of steps are
executed:
1. Sor t\Vithig each mile, the data is sorted by year and milepost value to
organize it systematically.
2. Ti e | ndexi Aminitial hdea is asdigned to each tie within the
mile using the data from a chosen reference year (Year A). Each tie is
assigned a unique index, starting from 1 and counting up to the total number

of ties in that mile
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3.Shift Cal cul at i oUsinga¥messorrel&ioraldunctienar B) :
the shift or lag between the {ie-tie feature in the current mile for Year A
and the corresponding mile's-tietie distance in Year B is determined.
This shift value can vary in magnitude, ranging from small latively
large (sometimes exceeding 100 indices of tiEg)ure 36 illustrates an

example of lag calculations in which the correspondingdag.

02 04 08 08 10

ACF

0.2
I

T T T T T T
-150 -100 -50 0] 50 100 150

Figure36: Example of lag calculation using CCF

4. Ti e | nde x i bsing theyaalaulatedd3ag obtained in the previous
step, the ties are then assigned an index within the same mile for Year B.
5. Ti e Gr oflo fadilitatg further analysis, the current midas divided
into 50ties groups, assigning a unique numeric identifier to each group.
6. Loop Over-TiEa c @ Fabedph of these Hies groups within
the mile, a similar process of alignment and shift calculasdollowed:
a) Gro®peci fic Lag Cal cul Withineach ( Year

50-tie group, the tieare indexedrom 1 to 50 and a grougpecific
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lag using the crossorrelation functions calculatedTypically, the
lag for these smaller groups is less than 10 ties.

b) Ti e I ndex Adj uTFheimividual ti¢ idecesifor tBe)
Year B data are then adjus{@dthin the current 5@ie group. This
adjustment varies based on the calculated lag for each grigupe
37shows an example of the-ie-tie distance before and after index

adjustment/ alignment.

30
I

25
1

tie totie distance
18 20
| |

tieto tie distance
15 20
g

Figure37: Example of tieto-tie distance before and after

alignment

c) Al i gnment :Vle ensureithe adcuracynof the alignment,

the CrossCorrelation Function is applied again to a second variable:

to the tie condition values, further validating the alignment.
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d Vi sual C o:nAsiar lasha $tap @ rvisual inspection is
conducted. In some cases, minor adjustments to the location indices
by +- 1 or 2 are needed.

7. Mer ge t he (¢r:aachpithese baieSgdoupsareenerged back
together to form an aligned mile.
. Mer ge t he mi | e:sEachohthealignedmdesid mergadsintota new

aligned dataset containing . The structure of the final dataset is illustrated in Table

14.
Tablel14: Alignment Dataset Structure
Tie . Othe Tie . Othe Tie . Othe Tie . Othe
. . Tie r . Tie r . Tie r . Tie r
Tie | to tie . . to tie . . to tie . . to tie . .
M | . Condi | varia . Condi | varia . Condi | varia . Condi | varia
. ind | dista ) dista ) dista ) dista )
ile ex | nce tion bles nce tion bles nce tion bles nce tion bles
2016 2016 2(?16 2017 2017 2(?17 2019 2019 2919 2020 2020 2920
é é é é
19.4 , 19.4 , 194 . 19.4 )
1 1 5 1.1 e . 5 1.2 é . 5 1.3 e . 5 1.5 é .
19.5 . 19.4 , 19.5 . 19.5
1 2 - 2.9 é 5 3.1 é 7 3.1 é - 3.3 é
é é é é é é é é é é é é é é
32 | 20.0 20.0 , 20.0 , 20.0 .
65 00 3 2.3 .. 3 2.3 e 3 2.4 é 3 2.6 e

This alignment process ensured a preciséyiie correspondence betweerspection
data in Year A and Year B. It was not a dimee effort but was used and repeated to
guarantee the proper alignment of data from the inspections conducted in 2016, 2017, 2019,

and 2020.
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It is worth noting that the 2020 data presented some unique challenges. Before proceeding
with the steps mentioned earlier, significant shifts were necessary, including a substantial
lag in the milepost. Determining this lag was also achieved using the-Coostation
Function (CCF), but the feature considered for this determination was the degree of
curvature. Figur@8 provides a visual representation of the degree of curvature before and
after the shift for 2019 (in black) and 2020 (in redhere the »axis is the tie index and the

y-axis is the degree of curvature

T T
0 5000 10000 16000

Figure38: Example ofdegree of curvature before(left) and after (righgshift

After going through the mentioned steps for proper alignment, a final validation was
conducted by iterating the Cre€orrelation Function (CCF) across all the ties to confirm

a lag of 0. Additionally, a visual inspection was carried out to ensure théesheere
correctly aligned. An illustration showing a waligned configuration for the four
inspection years is depicted in Figud® demonstrating alignment for both tie conditions

(top) and tieto-tie distances (bottom).
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Figure39: Example of good alignment of the four inspections

3.4 Aligned Dataset

After aligning the dataset and successfully tracking changes in tie conditions over the
course of four years of inspection, a crucial step was to consider the condition of the
adjacent ties as well. This aspect aligns with the research's primary objektiizég

both alignment indices and the mileage data, four adjacedttias on each side were
identified for each tie in focus.

This process led to the loss of more data points because if a tie couldn't be aligned (either
due to being omitted during inspection or the absence of a suitable alignment equivalent
over the years), the entire set of five adjacent ties had to be ex¢faddak four years).

Furthermore, as previously mentioned in the initial EDA, some ties were neither skipped
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nor assessed, and their condition was recorded.aSonsequently, the condition of the
four adjacent ties was also omitted from the analysis.
As a result of this data restructuring and refinement, 65,499 ties were left, following the

structure depicted in Tablb.

Tablel15: Screenshot of aligned dataset with adjacent ties

-
index  Tielyl Tie i Tied Tied yi Ties Tiel 2 Ted y2 Teln2 Tied y2 Tiehy2 Tiel y3 Tiedy3 Tied yd Tied y3 Tied y3 Tied Tied Tel Tied Tied
0 13 1 5 11 12 12 13 15 10 15 20 13 5 1 13 o 13 15 il 13
i 12 5 2 13 13 15 1 18 13 13 15 18 13 13 15 1 13 14
1 15 ] 2 13 13 13 10 13 13 13 15 11 ] 13 u 15 11 18 14 2
A 13 26 2 13 13 17 21 12 19 17 22 30 2 13 13 24 1) 12 19 rhl
a 26 2 ] 3 1 2 12 13 17 8l 30 12 ] 13 13 i 12 19 o 14
il 12 ] 3 10 H 12 18 17 1 5 12 18 L] 13 35 12 18 i 14 33
&4 1 b 7 11 17 13 17 3] 17 13 29 1 12 17 14 1) 2 14 17
4 P 7 7 12 29 1 1 17 12 29 i7 2 17 15 k1] 1| 14 17 16
5 34 3 i 13 11 0 38 13 12 L1 4 KL} 13 15 40 4 4 i 13
B 34 a0 ] 11 29 4 38 19 12 28 4 38 ] 18 29 40 49 2 13 29
[ i ] 1] 13 36 18 12 2 13 38 18 ] il 18 41 i 18 ] 13
56 19 L] 13 11 19 12 2 13 14 13 1§ 1] 13 14 il 13 29 13 14
& 11 29 3 11 1 12 29 13 14 12 15 29 ] 14 12 13 29 13 14 14
3] i1 ] e 14 11 18 1 2 14 1 21 2 i) 16 14 2 15 £} 2
64 1§ b 14 k] 12 1 2 14 21 Al 12 18 15 b b 15 11 i 26
65 11 2 4 o 14 11 28 14 24 14 12 28 ] i 14 15 0 2 26 14
[} 2 4 b 14 14 L] 14 4 14 14 28 16 i 14 14 i o 25 14 14
& 14 b 4 14 1 14 b 14 14 8] 15 4 4 14 13 il 26 14 14 15
] 2 4 4 10 18 4 14 14 8l 19 2 14 4 13 19 25 14 1 15 19
] 14 4 ] 16 12 14 14 1 19 19 14 14 3 13 u 14 14 15 18 14
n 14 ] ] 12 12 14 1 13 19 14 14 13 ] 2 14 14 15 1 15
i 10 ] 2 12 k4 11 19 18 14 35 13 19 2 14 35 15 19 24 15 3
n 16 2 2 15 4 18 13 14 13 4a 13 2 4 15 40 18 4 13 19 a
i 12 2 35 40 19 19 14 1) a 13 2 14 35 40 13 24 15 39 Ll rhl
i 12 35 4 19 b1 14 3§ 4 19 20 14 35 4 13 bl 15 19 4 o 2

3.4.1 DatasetOverview

Following the alignment process for ties over time and algming ties with theifour
adjacentcounterpartsthe updated dataset consists of 65,499 fiess important to
emphasize that this datasetludesties thatwere not replacethroughout the fouyear
period, as well asasa whereties were replacedin overview ofthis dataseis provided

in this sectionstartingwith a box plot of tie condition for the four inspection years

presented in FigurQ.
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Figure40: Yearly boxplots of tie condition

Figure 40 allows to visualize thea@ution ofthe ie6 sonditions:
1 There is an increase in median tie condition value over the years, indicating a
general degradation of ties
1 The difference in the 4 years variability is a hint of both tie replacement and tie
degradati ons. For instance, yea&adgsthel 6s
largest, indicating the change in tie condition (degradation mainly) between these
2 years

1 Thedecrease outliersbetween year 1 and year 2 indicated replacement activities.
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Following up on the insights from Figure 40data distribution shoiwg how the tie

conditionvalues spread across differgetars is presented in Figure 41.

Tie condition Distribution

35000

30000

25000

20000

15000

Count of ties

10000

5000

1.0 15 2.0 2.5 3.0 3.5 4.0
Tie condition

Figure4l: Tie condition distribution

From Figure 4, the followingconclusions were drawn:
1 The tie conditions follow an exponential distribution in the first year, and right

skewed distributions in the othgears.

9Year 1 =2016,9a 2 = 2017, ga 3 = 2019andyea 4 = 2020
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1 The histograms reveal a rightward trend in the median tie condition value over the
years. This suggests a consistent deterioration in tie conditions from year 1 to year
4. However, he varying spread of data in the histograms across the four years
provides insights into both tie replacensahd degradation

1 Thereis a noticeable reduction in the number of failed ties between the first and
second years in the histograms. This decrease implies replacement activities during

this time frame.

Furthermoreijt is important to highlight a significant data imbalance within the dataset.
Specifically, there is a consideralplertionof ties categorized as being in good condition,

in contrast to those in a failed or poor condition. This imbalance could have implications
in theanalysis and should be taken into account when interpreting the results.

Lastly, to get an insight on the linear correlatemijacent ties conditions over the yea's
correlation plot was generated using Pearson correlation coeffiamhis presented in

Figure42.
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Figure42: Correlation plot olyearlyadjacent ties conditions

Figure42 shows thatthe condition of a tie in a particular year shows a significant positive
linear relationship with its condition in the subsequent year. This relationship occurs
because the tie degrades with time, leading to a higher tie conditionisoarever, wile
correlation plots primarily capture linear relationshipss important to note that some

relationships may be ndmearand would not be captured

3.4.2 DatasetExcluding Replaced Ties

From the aligned datasptesented in Tabl&5, asulset consisting of 25,049 cretss
was derived. This dataset excluded any ct@ssthat had been replaced at any point
between 2016 and 2020. Similgrwhen a tie is dismissed from the analysis, the four

adjacent ties associated with it are also removed from consideration. This ensures that the
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dataset remains consistent with the research objecthesoverview of this dataset
included boxplots, tie condition distributions and a correlation plot.

A box plot of tie condition for the four inspection years presented in Fifire
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Figure43: Yearly boxplots of tie condition no replacement

Figure43allows to visualize thewslution ofthe ie6 sonditions:

1 Increasing Median Tie Condition: Over the years, tlex®beera noticeable rise
in the median tie condition value. This upward trend suggests a general
deterioration of tie conditions during this period.

1 Growing Box Length: The length of the box in the figure expands as the years
progress. This increase in box length is also indicative of tie degradation.

1 When comparing Figuréd3 with Figure40, certaindifferences become apparent.
In Figure 43, the degradation appears more structured, and by year 4, the tie
condition median reaches a value of 2. In contrast, Fgfldepicts a lower median

of around 1.8 for year 4. This preliminary observation suggests that the introduction
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of replacements may have affect on tie degradation, potentially slowing down

the dgradationprocess.
Following up on the insights from Figurs8, a data distribution shoiwg how the tie

conditionvalues spread across differgefars is presented in Figuté.

