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ABSTRACT

This research aims to enhance the further study of the relationship between track
geometry defects and measured track substructure condition and to provide a mechanism
to allow railroads to take proper preventive maintenance at a specific time for specific
segmentsFor this study, a large amount of data was collected fraihoad sites in
Lincoln, Nebraska and Kansas City, Missoamia major Class1 freight Railroad with the
analysis concentrating on six different sites coming from J8seph and Creston
subdivisions: Parkville (fouled), Parkville (control), Hickman (fouled), Hickman (control),
Waldron, and Roca. The purpose of this research is not only to compare the results with
previous studies done on Amtrak's Northeast Corridor, but also to applycoropex
exploratory analysis, statistical modeling, and machine learning methodologies to develop
more accurate predictive models ussgaller segment lengths (e.g. 60 ft segments). The
goal is to develop a more accurate predictive model that can deanare varieties of
collected data presented on multiple and different track sections that have shared values
and attribute.

Included in the investigation and analysis are variables such as Ballast Fouling
Index and Fouling Depth Layer from GrouRgnetrating Radar (GPR) inspection and
Profile (measured over a #@ot chord) as well as Cro$svel from Track Geometry
inspection. The resulting rate of degradations (slopes) was analyzed using several machine

learning approaches such as Multivariatedar Regression (MLR), Logistic Regression

XX



(LR), andBayesian Linear Regression (BLR). After evaluating the different modeling
approaches, théocus was placed on BLR machine learning technique to determine
relationships for the changes in defects oveetior each segment in the sites mentioned
above and to forecast the time it would take for each segment to reach to track maintenance
threshold as defined by railroad standards. The results and sensitivity analysis not only
showed that increasing the Badt Fouling Index and decreasing the Fouling Depth Layer
(FDL) increasesthe Track Geometry Defect growth rate but also showed when

preventative maintenancaeedto be performed.
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Chapter 1
INTRODUCTION

1.1 Introduction to Track Geometry

Points, lines, curves, and surfaces are all considered in thedimrersional
location of the train track, which is the focus of track geometry. The-thneensional
geometry of railroad track layouts and related measures used in the degdjngpand
maintenance of train tracks can be defined as Track Geometry (Okine 2017). Track gauge,
alignment, elevation, curvature, and surface control are all aspects of track geometry that
are governed by standards, speed restrictions, and otherti@gald&ven though rail
geometry is thredimensional, standards for horizontal and vertical layouts are often
presented in differentwaysi Tr ack Geometry, 0 2021). Figur
track geometry structure.

Additionally, thegeometrical quality of the track may be defined as "the assessment
of deviations (excursions) from the mean or planned geometrical features of specified
parameters in the vertical and lateral planes which raise safety issues or have an association
with ride quality"(Martey 2017). Track geometry parameters such as surface (longitudinal
level), alignment, gage, crosslevel, warp, and twist are the parameters most often used for
determining the degree of quality and irregularity in track geometry and wilsbassied
in more detail in the track geometry data section (Okine 2017). Note, track geometry is

rationally measured by a track geometry inspection vehicle.
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Figurel.l: Track Geometry Structure (Dingging Li et, @015)

1.2 Introduction to Ground Penetrating Radar

In the 1990s, ground penetrating radar (GPR) became available, allowing for the
detection of water in the track and ofegl ballast. Trapped water can damage track support
and contribute to the corrosion of superstructure components, which posed a problem for
the railways in these areas (Sussman 2017). GPR employs radar pulses to scan the
subsurface. In additiorthe princpal application of GPR in the railroad industry is to
determine the degree of fouling in the ballast, in part because railroads may respond to this
information with routine productietype ballast cleaning maintenance. To identify fouling
conditions, GPR raalysis techniques such as scattering, dispersion analysis and full
waveform modeling are use&cattering of radar waves by bouncioifj of individual
particles is a function of the size of the particle and the amount of fouling matetial in
void space Scattering analysis for fouling quantification is based on the degree of
scattering reducing as the void spaces are filled with fouling. The Dispersion technique is

based on the premise that clogged ballast attenuates higher frequencies more than clean



ballast does. This approach, developed using 400 MHz GPR data, is based on the frequency
spectrum of the GPR signal at the depth of the ballast layer and is proportional to the area
under the curve. As energy is lost, the area decreases, offering an oippootconnect