Tie condition Distribution
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Figure44: Tie conditiondistribution-no replacements

From Figure44:
1 The tie conditions follow an exponential distribution in the first year, and right
skewed distributions in the other years.
1 The histograms reveal a rightward trend in the median tie condition valuéhever
years. This suggests a consistent deterioration in tie conditions from year 1 to year
4.

1 When comparing to the distributions in Figurk the degradation becomes more

120



evident as the number of failed ties increase each year.

1 Furthermoreit is important to highlight the significant data imbalance within this

dataset as well.

Finally, to get an insight on the linear correlation adjacent ties conditions over the years

when no replacement occurred, a correlation plot was generated using Pearson correlation

coefficient, and is presented in Figudi®
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Figure45: Correlation plot of adjacent tie conditiems replacements
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When there is no tie replacement (which applies to the refined and preprocessed dataset
used in this analysis), the condition of a tie in a particular year shows a signaichnt
strong positive linear relationship with its condition in the subsequent.yEhis
relationship occurs because the tie is expected to degrade with time, leading to a higher tie
condition scoreThe correlation coefficients in thieigure 45 are higherthan the ones
presented in Figurd?2 for similar pairs of variables. In facthis was expected, as no

replacement interfesavith the correlation.

3.5 Extraction of Soil Properties

After conducting a thorough Exploratory Data Analysis and processing the tie inspection
data in a way that aligns with the research objectives, a final major step was taken to extract
additional datalUsing soil data as additional features to improve model accuracy is a
common practice in various applications, especially when the underlying soil properties
might have an impact on the crosstie degradation Bgténcorporating soil data into the
model, valuable irdrmation that had not been previously coesed was captured, leading

to better predictions and insights.

3.5.1 USDA Online Soil Database

Theautomated inspectiaataset contains crossiaformation. Each crosstie entry in the
dataset has associated attributes, and importantly for this task, it includes the GPS
coordinates (latitude and longitude) for the crosstie locatidate: the GPS coordinates

were available only for the 2020 data inspection.
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The objectivewas to extendhe existing dataset with soil properties for each crosstie
location. By using the latitude and longitude coordinates, relevant soil information was
extracted from the United States Department of Agriculture USDA database using their
web service the Soil Survey Geographic Database (SSUR{399] and theirWeb Soill

Survey (WSS)nap datd200]. As an examplesigure46 illustrates the use of the USDA
database to extract soil characteristics from a small segment of the study area (Freestone

County, Texas) using the GPS coordinates.

Figure46b: Screenshot asegment of the studyreausing GPS coordinates (iVSS)
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Figure46c: Screenshot ofoil characteristics of theegmentn Figure46b

3.5.2 Automated Extraction of Soil Properties
To extract soil properties for each crosstie location using the provided latitude and
longitude coordinates in an automated and efficient way, a program was written using
Python. First, the necessary libraries and packages were imported, mainly:
0 request$201]for making HTTP requests. The objective of the latter
is to access a resource on a specific web sg208af,
o xmltodict [203] for parsing Extensible Markup Language (XML)
data which is a markup language that allows to define and store data
in a shareable wgR04] [205].
The USDA web service has a Soil Data Access Query interface that allows to retrieve large
volumes of data as an XML formi@06]. Using theJSDA provided guidg207], the data
extraction was automated following the steps below:
1. Defining 6 S &xtractiordFunction:

The Soil Extractiord Function is designed to fetch soil properties from the USDA
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web service.

coordinates.

It takes twioput arguments, representing the latitude and longitude

Constructa SOAP Request: The function constructs a SOAP
(Simple Object Access Protocakquest body with the provided
latitude and longitude coordinates. SOAP is a messaging protocol
used to communicate with web servi¢2@8].

Send Request and Receive Response: The function sends a POST
requesf209][210]to the USDA web service with the SOAP request
to obtain soil data for the specified location. The response is
received from the web service.

Parse XML Response: The XML response obtained from the web
service is parsed into a Python dictionary us{mgitodict[203].

Extract and Convert Datahe relevant soil properties from the
parsed dictionargre then extracteahdconverted int@dataframe.
Return Soil Data: Th&oil Extractiord Functionreturns thedata
frame containing the soil properties for the given latitude and

longitude coordinatess illustrated in Figurd?.
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[5] dft = pd.DataFrame(soil(31.666419, -96.38930573)).1lec[:, 3:21]
dd=df1.drop_duplicates()
dd1 = dd[dd. hzname.notnull()]
toplayer=pd.DataFrame(dd1.1loc[@,5:17]). transpose()
ddl

cokey  chkey preent sloper slope hamame deptht depthb auc clay silt sand OM bulk density th33 pH sat_hidric_cond bd f:

0 22259325 65773560 85 2 3 Bks 6 MA0M6 4 2 3B 0B 148 B1 73 091 0.3362
3 25935 66776 85 23 A 0 W03 13 B 1B 149 196 65 % 181
4 25935 66776 85 2 3 Bs 20 63016 46 15 39 05 15 3 67 091 -033%
T 2259325 66773563 85 2 3 Bk M4 1B 05 4 M 3B 03 14 31178 091 0367
10 22259325 65773564 85 2 3 Ck 1% 14015 M B 3 02 17 2378 091 0306

Figure47. Example of extracted soil data fogaen latitude and

longitude

2. Main Loop:
The main part of thalgorithm is doop iterates over each setavbsstiecoordinates
through two main steps:

a. Fetchng Soil Data: For each iteration, thie S dEktriactiord Functionis
called with the current latitudend longitude coordinates as arguments. The
function fetches soil properties from the USDA web service and returns
them as alataframeas shown in Figuré?7.

b. Appendng to frames: The resulting datieame, containing the soil data for
the current crosstie location, is appended totiggnal dataset

3. Final Output:
The frames list now containthe appended data framesach representing the soll
properties for a different crosstie location in the dataset.
The algorithm leverages the provided latitude and longitude coordinates to access the

USDA web service and retrieve soil properties for each crosstie location. By employing
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Python libraries for web requests, XML parsing, and data manipulation, the soll
information was successfully integrated with the exisaingpmated inspectiocrossties
datasetlinking between crosstie locations and their corresponding soil charactefibigs.
combineddataset allowdfurther analysis and modeling by adding the corresponding soil

properties.

3.5.3 Results and Data Analysis

Following the extraction of various so@haracteristics data for each crosstiee
percentages of sand, clay, and siltrevepecifically retained and prioritized. These
variableswere selected due to their significant role in defining the overall soil stiffness,
which is particularly important for assessing load distribution on the cros<bger
variables were extracted and presentefigpendixB.

Figure48is a 3D scatter plot where the three axes represent the percent of sand, percent of
silt, and the percent of clay, while the size of the dots represents the percentage of ties

having that soil combination.

3D Scatter Plot: Percentage Soil Categories Based on % Sand, % Silt, and % Clay Composition
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Figure48: 3D Scatter plot showing percent of sand, silt, and clay
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From Figure48, nine different combinations of clay, silt, and sand were found in the
dataset, and would be used further in the analysis to estimate an average local track

stiffnessegseeChapter8). Table16 summarizes the 9 soil combinations.

Table16: Soil Combinations

Clay [%] Silt [%]  Sand [%]

Combination A 44 21 35
Combination B 35 31 34
Combination C 39 30 31
Combination D 15 16.2 68.8
Combination E 8 26 66
Combination F 8.5 21.8 69.7
Combination G 7 10 83
Combination H 6 12 82
Combination | 70 21 9

3.6 EDA Summary and General Observations
In this chapter, a comprehensive Exploratory Data Analysis (EDA) was conducted, which
can be summarized the following key steps:
1 DataPresentatiorthat includes understanding the nature of the tie inspection data
1 Data Preprocessing and Restructuring: Cleaning and organizing the data to prepare
it for analysis.

1 Exploration of Different Features: Investigating various features related to the track
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and the ties within the dataset.

1 Exploring Tie Condition Data: hdepth examination of tieondition datger mile
and per yearincluding its distribution and characteristics.

1 Cleaning and Aligning the Dataset: Ensuring that the dataset is clean and properly
alignedover the yearto facilitate meaningful analysis.

1 Exploring Tie Condition and Degradation Over Time: Analyzing tie condition
trends and degradation patterns over the observation period.

1 Selection of a Subcategory: Identifying a specific subcategory within the dataset
where no alignment was required.

1 Extraction of Soil Characteristics: Retrieving relevant soil characteristicdlasdta
would be relevant for further analysis

Thesesteps collectively formed the foundation for a comprehensive exploration and
understanding of the dataset and its related featdinesfollowing observations and
conclusions were made:

1 The initial (EDA) examined tie condition features, which generally aligned with
expected norms and showed balanced distributtbnsughout the yearsNo
outliers or extreme values were found. Minor variations occurred over thgdaur
study, indicating maintenance or degradation. All ties shared uniform track
conditions such as the degree of curvature or types of plates used
Since all ties experienced tkenilar factorsconditions, includingrack condition
and weatherthese variables do not appear to play a significant role in the tie

degradation process.
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1 In the second phase of the analyaispmprehensive evaluation of tie conditions
was conducted, segmented by both mileage and year, facilitating the identification
of miles where significant tie gang operations took place. These miles were
meticulously aligned at a tigy-tie level to enablerecise tracking of tie conditions
over time.Thisyielded valuable insights into both tie replacements and degradation
trends.In addition, tes that experienced no spot replacements appeared to exhibit
moredegradabn.
Finally, soil characteristics data revealed that the track is situated on nine distinct soll
categories, highlighting the diverse conditipméentiallyaffecting thetie§ degr.,adat i o
This chaptemcludeda thorough investigation of the data, preparing itdeanalysesand

modelsand drawing insights related to tie conditions, degradation, and soil characteristics.
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Chapter 4

STATIC ANALYSIS: EFFECT OF ADJACENT SUPPORT CONDITION ON

PREMATURE CROSSTIE FAILURE

Chapter 4 presents a static analygipresenting the results studieqd39], [86], and[197],
andsummarizingher key points.

The gatic analysis assumes that the statadpicenties remains constafr static)over
a threeyear period.By creating adamage ratipin addition toconducting two more
advanced analysethe static analysigrovides a method to measure hadjacentties
influence a central ties p r e ma t This ahapteranarkswan igitial step iretthesis
research and establishes the foundation for investigaiegeffect of adjacenties

dynamically over time.

4.1 Introduction

The static analysis presents a way to quantify the effect of adjacent ties on a center tie
assuming the condition of adjacent ties remains the same during theytaes period

By developing a damage ratio, it has been shown that the higher the loss of support, the
higher the tie life reduction. Then, two higher order analyses expanded on these results to

estimate an average tie life based on adjacent ties conditions as vedihasagrobability
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of tie failure depending on the loss of adjacent tie support. The relationship between the
percent loss of support and average tie life was determined using different data analytics
techniques.

The static analysis only included data received in 2049data collected in 2016, 2017

and 2019Several analysis approaches were performeldaa#td on the use of tie condition

data from two different inspections only (2016 and 2019) performed over a span of 3 years

carried out on the same track. THFigure4dt at i c

Data identification and preparation (data cleaning, etc.)

Data alignment (major effort due to required tie level

Exploratory Data Analysis
Data Processing and Analysis

Development of models that predict reduction in life of &
tie as a function of adjacent tie support condition.

Figure49: Static Analysis Steps

Following the steps ifrigure49, and after cleaning the data, an exploratory data analysis
was conducted. It was noted that the dataset was unbalanced, in that 80% of the ties
belonged to the group where all the adjacent ties were in good condition (condition score
of 1 or 2), and thawas considered a challenge in the analysis.

It is important to note that miles and major track sections where significant maintenance

operationdhaveoccurred, such as tie replacement gangs were dismissed.
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4.2 Analysis

First, support condition, as used in this PhD research project, refers to the effect of adjacent
crossties on the load distribution of center tie, as illustrateligure50. As explained in
Chapter 2, the dynamic wheel load of a passing train is supported not just by the tie
immediately under the wheel but also by the ties adjacent to that center tie under the wheel.
This is illustrated irFigure50, which shows the distribution of wheel load on the tie under
the wheel (in maroon) and two ties on either side of the center tie. This distribution, which
is based on Beam On Elastic Foundation (BOEF) theory, explained in the previous section,
is based om track modulus of 4,000 Ib/in/in, [28 MPa ]115 RE rail, andri2d [50.8 cm]

tie spacing (for different track support conditions and rail sections, the distribution will

vary).

Wheel Load, P

12% 21% 27% 21% 12

Figure50: Percentage of load carried by each tie
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A degraded tie will support less load than a tie in good condition. Therefore, one or more
degraded ties will transfer load to adjacent good ties The effect of poor or failed ties
corresponds to a change in support condition. Thus, if any adjacenégg)led and can

no longer carry its share of the vertical wheel load, the result in an increase in the load of

the center tie, i.e., the tie directly under the wheel.

4.2.1 Configurations Based on the Average Loss of Support
Upon completion of the alignment process, a detailedytige micro analysis was
performed on the tie data. Depending on the condition of the adjacent four ties in 2016
(year 1), ties were grouped into the different support condition groups. The equivale
average loss of support was computed for each group
Table 17 presents an illustration of thedistinct groupswhere:

1 The dark brown tie in the middle is the study tie,

1 ared tie represents a tie with a score of 3 or 4 (tie in poor condition),

1 and a light brown tie represents a tie with a score of 1 or 2 (tie inaguatition).
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Tablel7: Tie groups and configurations based on the average loss of support

Group

Configuration

Average Loss
of support (%)

Number of ties
in the category

T
A :I:I:I:I:[ :I:I:I:I:I: 17 16379
SEEEE]

A

B 33 1410

i

IEENNNRRET]
C :I:I:I:u :I:I:I:I:I: 46 695
g

From Table 17Group F is the bestase scenario where the center tie is surrounded by
four ties in good condition, and the average loss of support is 0%. Group A comes in the
second position with an average loss of support of 17%, followed by Group B, with an
averagdoss of support of 33%, and then by Group C, wlith highestoss of support:

46%.

4.2.2 Method A: DamageRatio

The first method used in this analysis consisted of developing a Damage Ratio based on
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the four group configurations ifable 17.
Because the change in the percentage of poor ties represents the tie condition degradation
throughout the thregear period, a damage ratio was generated using the following

formula:
PAEAIE@®A IOGEAIODT BD
PAEAIAIADI &b

$ Al ACROEDI BD

The damage ratio was computed for all the groups, thesast converted into a Tie Life
Reduction factor(by computing the inverse) and plotted against the loss of adjacent tie
support as presentedhiigure51 where the »xaxis represents the loss of adjacent support

[in percent of load], and thegxis represents the equivalent reduced tie life

1.00
0.90
0.80
S 0.70
s 0.60
cqr) 0.50 y = 1.4441%-1.322x + 0.9931
£ 0.40 R2=0.9792
@© 0.30
|_
0.20
0.10

0.00
0.0% 10.0% 20.0% 30.0% 40.0% 50.0%

Loss of Adjacent Tie Support (%)

Figure51: Reduced life vs. Loss of adjacent tie support
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From Figure51, It can be seen that the trend is clear and well defined; the higher the loss
of support, the more the life reduction following the formula:

Life Reduction =1.44127 1.32L+0.99
Where L is the loss of adjacent tie support as calculated by Beam On Elastic Foundation

load distribution across four adjacent ties.

4.2.3 Method D: Graph Analysis-Us i ng Di j kstrads Al gorithm
Reconstruction

As a second method to quantify the impact of adjacent support condition on the center tie

life, the average tie life was reconstructed by threating the available data as a graph and

finding the shortest patii j kst radés Al gorithm is commonl.y

path between two (or more) specific vertices of a gfaph] [212] [213]. In this analysis,

it was used for its mathematical algorithm apbvided a piecewise reconstruction of tie

life as a function of varying support condition and a way to calculate a relationship between

percent loss of support and average tie life

The objective was to use algorithms to mir

Vertex 4 (Afailedod tie), corres.phun\deitaxg t o t

1 corresponds to the condition 1.0, Vertex

4. To accomplish this, first, the percentage of ties changing conditions (from their initial

condition score) within the 3 years (2018019) is calalated, and an example is shown

in Tablel8.
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Table18: Example of percentage of tie score changes

1 11 |12 |13 |14 |15 |16 |17 |18 |19 |20
1 [Bea [ 1781 [10.70 1771 11551 | ¢ oo, | 312 1350 15 5704 4 6906 | 2.15%
i' (}/(?'54 (}/02'37 08/(')36 (}/07'41 8.70% ;)05 0‘254 5.16% | 6.71% | 2.19%
;. (}/02.87 09/[.)11 (}2.42 (};}).24 05/[.’00 &10 — 3/(()).26 3.20%
3 020 | 2535 | 2019 1 603 | 089 | g 9206 | 0377 | 3.90%
411- %3.12 (%).25 06/(.)39 08/(.)29 0 33% (:;(()3.66 E 019
é- (}/01.19 06/(.)57 (z)a/(.)ss g/s).gl 3/07.68 & 3606
é. 05/(')33 (;;22 9.03% 3/07'30 4.09%
%' (?/(')57 8.09% (}/5'82 4.78%
5 7.16% | o0 * | 4.41%
é' (}/5'29 6.32%
2. 12.45
0 %

Based on the percentage calculated, the weights from each vertex or node to the other in

the graphs cathen be defined as follows:

e e .

The adjacent matrix weights represent the distance between nodes on the graph. The
minimized sum of the weights represents the minimum path. This is identical to the

maximum path considering the percentaeb e ti e score changes
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the deterioration behavior that the majority (high percentage) of ties undergther

wor ds, the resul ti

ng

pat h

from the Dijkstr

average tie life that the majority of cretss in a Group have. This method allowed for

modeling and predicting the average tie life. The higher the pegeenfaies having the

same initial score and having the same final one, the higher the likelihood that a random

tie having similar initial score will have the same final seéor@ years. This is justified by

the fact that, except in extreme conditions (such as a breaking), tie condition degradation

happens gradually.

As an examplehie resulting path fromthei j kst r adés al gmoGrougFisn appl

illustrated inFigure52, and it represert the tie degradation behavior for the majority of

ties in that group. The illustration was performed using R software pafXbgje

©

@

Q@ Q@
® O 0

@ @& © @
® & © o

)

Figure52: Example of Tie life reconstruction for Group F

The weights used in the graph represent the inverse of percentages of tie score changes.

Thus, the shortest path represents the sequence of tie scores (vertices) that the majority of
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ties in a group will go through before tie failure (i.e., score = 4.0). These sequences of tie
scores can be used to forecast the tie life. Because the dataset represents inspections from
2016 and 2019, every step in the short path will be representepdnipd of 3 years.

After applying Dijskstrads Algorithm to fi
tie life for each group, the results were summarized and are presefigdreb3, where

the xaxis represents the time in years and the y axis represents the tie condition.

Tie Condition
N

0 5 10 15 20 25

Time [Years]

Figure53: Time in years vs Tie Score for group A, B, C, and F

Figure53 shows the forecast tie score changes from 1 to 4 for each group of ties. The tie
life is longest for ties with good support, and shortest for ties with poor support. A
regression fit was performed on the data to obtain the degradation rates for eacthgroup

results of theegression analysis are as follow:
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A For group F: Tie condition = 0.116t + 1

A For group A: Tie condition = 0.1366t + 1
A For group B: Tie condition = 0.1482t + 1
A For group C: Tie condition = 0.1556t + 1

where t is time in years.

Note, the tie degradation rate is the slope of the regressiomhieedie degradation rate
increases as the loss of support due to adjacent tie condition increases from Group F (best

case scenario) to Group C (worst case scenario)

4.2.4 Method M: Markov Chains Application for Tie Failure Prediction

As third alternative analysis approach, Markov chains were used to determine tie life and
the effect of loss of adjacent tie suppdihe use oMarkov chains also allogd for the
prediction of the change of probability of reaching a particulacdigdition over time

[215].

Markov Transition Matrices were generated for each group using the transition
probabilities(from the existing data)it is to be noted, that the assigned tie scores were
grouped into integers (1, 2, 3, and 4) and every tie score was represented by a discrete
Markov state To build the transition matrices, probabilities were represented by the

percentage of ties changing conditions (from their initial discrete condition score) within

141



the 3 years (202&019) periodAs an examplehe equivalent Markov Diagram for groups

A wasgeneratedising R softwar¢214] andis illustrated inFigure54:

Figure54: Markov Chain Group A

Using the matrices generated in the previous seas@hown in the example Trable 18,

a step chain probability prediction was performed soRware[216]in order to determine

the change of failure probability as a function of chain steps. It is to be noted that failure is
defined as a tie reaching a score of either 3 or 4. The initial state of each Markov chain
was set as the initial tie condition scasedach group as 1 (best condition). Markov models
were generated for each group independently over 25 chain steps (iterations) to determine
the probability of reaching a specific tie condition score change over the chain iterations
(note that in this apjgation chain steps represent tijnét was observed that the change

in failure probability differs from one group to the other. For a similar number of iterations
(i.e., time), failure is more likely to occur for ties belonging to groups with higher loss of

support. In other words, the likeood of failure grows as ties lose adjacent support.
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Setting the failure probability threshold to 75% and to 90 % respectively, the chain steps
necessary to reach the thresholds were counted for each group then, a life reduction factor
was then determinedhe results are summarizedrigure 55, where the »axis represents

the percent loss of support, and thaxys represents the tie life reduction.

1.2

! E\u\
y= 0.5753%-0.5703x +1.003
Rz =0.981

o
e

< Probability of 75%
OProbability of 90%

Life Reduction
o o
~ o

o
N

0% 10% 20% 30% 40% 50%
Percent Loss of Support

Figure 55: Life reduction factor as a function of loss of support

FromFigure 55, it was concluded thahe life reduction factor behaves similarly for both
thresholds. The trend is well defined, the higher the loss of support, the lower the life
reduction factor, and hence, the lower the tie life. The life reduction factor change as a
function of percent lasof support can be defined by the following the equation:

Life Reduction = 0.575312- 0.5703L+ 1.003

where L is the loss of support.
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4.3 Conclusions

From the static analysis, the rate of tie condition degradation is directly related to the
support condition associated with the adjacent tie condition. This was presented a
simplified analysis approach (Method A), and then using two more sophisticated and
accurate approaches, based on the Dijkstra method, and Markov Chains.

The life reduction factor is a measure of how much the tie life is reduced as a function of
percent loss of support. As such it is the ratio of average life for each tie support condition
group (e.g., A, B, C) as compared to the fully supported casel @foad adjacent ties)
where the loss of support is Q #hese results are shown graphicallyFigure56. The life
reduction based on Dijkstrads algorithm i s
using the previous simplified analysis approach (Method A). Furthermore, the life
reduction factor based on Markov Chains is, in turn, less severe théfe treduction

factor calculated using both other methods. This indicates that the effect of adjacent tie
condition and associated loss of support is somewhat smaller than the simpler analysis
suggests. In fact, this may be more realistic, since the siarlysis formula shows a
dramatic reduction in tie life associated with modest loss of tie support (21%), as compared
to a more realistic reduction associated with both other methods.

Despite their different degradation rates, all three methods confirmed that the loss of
adjacent tie support contributes to the premature degradation and failure of a tie5&igure
summarizes the results by showing the life reduction as a function of loss of support for all

three methods.
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Life Reduction Factor as a Function of Loss of Support
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&’ Markov based (Method D) Life reduction factor
L 05 Regression (Method A) Life reduction factor
— - — = Average Equation
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Figure56: Life reduction factors using Method D, Method M, and Method A

Figure56 shows the similar life reduction behavior for the three methods, the life
reduction equations are summarizedadsws:
f  Method A life reduction equation: Life Reduction = 1.444 ..322 L + 0.993
f  Method D life reduction equation:Life Reduction = 0.566%-0.869 L + 1
f Method M life reduction equation: Life Reduction =1.678 1.429 L + 1

An equation was developed averaging out the three methods as follows:

Life Reduction = 1.082 127 1.099 L + 0.997

The findings from this chapter are useful to the railroad industry as they can provide a basis
for more efficient maintenance and tie replacement planning. Theysafgeas a first

milestone of the research and set the ground to explore the dynamic impact of adjacent ties
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over time.
In the static analysis, the condition of the adjacent ties was held constant. However, this
does not happen in the field and as such the next parts of the thesis considers the potential

effects of changing adjacent tie support conditions over time.

146



Chapter 5

BEAM ON ELASTIC FOUNDATION USING LOCAL TRACK STIFFNESS

The first section of this chapter focuses on the contribution of crosstie condition to the track
stiffness as well as key concepts. The second section is the applied case of Beam on Elastic
Foundation theory in which different local stiffnesses were censttito determine the
distribution of a given wheel load on a group of crossties of varying corslifidwen

finally, differentexamplesof variable tie and suppocbnditions were studied. A model

was then developed using over 15,000 generated scenarios of 5 adjacent crossties (and their
equivalent local stiffness) to represent how the load distribution changes as a function of
local track stiffnessi.e., tie support condition)Then a sensitivity analysis was performed

to the determine how the load distribution is impacted by change in tie condition.