the GPR signal to ballast fouling (Hyslip 2015). Furthermore, underground utilities such
as concrete, asphalt, metals, pipes, wires, or masonry can be investigated by GPR without
damaging the surface. To detect the reflected signals frimersanean structures, this
nondestructive technology employs electromagnetic radiation (UHF/VHF frequencies)
from the microwave -padedr apierc ¢ GRRaraied &0 o A 6 2
picture of any subterranean characteristics that may be adedate and locate buried
cables, goods, and structures. The images help determine ballast/soil type, structure, and
condition.

Radio waves in the range of 400 MHz to 2.6 GHz are commonly used for GPR.
Ground penetrating radar (GPR) transmits electromiggmadiation into the ground.
Refraction, reflection, or scattering may occur when the energy hits an item buried under
the surface of a substance with a variable permittivity. The return signal can then be
recorded by a receiving antenna. As in seisgyldGPR uses electromagnetic energy
rather than acoustic energy, and energy is reflected at borders where subsurface electrical
gualities change rather than at limits where subsurface mechanical characteristics change,
as in seismic energy.

1.3 Introduction to Thesis Objective
The overall objective of this research was to analyze the relationship between the

track geometry defect and track subsurface conditions. This was done by analyzing



different rates of traclgeometry degradation such as Profile &rdsslevel Rates and
relating them to Ground Penetrating Radar data such as Fouling Depth Layer (FDL) and
Ballast Fouling Index (BFI). The goal is to develop a set of analysis algorithms that are
robust and reliable enough to accurately (and with a hegiteg of statistical certainty)
identify locations with the potential to degrade quickly and develop unsafe track geometry
conditions, specifically occurrence rates that exceed practical inspection intervals. The
models will address fundamental Rlbomogekeities in the track to assist railways in better
understanding where and when issues in track geometry emerge or reoccur. The study will
also include identifying unique subgrade situations that allow for varying rates of track
geometry deterioration, with focus on those with high or very high degradation rates.

1.4 Thesis Outline

A quick outline summary of the next chapters is provided below.

Chapter 2 presents the necessary background information needed to clarify the
topics at handWhich are lhe basics of railroad track such as track superstructure, track
substructure, track geometry defect development, track inspection and predictiackto tr
geometry defect studiebniversity and FRA Reports, academic papers, journal articles,
textbooks were used to provide such information.

Chapter 3 discusses the exploratory data analysis (EDA) and data mining that were
crucial step and were employéduttoughout this research. The exploratory data analyses
were conducted to show how the Track Geometry and Ground Penetrating Radar (GPR)

data were calculated and distributed. Data mining analyses were implemented to show and



study the relationships betweé#re rate of degradations (slopes of linear regression) of
Track Geometry and GPR Data

Chapters 4, 5, and 6 applies machine learning algorithm specifically Multivariate
Linear Regression, Logistic Regression, and Bayesian Linear Regression to present the
results of this research. These include the forecasting of the rate of degradation of channels,
projections of last measurements, and predictions of probabilities of defects based on
specific segments that were used for future maintenance and inspeetns. ev

Chapter 7 presents the key conclusions that may be made from the research
findings.

Chapter 8 expands on the material given in this thesis by suggesting new study
opportunities.

References: A list of references is provided.



Chapter 2
BACKGROUND
2.1 Introduction

Ground Penetrating Radar (GPR) is one of the latest subsurface track inspection
methods that railroads are increasingly utilizing in an effort to detect issue areas, including
possible spots where safelated tack defects, particularly track geometglated safety
flaws, might arise. Improved track inspection technologies have also been developed by
the Federal Railroad Administration to focus on citiss, ballast, subballast, and subgrade
parts of the raikystem (Zarembski, 2020).