5.1 Introduction

When a tie starts to degrade, its mechanical properties including strength, stiffness, degrade
aswell, making it less able to support the portion of the load assigned to it. This process
makes the train wheel load unevenly balanced as the adjacent crossties has to support more
load than they were supposed to, and that contributes to an increasiraglatieg rate

This suggests that degradation rates of adjacent ties influence each other and a change in
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distribution of load can result in a change in degradation rates for these adjacent ties,
particularly if they have to support an additional portion of the wheel load.

The tie condition can be reflected by its ability to support a given wheel load, and the
associated track support or stiffness that it provides. While track stiffness is also affected
by other track support parameters such as ballast arbladlalst condibn [83] [73], the
combined local track stiffness, such as associated with an individual tie, is a key parameter
in how the track supports (and distributes) railway vehicle wheel |8adslefining a local

track stiffness under each tie does reflect the tie condition from the point of view of loading
support.

This interaction between a crosstiebds con
adjacent crossties, and particularly the change in condition over time, has not been
addressed in the literature or previous research studies. This chapter reprefiesttpainte

of a more comprehensive study, with the goal of modeling the condition of wood crosstie,
as represented by local track stiffness, and the change of support it provides to the adjacent
ties. This is demonstrated using a series of applicatibrBeam on Elastic Foundation
(BOEF) theory[73] [25] considering different local track stiffnesses under adjacent
crossties.

In this chapter, the condition of each individual tie is associated with a local (individual
tie) support condition, and the effect of this variation in individual tie support condition is
examined from the point of view of how a wheel load is distribat@dng adjacent ties

with different conditions.
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5.2 Beam onElastic Foundation Using Local Track Stiffness

5.2.1 Model

To model the behavior of ties of different condition on the track and on the corresponding

load distribution, the beam on elastic foundation model was used with different local
stiffness values under @03, ¢ ha t sktes . defiiBthasss, fo
illustrated inFigure57a.

A series of homogeneous ordinary differential equations with the general solution
determined b¥quation(3) (Chapter 2vasused to formulate the track behavior illustrated

in Figure57a. Each ordinary differential equation is valid in a defined range with a constant
stiffness valuend has boundary afodt matching condition@efined in the next section)

The stiffness; is a representation of the Ti@és condi ti on among ot hel
However, in this study, all track parameters, excluding tie condition, contributing to the
track stiffness are assumed to remain constant. Thus, the primary cause of variations in

stiffness is the condition ofi¢ tie itself.
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2%

Wh-2(x) Whe2(x)
Wh-1(x) Wh+1(x)

Figure57a: Generamodel with equivalent stiffness under each crosstie

Thus,
1 ki is the stiffness under tigi goes fromm-2 to n+2),
1 the distance between adjacent tieg*is(and thus the zone of influence of Tiis
2#),
1 0 w isthe deflection definedver therange under Tie and having a track
stiffness ofk;,
1 wis the horizontal distance from the wheel.
It should benoted that:
1 the model inFigure57a only considerghe center tie and adjacent ties, but can
be adapted to 6, 8, 10 or more adjacent ties.
1 the track stiffness is considered to be homogenous aften+dgTie n+3, Tie
n+4¢ ) and before Tie-2 (Tien+3, Tien+4é ) because their impact on the middle

tie is not significant.
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Fortheareaunder Tiei (i goes fromn-2 to n+2), the deflection is as follows:

VL w 00 wéliw 0 Q [ Qtw 06 Q wéliw

Whered 5 O & & are constants and

It is to be noted thai (x) represents the deflection on the defined range to the left of the
wheel while0  (x) represents the deflection on the defined range to the left of the wheel
(seeFigure57a).

To simplify the equations, a moving origin was used. For each deflection fungfon

the axisbds origin as wel/l aTablel%asfollow: r ect i on

Table19: Deflection Functions moving- axis origin

Deflection Origin of the x-axis (x = 0) Positivedirection of
function wi(x) the x-axis

G.de under the wheel left
.4 under the wheel right
° fixed at a distanceéto the right of the wheel right
G, e fixed at a distancéto the left of the wheel left
° fixed at a distanc&*| to the right of the whee right
S S fixed at a distanc8*l to the left of the wheel left
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Using themoving origin, the boundary and matching conditions are hence as follow:

a Qa 11 (20 L a 0 T (22
4'Qa8 e (12) b dee U ) (23
(o]

o U Oeexkly @ (249
a ‘Qa T (12

(¢]

aQa e m (13 L a 0 T (25
0 a0 - 14) O a U T (26)
0 exd 0 aa (15) U ae 0 &) (27)
0 ®ed 0 @m (16) 0 Gexea:ebL A (28)
0 emm 0 cae (17) 0 Oxxard x=mae (29
O et O ot (19 O axa 0 &t (3D
0 &2 U e (20) O e 0 (32)

0 @e&|E UL adEX (33

(21)

Assuming the wheel is located above Tie 3, as illustiatéthure57b, the deflection,

slope, bending moment, and shear force equationdefined for each interval.
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Figure57b: Model with equivalent stiffness under each crosstie

Thudb ® , as defined by Equatiof®), is the deflection in the defined range underiTie

such that goes from 1 to 39 (seeFigure57b).

From the defined boundary conditiansEquationg10), (11), (12), and(13), The

following coefficient values were determin€gs = C14= Cs3= Cs4= 0.

For the rest of the coefficients, using the boundary and matching conditions iresult
series of algebraic equations that allow for the determination of the solution coefficients,
and the corresponding track behavior as a function of these local stiffnesses values (which

as notedare a function of the tie conditions).

10 W (x) represents the deflection on the defined range to the left of the wheel while
Wiar(X) represents the deflection on the defined range tagheof the wheel
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Therefore applying the boundary conditions between iTaed Tiei+1 (i goes from 1 to
4) as well as under the wheel (under Tie 3) represent&djbgtiong14) to (33) results
in the matrix represented by Tal@& Solving the algebraic equations in TaBlelead to
finding the values o€11,Ci2 C21,Ca2, Co3, Coa, Ca11,Car 2, CaL 3, CaL 4, C3r1,Cara Cars Cara,
Ca1,Caz, Cas, Cas, C51,Cs2.
Thus:

1 0  isthe deflection in the defined range under Tie 1
0w 6Q Oéfio 6 Q Qo 6 Q wéfi ®
0 Q i Qw (34)

1 0  isthe deflection in the defined range under Tie 2
L ® 6Q il 6 Q iTtd 6 Q O ®
0 Q I Qw (35

1 0 o isthe deflection in the range defined by the left side under Tie 3

~ ~
4

0 w 06 Q wWEfiw 0 Q 1 QEw 6 Q wéfi w
0 Q i Qw (36)
1 0 o isthe deflection in the range defined by the right side under Tie 3
0 w o0 Q WéEfi @ 6 Q 1 Qtw 6 Q Q& ®
0 Q I Qtw (37)
1 0  isthe deflection in the defined range under Tie 4
0 w 0 Q WEfiw 6 Q Q¢ 6 Q 0éf ©

6 Q i Qtw (39)
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1 0 w isthe deflection in the defined range under Fie

0w 00 wefiw 6 Q 1 Géw 0 Q weEl @

0 Q I Qtw (39

From the defined boundary conditions:
1T 1LEO I,

1 ioEi)ee Th

11 E0

1 1Ebe m

The following coefficient values were determineg € Cia = Csz3 = Cs4= 0.

For the rest of the coefficientg@lying the boundary and matching conditions results in a
series of algebraic equations (shown below) ¢ématblethe determiration ofthe solution
coefficients, and theorrespondindgrack behavior as a function tifeselocal stiffnesses
values(which as noted ara function ofthetie conditiors).

Thus, he boundary conditions between Tie 1 and Tie 2 are as follows:

o Q WéEcar 6 Q [ Qe 6 Q wécat
6 Q i e o) s (40)
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I Q [ QT wé ¢a o)
6 1 Q [ 0é 6 T 'Q i Ot
6 f 6 f 18 (41)

I Q i "Qed 6 1 'Q wécat 6 T Q i O

I'Q €& ¢af 6 1 T (42)

I Q WECaT i Qe 6 1T Q [ Qe |

WE €oT 6 1 Q [ el wécaft 6 1 Q [ Qe T

6 f 6 f Tt (43

WE Eat

The oundary conditions between Tie 2 and Tie 3 are as follows:

O Q Géfia 6 Q iQEa 6 Q GEéT a
6 Q i Qta 6 o) 0 (44)
o) I Q i Qea wéfi a o) Qi Qa
QT O 6 1 Q i Qta QéT a O 1 Q i Q&a
OET A o 1 o 1 o 1 o 1 Tt (45)
O 1T Q iQta 6 1 Q wéfia 6 I Q (i Q&a
6 T Q Qéfia O f 6 T T (46)
o 1 OETi o 1 Qe a 6 1T Q 1 Qia QEéT a
6 1 Q i Qta Q&N a 6 1T Q [ Q& a
OET A O 1 o 1 o 1 o 1 Tt (47)
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The obundary conditions at Tie 3 are as follows:

0 0 o} o} 11

0 7 o) I o) I 0 f 0 I

0 T 0 0 s

o T 0 I 0 I 0 1 T

0 f 0 I 0 0 I 0 f o f

8 6 1 -

The boundary conditions between Tie 3 and Tie 4 are as follows:

6 QO wéfia 6 Q iGta 6 Q QEéf a

0 Q i Gea 0 0 T

0 T 'Q [ Qo QT o 0 T 'Q [ Q& a

OET O 1 Q [ "Qea QT o O T Q { G&a
OET O 6 1 o 1 o 1 o 1 T

6 1 Q iqQsa 6 IF'Q wéfia o6 Qi QEa
6 1 Q wéfi a6 f 6 T Tt

6 T Q owélia i Qea 6 T Q i'gEa 0&éf o
0 I Q i Qeda wET o 0O I Q i Qea

WET @ o 1 6 1 6 1 o 1 T

The oundary conditions between Tie 4 and Tie 5 are as follows:
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(50)

(59)

(52)
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6 Q i et 6 s (56)
6 1 Q [ Ot ©OEé ot 6 1 Q [ Qe T

WE Cat 6 1 Q [ QT Oécaf 6 1T Q i Qent
wé €af 6 1 6 T n (57)

6 1 'Q 0écat 6 I n (58)
6 1 Q WECaT i Oeat 6 1 Q [ Qe |

WE €at 6 1 Q [ Qe WEé€af 6 1 Q [ Qe T
WEé Eat 6 1 6 1 i (59)
5.2.2 Solution

The coefficiens matrixrepresented ifable 21 expresses a system of linear equations
(Equations(14) to (33)) that can be solved simultaneously Once they are solved, the
solution is obtained fothe values 0fC11,Ci2 C21,Co2, Co3, Cos, Car1,CaL 2, CaL 3, CaL 4,

C3r1,C3r2 C3r3 Csrg Ca1,Ca2, Cus, Cas, Cs1,Cs2. The latter, in turn, can be ustxfind the

11 A mathematical tool such &8ATLAB or Maple can be used to solve the system of
linear equations
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track deflectiorusing Equationd), and thus determine thearing force on crosstiesing
Equation(8). This may then be used to evaluatav the local stiffness influences the track

behaviorand the wheel load distribution.

It is important to note thahis analysis isquastistatig i.e., it treats the dynamic load as a
guaststatic load using the AREMA dynamic load equation as defined irAtherican
Railway Engineering and MaintenaroEWay Association(AREMA) Manual for
Railway Engineerintf [45]. Thus, the load and traskaluespresented in Tabl20 were

setfor this analysis as follow

Table20: Load and track values

| (rail section: 100 RE) 49 int
E 30,000,000.00 Ib/in2

Tie to tie distance:a 20 in

Dynamic Wheel Load 46,500 Ib

Notes:

12 The AREMA Dynamic Wheel LoadModel computes the dynamic wheel load (
using the following formulad 0 z p —— , whereD is the static wheel load(
30,000Ib ) and V is the train speed (60 mph) and D is the wheel diameter (36 in).
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1 For different dynamic load values, the percent load distribution will be thefsame
the same track support modulus.

1 For different rail sectionswith differentMoment of Inertia k) values the percent
of load carried by each t@manchange

1 Damping was not considered in this analy&lternate analygscould beused that
include theeffect of dampingsuch as a higher order dynamic simulation models

or finite elemenimodels, as discussed previously.
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TOT

Table21: Coefficiens Matrix

1 [} e cos(2B; ) e sin(21 B) e cosl21B;) &% P2 sin(21B;) [} 0 0 0 0 0 0 0 0 [} 0 [} 0 0 = 0
Bae%2( sin(21B:Bye~ %2 (sin (218}, 6™  ~sin(21p 6™ (sin(216;) _

By By cos(218)) cosCIB))  F eosE))  + eos(ZiEy)) 0 1] 0 1] 0 1] 0 3} 0 0 0 0 0 0 = 0

0 [ e Pesin(21B, }Ehe ¥ cos( 21 f e sin(21R, Ble PP cos(21,) o 0 0 0 0 0 0 0 0 o 0 [} 0 o = 0

3681 (cos(21p3eP2 T (sin 218 e™ (—sin(21p35 ™2 (~sin( 216,

a3 @l B =

Bi Bi siJl(ZlB—_.)) ; oos(llﬂg)) - m(zlm) ' m{llﬁg)) 0 0 0 0 0 0 0 0 0 0 0 0 0 0

0 0 El 0 1 0 e cosBsl) e Plsin(Bsl) e cos(Bsl) e sin(sl) 0 0 0 0 0 0 0 0 0 0 = 0
_ _ _ —Bae# (sin(By1-Bae P (sin(Bsl By (—sinBsD) Bye?(sin(psD) .

0 0 ﬂg ﬂg ﬂg [31 +m(ﬁal)) _ oos(ﬁgl}) + Oﬂﬁ(ﬁgl)) +Dus(ﬁgl)) 0 0 0 0 0 0 0 0 0 0 0

0 0 0 B 0 B Bie®sin(B;l) —ple *#cos(Bsl) —pieP sin(Bs1) BieF cos(Bsl) 0 0 0 0 0 0 0 0 0 0 = 0
3 3 3 s Bie(cos(Bsl) Ble (sin(Bs 1 B3 (~sin(B; DB3e M (~sin(@s)) _

0 0 —B3 B2 [ —Bi = shl(ﬂal)) b Wﬁ(ﬁau) = oos(Bal)) b ooﬁ(ﬁgl)) ) 1] ) ) 0 ) 0 ) 0 o = )

0 0 ) 0 o 0 1 1] 1 1] 1 1] 1 ) 0 ) 0 ) 0 o = )

0 0 ) 0 o 0 1 1 1 -1 1 -1 -1 -1 0 ) 0 ) 0 o = )

0 0 ) 0 o 0 o 1 ) 1 ) -1 ) 1 0 ) 0 ) 0 o = )

. P

0 0 ) 0 o 0 1 -1 1 -1 1 1 1 1 0 ) 0 ) 0 o m

0 0 0 0 0 0 0 0 0 0 e cosfsl) e PlsinBsl) e cogBsl) e sin(Bil) 1 0 1 0 0 0 = 0
~Bse ™ (stnlBal-Bse™ (sin(Bsl B3 (—sin(B]) s (sin(Bs) B

0 0 0 0 0 0 0 o 0 O goos) - cos(Bl)  +cosiByl)  +eos(Byd) P -+ s B 0 ° B 0

0 0 [} 0 o 0 o 0 0 0 BlePosin(Bs1) —ple P cos(Byl) —pleMsin(Bsl) BlefYeos(Bsl) 0 Bl 0 & 0 o = 0
B3 cos(Bs1) Ble™ (sin(By ) BleP* (—sin(BsDp3e™ (-sin(B:D g 3 - E

o o 0 o 0 o 0 0 o O Zanel)  +cosB) - cos(pil)  + cosBiD) i " i " ’ ’ : ’

0 0 0 0 0 0 0 0 0 0 0 0 0 0 & B cos(21, ) e sin(21B, ) 6™ cos(21B, ) &¥ Fsin(21p, ) El 0 = 0
Boe™ 2 (sin(21B.B,e P (sin(21Bi, ™ (~sin(21p B, ™ (sin(2IB,) N .

0 0 [} 0 o 0 o 0 0 0 0 0 0 0 oos(2By)) - cos2B)) - cosClf))  4cos(2) B Bs o

0 0 0 0 0 0 0 0 0 0 0 0 0 0 e MBigin(21p, ) plePicos (21B,-Ble Prsin 218, Ble P cos(218,) 0 Bt = 0
D (cos(21p3eH D (sin(2ple™ (~sim(2pgie™ (~sm(2ip, i B

0 0 0 0 0 0 0 o 0 o 0 o 0 0 Ton(2)) - cos(2IB) - cosifs)  F cos(ZIBy)) i B2 = 0




Using the algebraic equations that resulted from the beam on elastic foundation with the
setof values above, the coefficien® (=1, 2, 3L,3r,4,5, and j=1 to j=4) Were computed, leading
to a load distribution as a function kfj=1 t i=5).

Several sets of results are presentedrigure 58a, representing a symmetric stiffness
distribution with respect to the middle a@dFigure58b, representing a nonsymmetrical
stiffness distribution with respect to the middle tie. These results repeesanples ofie
load distributiorusing different values d§ throughks.

Note, he orangebarsrepresent theraditional conditionin which the track stiffness is
homogenous and constant under all the ties all ties are in a similar (relatively good)
condition. Theresults (other bay represent dierent combinations of locadtiffnesses
under each tielhe effect of poor tie condition (corresponding tovalue of 1000 Ib/in/in)

in shifting load to aadjacent good tie, can be clearly seen.

60.0% §
o m k1=k2=k3=k4=k5=40
“ Ib/infin
= 50.0% <
0 o
5 29
© 40.0% . <2 . m k1=k5=1000 Ib/in/in
c‘g R ~® R and k2=k3=k4= 4000
= 30.0% = SN « SN o lornn
2 X N N <
= s © s ©  @k2=k4=1000lb/in/in
(] o\ — (=] o o\ —
©200% 5 O 3 3 5 _ and k1=k3=Kk5 =
. - H5 o £9 S _H5  4000binin
10.0% T = © o SHE~
<t < -
k3=4000 Ib/in/in and
oo MEH | | | | | | BE  «i=ke=ka=k5=1000 I
Tie 1 Tie 2 Tie 3 Tie 4 Ties ~ n/in

Figure58a: Load Distribution using different local stiffness values (symmetric cases)
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FromFigure58a, it can be seen that the percent of load carried by Tie 3 (the middle tie)
can increase from 28.7% up to 51% as the adjacent ties degrade and their equivalent local
track stiffness decreases. This increase of 77.8% of the percent of load carried by Tie 3

affects the degradation rate and can expedite the failure of that tie.

50.0% m k1=k2=k3=k4=k5=4

00 Ib/in/in

Bk1=1000 Ib/in/in anc
k2=k3=k4=k5=4000
Ib/infin

40.0%

31.2%

m k2=1000 Ib/in/in anc
k1=k3=k4=k5=4000
Ib/in/in

m k2=k5=1000Ib/in/in
and
k1=k3=k4=4000Ib/ir

& K1=k2=1000 Ib/in/in
and k3=k4-k5 =400
lb/in/in

26.7%

30.0%

1%

18.9%

20.0%

Percent of Load Carried

10.5%

30
9.2%
8.6%

7.8%

. 7.1%
wrs .

10.0%

m k1=k4=k5=1000
Ib/in/in and
k2=k3=4000 Ib/in/in

o nhaannaannannaannannnss. 5 19,

!

Pl
P

0.0%

Figure58b: Load Distribution using different local stiffness values (nonsymmetric cases)

Likewise, the asymmetrical casesHigure58b show an increase of load carriedTog 3

from 28.7% (when all adjacent ties are in good conditiop)X045.1% as the adjacent ties
degrade and their equivalent local track stiffness decreases. This incré8s®wbf the
percent of load carried by Tie 3 affedts degradation rate and can expedit® failure.
Similarly, the percent of load carried by Tie 2 can increase from 22.4 % to 31.2%

depending on the condition of Tie 2 as well as the other ties (1,3,4,5). Note, other
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combinations of tie condition/local stiffness can further increase the load carried by
individual ties.

The usage of different local track stiffness in this study allfow therepreseration ofthe

different tie conditions and their transfer of loads to adjacent ties. By representing ties in
different condition with different stiffness values, thus representing differing abilities to

carry the load, it is possible to more accurately representgtrédtion of awheel load

when adjacent crossties are in different conditidrss is different from the classical
analyses in which the track stiffnes@nsidered homogenous within a group of adjacent

ties, omitting the effect adtied sondition a the overall wheel load distributioifhus, as

noted previouslya tie in poor condition will transfer some of the load back to its adjacent

ties making them bear an extra load, and hence, contributing to their faster degradation.

As can be seen in these examples, as adjacent ties (ties 1, 2, 4, and 5) deteriorate resulting
in a reduction in the local track stiffness, the center tie (tie 3) carries more load than what

it would under uniform tie condition (and uniform support condition).

This is valid for any of the fidoesnobbdyj acent
affect the tie per se, but also impacts the distribution of load around it. Thus, there exists

an interrelation between the five adjacent ties. The interchange of load between the ties as

a function of their condition is a complex dynamism thaddressed in this chaptércan

serve as a SsSteppingstone to determine a ti e
load it carries, as well a® predict tke remaining average lifespan of a tie for efficient

maintenance operations.

164



The next step in this analysis approach is to determine if this interaction can be modeled
in a simpler and more easily useable way. To achieve this, a set of machine learning models
(nonlinear regressions) were appliediederminghe change of percent of the carried load

for each of the five ties and are presented in the next section.

5.3 Development ofa Model for L oad Distribution as a Function of L ocal Track

Stiffnesses
In order todevelop a more simplified model tieterminehe effects of changing adjacent
stiffness on a particular crosstie, a nonliregression model was developed. To generate
an adequate dataset, different local stiffness scenarios were created. As in the analyses
presented above, five adjacent ties were considered where Tie 3 is considered to be directly
under the applied load. Thé&ffhess data for each of the 5 ties was randomly generated
following a uniform distribution and using values between k =1606/in and k = 5000
Ib/in/in; an expected range of track stiffness as determined from test data and literature
search.15,026 snarios were produced, and the percent of load carried by each tie was
computed using the BOEF model solved using the matihable21.
An example of several such different scenarios and their equivalent computed distribution

of load is illustrated in Tabl22.
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Table22: Example of generated stiffness and equivalent load distribution

Stiffness Percent of Load Carried
k1l k2 k3 k4 k5 Tiel | Tie2 | Tie3  Tied | Tieb

4000 4000/ 40004 4000| 4000} 12.0%| 22.4%| 28.7% 22.4%| 12.0%
5000, 5000/ 5000 5000 5000] 11.6%) 23.0% 30.4% 23.0% 11.6%
1542 3063| 4285 983| 2834] 7.5% 23.5% 40.3% 6 7.8%| 13.8%
3802 4864 2054 4796, 1484| 12.1% 29.6%| 16.6% 32.3% 6.3%
1619| 4841 908| 2944 2056 7.9%| 39.4% 9.4%| 25.7% 11.3%
1498| 4491 2220 2143] 1259] 7.1% 35.6% 22.9% 19.7% 8.1%
2776| 2195| 4504 853 | 4025] 12.2% 16.2% 41.1% 6.3%| 17.3%
1024| 2707| 3963 2324| 3063] 5.8% 21.9%) 36.7% 16.9% 12.7%
4945 3247| 4362 3609, 4866] 14.5% 18.1%| 31.2% | 19.9% | 14.0%
1349 4979 4742 4769| 4341 4.8%| 27.5% 31.5%| 23.6% 10.9%
é é é é é
812| 4204, 4945 3065| 4296 3.6%  26.8% 36.8%| 17.3%  12.8%
2498| 3025| 3967 4939 3725 9.7% 19.1%| 29.8% | 27.5% 10.7%

o8
(9]
D
(0]
(9]

The generated dataset was then randomly divided into a training set (80% of the data
points) and a testing set (20% of the data points: about 3,000 data points). The training set
was used to build the model, while the testing set was only for the mdideltioa. The
objective of this analysis was to develop a simplified and accurate model that determines
the relationship between local stiffness and load distribution based on the results from the
Beam on Elastic Foundation analysis. Using the generattadachd their equivalent load

distribution (based on the results from the Beam on Elastic Foundation model formulation),
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the model was built as follows:

R T e

0  QQRQRQRQRQ (60)
Where :
1 Li: is the percent of load carried Bie i, such that goes from 1 to 5
1 fi: is the function to be determined by the model

1 ki,ko,ks,ks,ks:local stiffness undeFie 1, Tie 2, Tie 3, Tie 4, andTie 5 respectively

Noting the norinear (exponential) nature of the BOEF analysis and the nonlinear
relationship between different values of local stiffness values, dimear (logarithmic)

model was introduced as follows:

a & W z W O z O z O ®
a & W Z- p~ ®
aeQ
wwwww B :
0 "QORQRoRQRQ (61)

where: are the regression coefficients ahib the regression intercept (functifin

The functiondy, f2, f3, f4, andfs and the corresponding values of coefficiesgtandb;

were determined and are summarized in TaBle
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Table23: Summary of coefficients; andb;

dij
[ il 1 2 3 4 5

b

-38.35 1756 1255 4.64 0.28 2.88
9.01 -45.13 1251 6.27 1.98 4.95
4.18 8.64 -4551 8.58 4.18 5.74
1.98 6.38 1242 -4525 8.98 4.96
0.41 479 1252 173 -3857| 291

ga b~ w NP

From Table23, it can be observed that there is symmetry in the coefficients. For example,
for L3 (i=3):as1= ass, and &> azswhich indicates that ties located within a similar distance

on each side are given a similar weight.