An important question to consider is if there is a connection between the
development of track geometry flaws and the use of track substructure inspection
instruments. Track geometry derailments are the most commoaftgpeailment. Federal
Railroad Administration's (FRA) accident record shows that track geometry accounts for
more than a third of all traekaused derailments (Federal Railroad Administration, 2019),
with an additional 8% ascribed to the Roadbed, taei18 million and more than 2400
reportable derailments in the preceding decade as shown in Figure 2.1 below. Track
geometry derailments are still a substantial and costly source of derailments, despite
improvements in inspection technologies and incikaseaintenance (tamping,

undercutting, etc.). Railroad track geometry maintenance is also an important cost area f



railroad track maintenance. The occurrence of track geometry' fleasbeen reduced by
shortening inspection intervals, but little worksiHaeen done to use the data to predict the
likelihood of defect recurrence based on the increased miles of track geometry testing
(Messner, 2019). This is important since the reduction in flaws appears to be asymptotically
related to the number of testles.

A lack of direct linkage between GR&d track geometry inspection results and
accident causes such as track geometry issues persists despite the use of both technologies
by railways. Initial research conducted by the University of Delaware sponsofgdAy
showsthe promise of such a linkagbut a more rigorous examination using data from
numerous sources is needed (Yurlov 2019). For both the FRA and railways, integrating
these new inspection technologies with traditional geometry analysis will provide an
enhanced tool to reduce the likeldd of such track geometry derailments. This is expected
to be implemented by railroads in their inspection, maintenance, and safety programs
(Zarembski 2019).

In a recent completed FR#ponsored activity, there have been numerous attempts
to reduce theraick dip by reducing the track stiffness (or track modédiigrence or by
providing a more progressive stiffness transition, and number of alternative subsurface and
surface inspection technologies were compared to identify sites where track geometry
problems might emerge, expand, and spread, but none of these have worked to any great

degreeln that activity, the focus was on data fr@anound Penetrating Radar (GPR) as

L A flaw can be construed as a defect, or a flaw can be a perturbation that does not exceed the limit which is
a defect. In this research, the chosen limits may not be defects as far asrie@so
2 Track stiffness (or track modulus) is a measure of vertical stiffness of the rail foundation



measured on Amtrakdés Northeast agorithmitodor ,
correlate GPR data with track geometry conditions and the development of major safety
related geometry defectBarembski, 2019). The Northeast Corridor GPR inspection data
and associated track geometry data were utilized to construct a set of corretationem
learning algorithms which will be discussed later in this thesis.

This research activity builds upon and extends this earlier work by expanding the
data used as input, to include a range of track and vehicle operating conditions across North
America. While the inspection data is specific, (track geometry parameters,
ballast/subgrade condition, vertical track deflection), additional track and operating
parameters (speed, axle load, annual tonnage, grade, curvature, elevation, etc.) influence
the rate of degradation. In addition, local characteristics of the support,ssswihsirength
and drainage, are not well known at the time of the inspection, thus, each track segment
may have different rates of degradation (Zarembski, 2019).

Track Geometry measurements, Ground Penetrating Radar (GPR) readings,
Temperature, Rainfaland Moisture Content readings from a number of railroad sites in
Lincoln, Nebraska and Kansas City, Misscamia major Classl freight Railroagre the
primary data sources for this investigation. Additionally, Exploratory Data Analysis
(EDA), Multivariate Linear Regression (MLR), and Logistic Regression (LR) and
Bayesian Linear Regression (BLR) approaches were used and are discussed in their
respective chapters 3,4,5 and 6. These were used to generate the findings that will allow
for the development of generalized approach to provide useable inspection information

that can be readily acted upon. Furthermore, MS Excel and Python were used to aggregate,

v



evaluate and run a machine learning algorithm on theseldatammarythe fundamental
goal of thisstudy isto identify a statistically valid and physically significant correlation
between variables datasets that are utilizing the many years of maintenance and inspection

data.

TRACK, ROADBED, AND STRUCTURE
(Year 2009 — 2018) - All Railroads and Tracks Resulted Derailments

33%
Track Geometry
($333 miillion)

36%
Broken Rail

(5371 miillion)

Roadbed
($85 million)
8%

Frog, Switches and
Track Appliances
($98 million)

10%

R.", Joint Bar and % . * Bridge misalignment or faiure

Rail Anchoring Other Wazy"and * Catenary system defect
i .. = Engineering design or construction
{$116 million) S Pt - - et
(516 million) -\ Other way and structure defect

Figure2.1: Track Caused &ailments (FRA Track Safety Data Basew.fra.dot.goy

2.2 The Railroad Track

Throughout its lifecycle, track is the civil engineering structtne; train-track
includes equipment which are mechanical and made up of several critical components and
features. The major function of the railroad track is to support and guide the rolling stock
safely, as well as to offer a smooth journey for the passeagdrsrew. Steel components

for a railroad (railway) track or railroad line are arranged in two rows of equal lengths. In


http://www.fra.dot.gov/

order to convey passengers and commodities from one area to another, trains make use of
these devices. Note that, there are two raila cailroad (railway) (Yurlov 2018).