The functionds, fo, f3, f4, andfs can be summarized as follows:

PO R VIR VRS V)

0 "Q'QhQhQhQhQ

PO R VIR VR V)

0 "QQhQhQhQhQ

'Q8 z 8 2 8 2 8 2 8 2 8
0  "QQhQhQhQhQ
8 z 8 z 8 z 8 z 8 2 8
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PR TR R g Y]

0 "QQhQhQhQHKQ

T A A

0 "Q'QhQhQhQhQ

To measure the model s6 goodnes s?)dheMdan t |,
Squared Error (MSE), Mean Absolute Error (MABndthe &° index and thevariance

account for (VAF)values for each df, f2, f3, f4, andfs (for the testing s¢twere computed

andare summarized in TabRt:

Table24: Models Summary

f1 f2 f3 fa fs
R? 0.9&2 0.981 0.98 0.981 0.9
MSE 0.7% 1.1 0.993 1.112 0.814
MAE 0.584 0.707 0.6% 0.7(8 0.538
a?%index 0.993 0.999 0.999 0.997 0.992
VAF (%) 95.523 97.964 98.880 98.10r 95.603

Table24 shows that the five different regression models have value$ bé®een 0.959
and 0.988\VAF resultsbetween95.523%, and98.880%, MSE values between 0.79 and

1.12, and MAE values between 0.58 and 0.70. Note that the output of each model is percent

of wheel load.
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As can be seen in TabB, thea?® indexis between 0.992 and 0.999 for all the models,

i nd

icating a fAgoodo

lower than 20% from the BOEF values

In addition, scatter plots efiemodelpredictionsas compared to thealculated values from

the BOEF model foeach offy, f, f3, 4, andfs are presentenh Figure 59.

50

Modeal Predictions[% of Load]

Figure 59 indicates that the predictions are close toddleulated values from the BOEF

40+

304

204

404

304

204

T T T T T T
0 10 20 30 40 50
BOEF values[% of Load]

Figure59: Model Predictions against BOEF valueslferlL, L3, L4, andLs

prediction

of

t

h e

modelandscatter plots follow &learlylinear trend While thereareclearly someerrors

the models appear accurate and relatively easy to apply.

Table 24 and Figure 59demonstrate that the moddis f2, f3, f4, andfs can be used to

determine the distribution of wheel load as a function of local track stiffnesses.
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5.3.1 Sensitivity of the Percent of Load Carried to the Condition of the Adjacent

Ties

A sensitivity analysis was performed in order to illustrate an example of load transfer

between adjacent ties as a function of their conditions. The valugkef &nd kwere fixed

to (ki=ks=ks) 5000 Ib/in/in representing a tie in good condition while the values, & k
(k>=ks) were gradually decreased from 5000 Ib/in/in to 1500 Ib/in/ representing tie

degradationThen,fi, f2, f3, f4, andfs wereapplied to compute the percent of load carried by

all 5 ties Theresults aresummarized in Figur6O.
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Figure60: Sensitivity of Load Carried by Tse
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Figure60 shows the percent of load carried by Tie 3 sensitivity to the adjacent stiffnesses
(i.e.,adjacent ties condition). As Tie 2 and Tie 4 degrade (stiffness aklesdecrease),

the unsupported load by Tie 2 and Tie 4 is picked up by Tie 3, @red1Tie 5For a value

of ko=k4 = 1500 Ib/in/in the percent of load carried by the middle tie increases from 30%
to about 42% and the that carried by Tie 1 and Tie 3 increases from 12% to about 18.5 %

while Tie 2 and Tie 4 (in failed conditions) carry only about 11% of the load.

5.4 Summary and Conclusions

The objective of this chapter was to assess the effect of crosstie condition on the overall
load distribution over a group of adjacent ties. Crosstie condition contributes to the
distribution of wheel loads and the effect of their condition on this lostdlition is an

area of concern, particularly as it affects the relative life of the ties in track. When adjacent
crossties have different conditions (due to their different degradation rates and maintenance
operations), the load distribution becomesafahced and therefore some of the adjacent
ties can bear more load than normally expected, which accelerates their degradation.
Using local support stiffness as a representation of crosstie condition and a corresponding
application of Beam on Elastic Foundation (BOEF) thedmg, study presented in this
chapterdemonstratethe impact otrosstie conditiomn the wheel load distribution

First,the BOEF model of trackvas applied incorporatingjfferent localstiffnesses under

each crosstie. It is noted that whitecal track stiffness is a representation of different

parametersin the one focused on heirg the tie conditiorhas been found to keecrucial
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factorin defining this local track stiffness. Thus, the more degraded the tie, the lower the
track stiffness. Then, the common boundary conditions between the stiffness ranges were
definedresulting ina series osimultaneougquatiors. The latter wersolvedto find the
coefficients and then compute the percent of load as a function of local track stiffness.

The resultpresenthe crosstidoad distribution directly;,when any of a group of adjacent

ties (five in this study) degrade, reducing the local track stiffness, the load distribution
around it is impacted. For instance, supposing that a center tie in good condition is
surrounded by four deteriorated ties, tlemter tie bears more load than expected, as it
picks up the unsupported load from the adjacent ties.

As tie conditions change and vary, the transmission of load between nearby ties becomes
more significant. Through the change in local track stiffness that reflects a tie's condition,
the resultsallow for the determination of load distribution of any combination of tie
condition scenar®

Because of the complexity associated with this localized BOEF model, a simplified and
easier to apply model was then developed. Using more than 15,000 different adjacent tie
stiffness scenarios with different local tie stiffnesses (i.e., different tie sapgort

conditions), a notlinear regression model was developdthis model was used to

determine the loatj on Tiei as a function of the local stiffness€hQhQhQMA T B,

following the format of:

R A .

B
0 "QQhQhQhQhQ Q
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The coefficients were determined for each of the 5 tie clusters and tested \Rtloan
between 0.96 and 0.98 for each the functions "QRORQACHH ¢ @ This R, the
associated MSE, ané® index values (between 0.992 and 0.999) sugdbat this
simplified model is a good estimation of theore accurat8 OEF load distribution Thus,

the results of thishaptercan be used quantify the effect of nonhomogeneous local stiffness
(due to the different crosstie conditions) amheelload distributionwithout having to
define boundary conditions or perform the more complex BOEF analysis as discussed in
this chapter.

The findings of thishaptemllow for the modelng ofthe transfer of load between adjacent
ties based on their condition. Thisportantmechanism has many practical applicatjons
as t can serve as a basw tie life analysis, analysis of the distribution of load between
the tie and the ballast, and othailroad trackoad distribution (and degradatiompdeling
involving crosstie conditiorSince thdoad additiondue to failing adjacent tiesccelerate

a tdegradlaionthe resulteanbe used tanore accuratelgstimate the degradation rate

of a tieas well aghe remainindie life ( as a function aodiifferent life impacting parameters

suchasveat her, tonphage, curvatureée

174



Chapter 6

USING MACHINE LEARNING TO QUANTIFY THE UNBALANCE LOAD

DI STRI BUTI ON6S EFFECT ON WOOD CROSSTI ESO

This chapter applies @e@ombination of machine learning tools, and railroad engineering
analysis to analyze the degradation behavior of ties on a track based on the adjacent support
condition. Specifically, this chapter uses the automated tie inspection data as an input to

the Beam on Elastic Foundation (BOEF) theory to quantify the unbalanced load

di stributionods effect on crosstiesd degr a
unsupervised machine learning in addition to leveraging interpretable machine learning

techniques taletermine how the adjacent ties impact a center tie.

6.1 Introduction

When the different parameters affecting the tie life are constants on a track, the condition

of adjacent ties, and any associated extra load a tie has to support comes into play in
determining the crossties lifespg8®] [86]. The change in tie condition affects the load

transfer between neighboring ties. As ties degrade over time, the load transfer is also
affected. The chapterodés objective is to qu:

actual tie inspection data. Axplained in the previous chapter, the BOEF model of track
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was used to determine and quantify this imbalance of load distribution based on the tie
condition data collected by automated inspection cars. Unsupervised and supervised
machine learning algorithms were then applied to determine the impact of adjagent tie
condition on the prediction of a future ti
l oad distributionds effect on the degradat

machine learning tools.

6.1.1 Tie Condition and Load Transfer

As stated in Chaptds, the relationship between the distribution of an applied wheel load

and | ocal track stiffnesses (which is a re|]
the Beam on Elastic Foundation (BOEF) model of traldkus, by using BOEF, the
percentage of the wheel load carried by each tie, in diév@uster, was determined based

on their condition (as assigned by the automated inspection Jehicle

6.1.2 Analysis Steps

As the tie inspection data was clean and prepared for different an#thgsesy generation
BeamOn-ElasticFoundation (BOEF) track model with variable stiffness was applied to
determine the percent of load distribution around each group of 5 adjacent ties. Then, the
Principal Component (PC) was applied, to finally use the reguttataset as an input to

the K-means ClusteringFinally, the feature importance analysis was applied to each

resulting cluster. The steps are simplified and shownguare61.
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Data: condition of ties (from automated inspections)

BEOF: using tie condition to determine load distribution

PC Analysis to simplify the dataset based on the load
distribution (over 3 years

K-means Clustering: to group data based on the 5 principa
components (PC representing 5 adjacent ties)

Feature Importance Analysis

Figure61: Overall Analysis Steps

As a considerable portion of this analysis, unsupervised machine learning tools were

applied to the data set in two main different steps. The first step consisted of dimensional

reduction using Principal Component Analysis. This is representadune62, where for

each crosstie, the percentage of load carried (as a result of the calculated load distribution)
in each of the first three inspection years was used to compute the First Principal

component (PC).

Tie (n) Beam on )
Year1 < | Condition Flastic Ttl)?s(trl)bu]-l?c;d B
Data Foundation
Tie (n) Beam on Tie (n) Load
Year2 < | Condition Elastic Distribution w
Data Foundation
Tie (n) Beam on W
Year3 < | Condition Elastic Distribution [
Data Foundation

Figure62: Steps for Principal Component Analysis
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As a second step, using five features representing the first principal components of the
five adjacent ties, Kneans algorithm was applied as showFkigure63to cluster the

dataset into 3 different clusters: Cluster 0, Cluster 1, and Cluster 2.

K-means
analysis

Figure63: K-means Steps

Finally, the feature importance analysis was performed on each of the three resulting
clusters to determine the importance of each of the five variables (Tie 1 PC, Tie 2 PC, Tie
3 PC, Tie 4 PC, Tie 5 PC) on the prediction of the future tie condition dsasvéts

degradation rate as shownRigure64.
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Tie 1 PC importance
Tie 2 PC importance
Tie 3 PC importance
Tie 4 PC importance
Tie 5 PCimportance

Feature
Importance
Analysis

2 1 PC importanc

Feature
Importance
Analysis

Cluster 1

ie 5 PCimportanc

Tie 1 PC importance
Tie 2 PC importance
Tie 3 PC importance
Tie 4 PC importance
Tie 5 PCimportance

Feature
Importance
Analysis

Cluster 2

1]

Figure64: PCA Steps

6.2 Application of PCA

As stated in Chapter 2, PCA is a linear transformation, and works better with linearly
correlated datasets. When there is no tie replacement (which applies to the refined and
preprocessed dataset used in this analysi§hapter 3 (EDA), the condition of a tie at a

particular year showed a significant positive linear relationship with its condition in the
subsequengear.

Because the aim is to quantify the unbal anct
the tie condition dataset will be used to apply the Beam on Elastic Foundation model to
determine the percentage of load carried by each tie as a function afidian Figure

65 below is a screenshot of the dataset used to generate the correlations matrices before

(upper) and after (lower) applying the Beam on Elastic Foundation model.
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X1, 2016 Xi+l 2016 Xi+2 2016 Xi+3 2016 Xied 2016 Xi 2017 Xisl 2017 Xi+2 2017 X343 2017 Xi+d 2017 Xi 2019 Xi+l 2019 Xi+2 2019 Xi+3 2019 Xi+d 2019
1 13 15 1 1 1 1
12 1 15 1.0 1 1 1
5 12 13 13 15 1.0 18 13 13 15 1 8 13 21
) 1 12 1 ]
) 1 2 12 10 1 1 ) 1
) /] ) 2 13 1.2 1 1 1 t 1 10
2 2 12 1 1 1 1 )

11,2016 12,2006  13_2016 142016 15,2016 112017 122917 132017 14 2017 15,2017 112019 12,2019 13,2019 242019  15_2019
M 782429 22174705 24465820 23723165 11914171 10423352 22337860 25445792 24040030 10142430 9910225 22733370 25.70686¢8 ) 285
12350049 12125008 20121400 30« 4704
12204080 1428100 24 202
1741 11672038 13263 524 4207
A1177 13044043 T A0A1YT 20014120 24043004 1A BB000T 1350180
%9 10269603 12.021410 20.72283% 0.401121
1 1401 1 1 7041

Figure65: Example of the dataset before and after applying the Beam on Elastic
Foundation

After applying the new generation Beam on Elastic Foundation developed in Ghapter
computed the load distribution as a function of tie conditieigure 65), The Pearson
correlation coefficient was used to build the correlation matrix illustratédyumre66.

In the figure and the dataset examplé-igure65, 8Ln_Y: represents the percent of load
carried by Tie n in year Y such that n goes from 1 to 5 (a group of 5 adjacent ties) and the
years Y depicts the 3 first years of inspection: 2016 (year 1), 2017 (year 2), and 2019 (year

3). For example, £.2017 is the load carried by tie 3 in 2017 (or year 2).
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Figure66: Correlation plot of percent of loadrried

Figure 66 represents a correlation plot of tie conditions over 3 years for groups of five
adjacent tiesAfter applying the Beam on Elastic Foundation, the linear correlation is still
kept. It can be noticed from the correlation plot that each the percentage of load has a high
positive correlation with the percentage of load carried by the same tie mbdegsent

year. Note that ifrigure 66, for variable (representing the percent of load carried by the

tie) there is a negative correlation with the percent of load carried by the adjacent ties, and
that is a result of the BOEF.

Hence, the load carried in year 1, year 2, and year 3 for each tie can be used as an input

the PCA. In other words, because the Principal Component Analysis (PCA) works better
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with linearly correlated datasets, the highly correlated variables will be used to generate a
principal component that will be used for further analysis.

The ultimate goal behind the use of PCA is not only to reduce the dimension of the dataset
from 15 dimensions to 5 as illustratedHigure67, but also doing it in a way that captures

the change in load in 3 years of data and use if for future analysis.

{Yearl Tie 1[Tie 2] Tie 3[Tie 4[Tie §

{Year o [Tiel|Tie2|Tie 3{Tie 4|Tie SJ‘::> ‘
{Years Tie 1|Tie 2|Tie 3|Tie 4[Tie 5]

J
J

Figure67: Dimensional Reduction using Principal Component Analysis (PCA)

PCTie 1|PCTie 2 |PC Tie 3| PC Tie 4| PC Tie 5

Figure67 shows the resulting structure after the application of PCA. To the left, there are
15 variables representing the percent of load carried by each of the 5 adjacent ties within
three years. After the application of PCA, the new dataset consists of 5 esirieahth
representing the first principal component (PC) combining the 3 years of load distribution
as follows:

Note that the principal component loadings represent the elements of the eigenvector.
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L1 2016,

L1 2017,
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The first PC represents the change percent of load carried by a tie within the 3 studied

years as illustrated iRigure68.

Wheel Load, P

PC TreChange
PC TreCHBange
PC TreCBange
PC TreCHhBhange
PC TreChange

Figure68: Representation of load distribution for each withebaivalent first Principal

Components

ent
ent
ent
ent
ent
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oad
oad
oad
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car
car
car
car
car

—_— =~ =~ =

Figure68illustrate the five adjacent ties under the wheel as well as what each first principal

component represents.
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6.3 Results
After applying the PCA following the steps explained in Chapter 2, the dimensionality of
the dataset was reduc&om 15 to 5 The principal component loadings or weights for

each variable and each of the three principal components is summarzgdratO.

PC1 PC2 PC3 PC1 PC2 PC3
variable variable
11_2016 0.450540 0872915 -0.187174 12_2016 0.464230 0867785 -0.177315
11_2017 0.632266 -0.163971 0.757201 12_2017 0629986 -0.182791 0.754788
11_2019 0.630281 -0.459493 -0.625789 12_2019 0622582 -0.462101 -0631549
PC1 PC2 PC3
variable

13_2016 0.469810 0.864473 -0.178791
13_2017 0.629287 -0.185927 0.754605

13_2019 0619093 -0467032 -0.631352

PC1 PC2 PC3 PC1 PC2 PC3
variable variable
14_2016 0.555361 0.821689 -0.128067 15_2016 0554988 0.822920 -0.121621
14_2017 0593101 -0.283409 0.753599 15_2017 0593071 -0.288904 0.751532
14_2019 0.582928 -0.494476 -0644738 15_2019 0583314 -0.489222 -0648388

Figure69: PCA Loadings

Note that the squared loadings within the PCs always sums to 1. The loadings summarized
in Figure69 allowed for the projection onto the new coordinate system. PCA assumes that
the highvariance dimensions are more important, so it is important to determine the

variance explained by each PC for each of the five ties ( as illustrafegLie68). Table
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25 below summarizes the ratio of explained variance for the three principal components

for each of Tie 1, Tie 2, Tie 3, Tie 4, and Tie 5 datasets.

Table25: Explained Variance Ratio

PC1 PC2 PC3

Tiel |89.19%| 7.66%| 3.16%
Tie 2 89.00%| 7.82%| 3.17%
Tie3 |88.88%| 7.95%| 3.17%
Tie4 |88.22%| 9.00%| 2.78%
Tie5 |88.40%| 8.96%| 2.64%

FromTable25, between 88% and 90% of the variance was explained by the first principal
component for all of the five ties. This proportion of the variansajisificant andallows

to represent the variables in a meaningful wlayother words, the first PC is a key
representation of the change of load distribution over the-tleaeperiod. Therefore, the
first principal component will be used hereinafter for further steps of this study. Following
the steps explained Figure63, K means clustering will be applied on the resulting first

principal components.

6.4 K-means Clustering

6.4.1 Optimal Number of Cluster Using the Elbow Method
To apply kmeans, the initial optimal number of clusters had to be determined. To do so,
the Elbowmethod was used because of its simplicity, and effectivetliesan also be a

way to evaluate the clustering performance in gerj2fal]. The Elbow method consists
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of running kmeans over different values of K (number of clusters) to determine algorithm

to determine the optimal number of K with regards to the distofRa]. It utilizes a
distortion score which is the Sum of Square Error (SSE) as an indicator of the clustering
performance, such that the elbow along the distortion graph represents the optimal number
of clusters K[218].

After choosing a range value of K (in this study K=1, to K=®nKans clustering was
applied for each K value distinctively and the final distortion score was computed. In fact,
for each value of K, an average distortion score for all clusters was candte that

the distortion score is the sum of square distances from each point to its assigned centroid.

Figure70 summarizes the results of this iteration.

1e6 Distortion Score Elbow for KMeans Clustering
1

——— ebowatk =3, score = 1435721.024

2.5

2.0

distortion score

15

1.0

/

Figure70: Distortion Score for different K valueghe Elbow method

In Figure 70, the xaxis represents different K values such that K goes from 1 to 9, while
the yaxis represents their equivalent distortion score (in blue). The optimal number of
clusters, represented by the Elbow point in the grapiguare70 is 3. Hence, the dataset

will be clustered into 3 different clusters usingnéans.
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6.4.2 K-means Resulting Clusters

After determining the optimal number of clusters (K=3}m€ans was applied to the
dataset composed of principal components following the steps represented in the flowchart
in Figure63. To better visualize the results, a scatter plot of Tie 2 PC vs Tie 3 PC was

plotted in is presented Figure71.

K-means Clusters: Scatter plot of Tie 2 PC vs Tie 3 PC

Clusters
Cluster 0
Cluster 1
Cluster 2

20 A

10 A1

Tie 3 PC

Tie 2 PC

Figure71: K-means Clustering Resul&atter plot of Tie 2 PC vs Tie 3 PC

The scatterplot ifrigure 71 enables to visualize the results of then€ans clustering with

three distinctclear,and weltdefined clusters. The algorithm's effectiveness in identifying
similar data points within each cluster is evident, as the boundaries stand out.

Interpreting the meaning of clusters is a fundamental step to leverage the interpretable

machine learning framework. The clustering was performed on a dimensicgiiged
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(5 variables) dataset resulting from the PCA in which each of the five variables represents

the change in percent of load carried by a tie between year 1 and yegur@§8). In

fact, the datapoints are clustered based on the change in load distribution over five adjacent
ties within the three studigabars. In simpler terms, the three clusters correspond to distinct
categories of support conditions. |l denti fy
to understand its distinctive behaviors and patterns. To achieve that, analytical tools were
usedto analyze and compare the three clusters and the results are presented and

summarized in the following section.

6.4.3 Clusters Analysis

Upon completing the Kneans analysis, the data was grouped into separate clusters, each
with its own unique characteristics. Taking a closer look at how data points are distributed
within each cluster provides valuable insights into the behavior of eastec!

For each of these three clusters, the change in the center tie (Tie 3 which is directly under
the wheel) condition between year 1 and year 4 is computed. Noting that the higher the tie
condition, the more deteriorated the tie is; the change in tie camditicomputed as the
difference between year 4 and year 1 of the centeFitgire 72 shows histograms of
change in tie conditions for ties belonging to each of the three cluster. Rpies 72a

represents the actual count dxidure72b represents the relative percentage.
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Histogram of change in tie condition for each cluster

o Cluster O

1400 - . Cluster 1

e Cluster 2
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Change in TIE Condltlon between "l"ear 1 and yYear 4

Count

Figure72a: Histogram (Count) of change in tie condition for each cluster

Percentage of change in tie condition for each cluster
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Figure72b: Histogram (relative percentage) of change in tie condition for daster
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By looking at the distributions iRigure72b, there is a higher percentage of ties having a

severe change in tie condition in Cluster 2 (high degradation rate), followed by Cluster 1

with a medium change in tie condition (degradation rate), and finally Cluster O with lowest
change in tie conditian

To determine the importance of each of the load distribution around the five adjacent ties

in predicting the future tie csorabwerei on (Y
computed for the five adjacent ties principal components and are presented in the next

section.

6.5 Feature Importance Analysis

After analyzing the three clusters and determining which clusters have higher degradation
rates, ascertaining the importance of features in forecasting degradation rates and future tie
conditions is the next step. This evaluation will be conducted indepdpdor each
cluster, within the framework of interpretable machine learning as illustrateigune 64

and explained irChapter 2.The aim is to understand which features exert the most
important influence on predicting future tie conditions for each specific clustebésed

on support condition . This analysis will enhance the understanding of the driving factors
behind future tie conditions forecasts as well as mechanical degradation behaviors.

The feature importance analysis was applied using GBo¥st algorithm{219] [220] to

all three different clusters separately using the five resulting features from the PCA: Tie 1

PC, Tie 2 PC, Tie 3 PC, Tie 4 PC, Tie 5 PC.
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The feature importance was conducted with respect to the prediction of the center tie (Tie
3,sedFigure68) 6 s future condition (which also re
The results are summarized and presentegigure73.

In Figure73, the xaxis represents the feature importance score in predicting the central tie
condition (or degradation rate) while thewis represents the five features (resulting from

the PCA).

Features Importance

L

Tie 5
I Cluster O m Cluster 1 ®m Cluster 2

Tie 4

Tie 3

Tie 2

First Principal Component (PC)

Tie 1

o

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Importance in Future Tie Score Prediction

Figure73: Feature Importance in predicting future tie condition
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Figure 73 shows that for Cluster O (lowest degradation rate), all of the five adjacent ties
contribute to the prediction in a balanced way. For Cluster 1, the center tie contributes to
about 55% in the prediction, followed by ties 2, and 4, and finally ties 1.drat &luster

2, (highest degradation rate) the center tie is the major contributor to the prediction (over
70%) while the rest of the ties contribute by less than 10%.