Track systems can be annotated in Figure 2.2. This figuressbagh system's
components and their locations. As seen in Figure 2.2 below, the track is being separated
into two primary parts: the superstructure and shbstructure. These topics will be

covered in more detail in the following sections.

Rail corridor asset

mapping

Ballast

surplus

Figure2.2: Track Structure System (Zeticarial 2017)

The superstructure must withstand vertical and lateral loads ekiilibiting only
a little elastic and permanent deformation. The track superstructure establishes the track's
geometry, with its quality defined by measurements of the track's key characteristics,
including gauge, alignment, surface, and superelevatsoneh as their change. The gauge

is the distance between the rails, which is measured 3/4 of an inch below the railhead's top.
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Alignment refers to the rails' horizontal straightness. It is measured at the chord's center for

three distinct universal cordngths, e.g., 31, 62, and 124 feet (Yurlov 2018).

While enhanced rail can increase track performance and longevity in well
supported track sections, heavier and stronger rail is not a panacea for track support issues.
While stronger and stiffer rail willgead the weight over a larger area, the effect will be
minor, and if the track support has deteriorated, the only option is to repair the track
support, since the heavier rail will have no noticeable effect (Dingqing Li,&2Ml5).

Track elements arenaotated and described in figures 2.3 and 2.4 below.

TiePlate | -
——| Shoulder

| Rail anchor

Typical wood tie
cross section

Geocell ,.,I
(canbeplacedi
different layer)
whenever

required

. 4

o ., foundation / earth bk

Figure2.3: Ballast Track Substructure Components, Wood Tie Cross Section
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Shoulder
burried in| |
concrete

|Typica| Cross Section

Elastic
| fastener/clip

Electrical

Insulator| SEigres
eoce by 3 :
pad £y o insulator

Lateral
movement

foundation / earth :

Figure2.4: Ballast Track Substructure Components, Concrete Tie Cross Se

Rail: Rail functions as the first point of contact to distribute down a load of a vehicle
into the subgrade. Generally, rail is a rolled steel seclibare are different types of rail
and rail gages with the standard gédgstandard width between two rails) being used the
most. Rails are held in place and connected by ties to maintage ¢aarembski 2020).

Tie / SleeperTies mainly support theails and maintain the gauge but they also
have many other functions such as further distribution of load, track geometry adjustment,
restraining lateral and longitudinal movement of the track structure, and so on.

Tie PlateTie plates hold rails in plaggoviding restraints by their shoulders. There
are both double and single shouldered tie plates, but double shouldered tie plates are
dominantly used. Tie plates also increase the bearing area, resulting in further load

reduction.

SStandard gage of 1435 mm (468.50) is commonly used
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Cut Spikes / Nails / Artwor Spikes:Cut spikes are either raiold-down or tie
platehold-down spikes. Note, all spikes are shaped exactly the same. The former keeps the
rails from overturning due to large lateral loadsile the latter nails the tie plates on the
tie. They contbute to the provision of lateral restraints as well. There are different spiking
patterns for cut spikes and the number of spikes used depending on the higk mitdr
rail that is further away from the centan curvey, low rail (inner rail on cuve), degree of
curvature, and types of loading. Typically, there 8 holes for the cut spikes on a tie plate.
So, theoretically, a minimum of 2 spikes and a maximum of 8 spikes may be used for
nailing a tie plate on a tie in different patterns. For a sharpe¢ for example, a higher
number of spikes may be used to dissipate the high magnitude of lateral loads. It should
al so be noted that <cut spikes canodt be use
used, elastic fasteners may be used. When efasteners are used, rail anchors are not
needed anymore, because elastic fasteners andesttetl coefficient of friction provide
sufficient longitudinal restraints.