It can be concluded that the percent of load carried by the four adjacent ties in addition to
the center tie all contribute to the predi
for ties with higher degradation rates, the load carried by ceateeems to be the major
factor in its future condition, while for ties with lower degradation rates, all of the adjacent
ties are equally important to determine the future condition of the center tie. This suggests
that when a tie is in good or margiraindition, the additional load it has to carry because

of a failed adjacent tie has a significant effect on its rate of degradation. However, as the

tie begins to fail, the influence of failed adjacent ties become less critical.

6.6 Summary and Conclusiors

Using tie inspection data in addition to unsupervised (PCA ahk&ns analysis) and
supervised interpretable (feature importance in prediction) machine learning, the effect of
unbalanced load distribution on the prediction of a future tie condition veasified. The

steps of the study can be summarized as follows:
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The BOEF was used to compute the load distribution as a function of tie con(

Percentage of load carried in each of the first inspection years was used to c¢
the First Principal Component (PC).

Using the resulting PCs (five adjacent ties)yi€ans algorithm was applied to
cluster the dataset into 3 different clusters.

The features importance in determining the tie condition in'thedr was
computed for each cluster

Low degradation rate: the load carried High degradation rate, the load carried
the five adjacent ties contributes to the by the center tie is the major contributor
prediction to the prediction

Several observation and conclusions can be drawn from the from the studies and empirical

findings regarding tie degradation within the different clusters:

1 ClusterDependent Contribution to Prediction:
The analysis reveals patterns in the predictive factors for tie degradation within the three
distinct clusters confirming that theideans lead to a good clustering. Notably, for Cluster
0, characterized by the lowest degradation rate, a balance amdng atjacent ties
significantly influences prediction outcomes. However, for Cluster 1, the central tie has a
dominant contribution to the predictive model, followed by Tie 2 and Tie 4 (which are

directly adjacent, seeigure68), and then by Tie 1 and Tie 3. On the other hand, Cluster
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2, associated with the highest degradation rate, shows a different pattern, wherein the
central tie is the primary driver for predictions while the remaining ties have more modest

contributions.

These results not only align with the mechanical degradation: the more load carried, the
faster the degradation, but also confirm that the adjacent tie conditions impact the

degradation rate of a center tie as demonstrated in the static stDidgpter 4

1 The Impact of load distribution over time:
The use of PCA enabled the capture of the change of load distribution over the study period,
i.e., the dynamic load transfer that occurred as a function of tie condition. In other words,
instead of considering a static load distributiGhgpter 4, the change in tie condition and
change in load distribution over time (3 years study period) was considered in the analysis
by leveraging the unsupervised machine learning tools through PCA. The study showed
that load distribution over time among a guaaf adjaent ties (which also represents the
load transfer between adjacent ties), due to the change of their respective conditions, is a
critical factor for predicting the degradation rate and future condition of the center tie. This
dynamic load transfer impadie degradation in different ways. When ties show a sever
degradation rate, the load carried by the central tie predominantly dictates its future
condition. This implies that the adjacent ties are not carrying their assigned portions of load
due to theirdeteriorated conditions, making the center tie carry an additional portion of
load. However, when ties show milder degradation rates, the load carried by the adjacent

ties also Iimpact the center tiedbds faeetur e
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effectively carrying their assigned portions of load (or a large part of it) due to their
relatively good conditions. As a result, the central tie is spared from bearing any additional

load which result in a fair and mild degradation rate.

1 The change of adjacent ties impact over time:
From the analysis, it can be inferred that the impact of adjacent ties not only depends on
the tiebdbs condition per se, but also chang

o When atie s in relatively good condition, having degraded adjacent ties can
have a strong impact on its degradation. A siigtictioning tie experiences
a faster degradation rate when it has to bear the extra load that the failed
adjacent ties can no Igar support. This is because the additional load
placed on it due to the failure of its neighboring ties leads to increased stress
and wear.

0 As the tie itself begins to falil, the failed adjacent ties have less of an effect
on its degradation. This could be due to the fact that once a tie is failing, its
ability to support load is compromised. Therefore, it can no longer carry the
additional loa transferred from the adjacent ties. In fact, the tie may
transfer its own assigned portion of load to its adjacent ties which slows
down its degradation.

o This phenomenorsuggestsan S-shaped grapldegradation trend the
degradation rate tends to be fast in early tie life, and slows down as the tie

degrades over time.
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In conclusion, the chapter findings revealed tie degradation trends with respect to how
adjacent ties affect this process and how their role changes as ties go tlamoghlevels
of deterioration. These insights not only serve as a strong confirmation of the mathematical

formulation of this thesis, and serve as a basis for further analysis, but also can have

practical uses in planning smart maintenance strategies.
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Chapter 7

MATHEMATICAL FORMULATION

Chapter 7 presents a mathematical formulation that was developed, within the theory
guidedmachine learning framework, to model the behavior of ties as a function of time. A
theory guided machine learning model architecture was developed accordingly and i
presented in addition to a simplistic model to illustrate the flow of data though the network.
The presented formulation is considered a basis for building the theory guided neural

networks presented in this thesis.

7.1 Mathematical Formulation

To take into account the dynamic change of tie condition over time and how this change
affects the degradation rates afljacent ties (and vice versa) using both data, a
mathematical formulation was developed. The aim behind the formulation is to depict
how changes in ties condition over time affect the degradation rates of nearby ties and
incorporate it with data teresentthe tie degradation behavior. A summary of the

Mathematical formulation is presented in this section.
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7.1.1 Variables Used
Table26 summarizes the variables used to model the tie degradation pndtksEigure

57 illustrates the 5 ties (tie, tie i, tiej, tiei+1, tiej+2) used in this mode

Table26: Variables used and their descriptions

Xij | condition of Tie i at time j

pt | time interval between j and j+1 (1 year in this study)

kij | stiffnesses under Tie i at time |

‘Bi | percent of load carried by Tie i at time j (as defined by the Beam on Elas|
Foundation)
“ls | mechanical degradation rate of Tiat time |

mi | environmental degradation rate of Tiatitime |

M. | degradation rate of Tiesit time |

7.1.2 Tie Condition and Local Stiffness

Following up on the common boundary conditions describ&haptel5, the constructed
model should take into consideration the different parameters that influence the local
stiffnesses: k ko, ks, ks, and k. Track stiffness is a lump parameter that is the result of
combination of stiffnesses of the different elements of the track under the rail including tie
condition. To determine the relationship between track stiffness and tie condition as given
by the autmated inspection cars, the tie stiffness needs to be accounted for.

The local stiffness (as representedrigure57) is a function of the tie condition score

among other parameters. The more deteriorated a tie is, the lower its stiffness:
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kij = f1(Xi;)
where X;is the tie condition score diie i at time j, and;; is a function of X; (in

addition to other parameters including sballast..)

7.1.3 Degradation Factors
A tieds degradat i o[d21]iTe madelthe degradasion vate:), al f act
these factors have been classified into two main components:
f The environmental componedt, which is a function of different parameters
among whichlthe weather exposure, moisture contgrajns, wood densitj222].
f The mechanical compone that is due to the stresses imposed by the loading
on the tig223].

As such: Ar A D

7.1.3.1 Environmental Degradation Rate "k
The environmental degradation rafly; is assumed to be constant over the studied period
of time. The assumption is used because:
71 the environmental impadbr the stug time periodis smalland can be assumed to
be constant for this time period.
{1 the tie condition data was collected from teeme track similar weather
conditions)
1 the scope of this research focuses on the impact of adjacent ties on the

mechanical degradation otia.
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Hereinafter, the degradation rate is

7.1.3.2 Mechanical DegradationRate |
The percentf load carried by a tie is a function of the stiffness and hence, is a function of
the tie condition in addition to that of its adjacent ongsrdpresents the percent of load
carried by tie i at time j as defined by the beam on elastic foundation such that:

. r EE  RE  RERE EE
Wherefz represents the load distribution following the Beam on Elastic Foundation for
different k; values.

. n A AES r h/ES i h/E8; hAES r h/AES8 R

The mechanical degradation rate for tie i at time j is a function of the mechanical

degradation rate of tie i at timeljas well as the change of load between j ahd |

O A£G h.s ki

O,
£ O hAEAES hWES hES;WES ; WES

/E AES8 F]FE 8 m F]FE 8 m FPCE 8 R FPCE 8 hi

¢

Notethatthe change in degradation rate
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0 is negative when the percent of load carried decreases betdearljj:

7.1.4 Tie Condition Over Time

For a smaltime interval ¢(pt = 1 te eamditipn, Scaréh; €an be assumed to be a

linear function of the degradation rate, i.e., the tie condition function at time j for Tie i is:
8r 8hp 0; 230

In general: 8, 8; B 0230

As such, following up on formulation and the assumptions that the tie condition is linear
as a function of the degradation rate, and that the degradation rate is assumed to be constant
in 3&1 yearAn illustration (not to scale) of the assumed degradation behavior is presented
in Figure74where the top plot is the tie condition over time and the bottom one represents

the degradation rate over time.
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TIE CONDITION [NOT
TO SCALE]

TIME [NOT TO SCALE]

[ L —

i

TIME [NOT TO SCALE]

i

DEGRADATION RATE
[NOT TO SCALE]

Figure74: lllustration of degradation behavior

Figure 74illustrates the degradation assumptiorsgdow initial degradation (the tie is in
good condition)followed by a steedegradation ratacrease in the mite life, and then
a graduabecrease in the degradation rate.

A summary of the mathematical formulation of the probiepresented in Table 27
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Table27. Mathematical FormulatioBummary

Variable

Definition

Expression

Assumptions

Xij

tie condition

8r 8hp O; 230

For eactrsmalktime interval

€0¢

score ofTie i at pt, the tie g
time |
ot time interval PE Ger-t = G- pt= ot = cons
stiffnesses under
N Tieiattimejas g o N Local stiffness is affected b
Kiy function of the tie kij = AHXi)) tie condition
condition
ercent of load . n /£ E8  hAES8  hA8; hAES ; The percent of load carried
garried byTie i at by a tie is a function of the
B time j as defined Et'ffnﬁss fload |
by the beam on => the percent ot load Is a
elastic foundatior function of the tie condition
and that of the adjacent ties
Themechanical degradation
mechanical rate for tie i at time jis a
&« |degradationrate| 4 G hAEA£8 HE8 HES8;MES ; hES function of the mechanical
of Tie i . . . o_Iegrqdatlon rate of tie i at
A AEB  MES8 F ME8R M8 g time j-1 and the change of
load between j andj
environmental A; is disregarded in this
mi | degradation rate A is disregarded ioonstant analysis
of Tie i at time |
The degradation rate of has
Ay A O components®;, Aj
m. degradation rate A > For each smatlime interval
| of Tiei at time o G

pt, the degr 3
constant.




7.2 Suggested Theory Guided Machine Learning Model

As statedn Chapter 2 there araliverse waysn which theory guided machine learning
could be applied. For this research project, the proposed framework would be incorporating
theory into the model architecturehe latter would be constructed in a way that represents
the complexities of the crosstie degradation proceBse developedmathematical
formulation can be considered as a basis for the theory guided machine learningmnmodel
other words,le overall model will be representative of the #gatld crosstie degradation
through its architecterand will be descriptive of the mathematical model presented in the
previous section.

The model 6s i nput consists of 3 years
(prediction) is the condition of the center tie in the fourth yieigure75is a representative

flow chart of themodel developedrchitecture.

The architecture is composed of sequential machine learning models such that the input of
one model is the output of the previous one. The lddand the proposed architectise

to use railroad engineering theory following the mathematical model developed and
presented ihis chapteto structure the sequence of models and make the entire machine
learning composed model representative of the degradation process.

First of all, the conditions of adjacent ties in 3 consecutive yaisputted as illustrated

in Figure75. Then, using the tie condition, the local track stiffness is defined (ML1) and
utilized to determine the load distribution for each of the three years using the beam on

elastic foundation (BOEF) model of tragking the results fronChapter Swhich consist
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of a sophisticatedmodel to determine load distribution as a function of local track
stiffnesses.

After that, the change of load distribution withimo consecutive years is then used to
determine the mechanical degradation rate (ML2), because, as explained earlier, the
degradation rate is a function of the change of percentage of load for one year to the next
(seeFigure 75). Then finally, the output of ML2 is the input of ML3 that will help

determine the degradation behavior, and the tie condition at year Hidsee75).

Note: along with thedeveloped architectuyre a &6 b a ¢ iée., gbingaoh thesopposite
direction of the arrows represented in the flow chart represented in Fiywas attempted
t o 0 b ac k theraldtianship detwedn local track stiffness and tie condition as an
alternative method for ML1 (or flYhe stepsaken in this procesajong witha suggested

mode] are presented in Appendix E.
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Figure75: Flow Chart describing the model






































































































































































































































































































































































