Rail Anchor: The main function of the rail anchors is to provide longitudinal
restrantsagainst the longitudinal movement of the rail. Rail anclsorsein many types
and shapes and different patterns anchoring. Typically, eabooring pattern is used
which provides anchors on both sides of a tie. It should also be noted that nadieewery
be anchored. Anchoring pattern could be for every tie, every second or third tie, or more
depending on the severity of the situation.

The components that are different from a wood tie and a concrete tie are explained

below
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Shouldersprovide lateal restraints and they are castplace ina concrete tie.

The distance between the two shoulders in the concrete tie is the same as the size of the
width of the base of the rail that is expected to be set on that specific concrete tie.

Elastic Fasteneifhe primary system that holds a rail on a concrete tie is an elastic
fastener or elastic clip. There are many different types of elastic fastening systems. They
hold the rail on the concrete tie by application of a large vertical compression force.

Electiical Insulator: Concrete ties are conducive when it comes to electricity.
Hence electrical insulators are needed on a concrete tie track system to provide electrical
insulation for rail signals and protect the rail from potential stray currents.

Insulator Pad: Insulator pads not only are used to provide electrical insulation
between thebase of the rail and the concrete tie but are also designed to provide the
required resiliency and dynamics attenuations.

2.2.2 Track Sub-Structure/Formation

Thetrack substructure is made up of ballast, sub ballast, and subgrade layers that
support the rails and ties that make up the track superstructure. The behavior of the track
substructure has a considerable impact on the stability and performance of the track
superstructure, as well as on vehicle dynamics. The track substructure's primary duty is to
support applied train loads equally and without permanent deformation that would damage
the track geometrfLi et al., 2015). A list of track substructure compadsesas annotated

in Figure 2.2 above. Functions for track substructure elements are described below
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Ballast: The main functions of the ballast are the distribution of load, providing
drainageand seepage, dynamic attenuations, reduction of vibrattbn@se, and so ¢hi
et al., 2015).

SubBallast provides four main functions such as providing drainage out of the
track, helping reduce applied stress to the subgrade, providing separation between ballast
and subgrade, and helping to provide frost mtota, howeverthis will be donewith a
lower strength and cheaper quality material and is usually put under the ballast.
Remarkably, the twanostimportant functions of suballast are: provide and maintain
separation between ballast and subgrade and reduce the stress to fubgtade 2015).

Geocells: iGeocel Il s refer t olikeacellday mateniat, the c , h o
structure of whichd interconnected by joints to form a cellular network used for the
confinement of H&mwaybeused toisuppoe subgeadelordembankment
whenever needed.

2.2.3 Track Geometry Defect Development

The track geometry degrades and deviatas the specified vertical and horizontal
alignments as a consequence of the effect of dynamic track loads. The mechanism behind
this phenomenon is rather intricate (Esveld 2001). Railway track settlement happens as a
result of the ballast and underlyingilsbecoming permanently deformed. Settlement
severity is primarily determined by the quality and behavior of the ballashalast, and
subgrade. Track settlement is induced by a variety of factors relating to the ballast and
subgrade behavior, most abty the densification of ballast and subgrade materials or their

inelastic behavior (lwnicki 2006). There will be no track anomalies if all spots on the track
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settle evenly. However, track settlements are not uniform because of inhomogeneity on the
suppoting conditions, track construction, and load distribufioret al., 2015).

As a result, various spots along the track settle at varying rates, resulting in track
abnormalities (Esveld 2001). Additionally, when track geometry deteriorates, greater
pressues are generated when trains pass, as opposed to when trains travel equalitigh
track. This is one of the reasons for the exponential rise of degradation, as the rate of
deterioration is proportional to the degradation I€kekt al., 2015) The substructure is a
vital component since its failure results in severe disruption of traffic flow and necessitates
extensive, as well as costly, maintenance. The following illustrations depict many forms of
formation faults. Figures 2.5 through 2.11 belowidefouled ballast, where Selig and
Waters estimate that B6 of the fouling material in the ballast originates from the ballast

itself (Selig and Waters 19%4

Figure2.5: Profile (Vertical Alignment) Bfects Includes Twist
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Figure2.6: Dynamic Gauge Widening In A Curve (Gage Defect with Evidence Of Lateral
Plate Movement Outward In The Presence Of Gallgkening Wheel Forces)
(Wolf 2004

Figure2.7: Ballast Fouling (Yurlov 2018)

4 The image was taken from Effect of Wide Gauge on Derailment Potential (Part 1 of 2) (p.1),2014,
interface, The Journal of Wheel/Rail Interaction
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Figure2.8: Drainage Issue (Yurlov 2018)

Figure2.9: Floodirg on Track
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Figure2.11: Track Embankment Erosion (Yurlov 2018)

2.2.4 Track Inspection

A qualified inspector inspects the tracks by looking at them higlown eyes.
Some automated inspection systems have been developing to further enhance the
inspection process by highlighting crucial zones and providing quantitative data on track

conditions for inspection personnélhe study uses inspection data from multiple track
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inspection sources that include autonomous track geometry (collected from an autonomous
geometry system mounted on a locomotive or freight car) and manned track geometry.
Track geometry measurement is the primary instrument for automated track inspection.
Relative positional changes between rails in space can be used to analyze the roughness
and smoothness of rail surfaces using track geometry data. Settling and other traok supp
issues are frequently linked to rail position changes. Note that track geometry degradation
trends reflect settlement patterns (Li et al., 20I8ack supporrelated measurements
include direct measurement of the load deflection behaviagegaestaint measuring
devices to check tie fasteneruge strength, and track lateral tie ballast resistance from the
single tie push test or lateral track panel shift test (Li et al., 2015).

Track deflection and grourgkenetrating radar have been developediepurpose
of inspecting the substructure. An-ttack cone penetrometefor ballast and subgrade
evaluation has also been created. Analysis of surface waves using spectral analysis and
resistivity techniques are being developed to better understakdctraditions that may
be troublesome (Li et al., 2015).

This research focused on the geometry and substructure of the track. Track
Geometry and Ground Penetration Radar are two continuous inspection technologies that
are most commonly used to evaluatedbrdition of a track.

2.2.4.1 Track Geometry Car Inspection

5 The cone penetration or cone penetrometer test is a method used to determine the geotechnical
engineering mperties of soils whereby soil characteristics are determined when a cone penetrometer is

driven into the subsurface (fiCone penetration test
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2.2.4.1.1 Traditional Track Geometry Car

Measuring Beam
I© { u (Datum)

pam=="
-
--.~~ v -
o S
Actual Rail "~ L =”
Profile

o™
- Senmmmm=™

Figure2.12 Track Geometry Car

Track Geometry Car (Track Recording Vehicle) uses a variety of sensors, measuring
systems, and data management systems to create a profile of the track being inspected. It
appliesmid-chord offset which means we have a vertical-ohidrd offset to measusesit
is measurd on the trackoot by foot over some baseline reference length in the picture
above. Itis referenced to both ends of the length |. At the mid chieisKimeasuring system
could be blind to &ertain wavelengtkhat itis trying to measure because it is limited by
its view based on the length I.

Geometry cars are mounted with accelerometers (triaxial) and lasers to measure the
track geometry. Accelerometers are usedenerate space curves (by double integration
by computers onboard) while lasers adjust suyplemerdl movements in the reference
frame relative to the track. The measurement channels amtludare not limited to
alignment, profiles, crodgvel, warp, curvature, twist, gge, and so on.). Table 2.1

preserg a comprehensive list of the measured pararsdbr those inspections
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Table2:1: Inspection Classification and Their Parameters

Inspection Type

Parameters of the Inspection

Track Geometry

Gange

Alignment 31/62/124 chord

Surface/Profile 31/62/124 chord

e | Lad [ ed | =

Superelevation

Warp

Twist 11/22/31/62 chord

Cross-Level Vale Rate (ChiRate)

Ground Penetration Fadar

Ballast Fouling Index Left/Center/Right

Layer Roughness Left/Center/Right

Lad | ed [ = | =] [ S | LA

Fouling Depth Laver Left/Center/Right

2.2.4.1.2 Modern Track Geometry Car - Capabilities of The FRA DOTX 220 Track

Geometry Car System

fiTrack Geometry Measurement System (TGMSge Figure 2.13neasures track
geometry parameters, i.e., track gage, alignment, track srface os sl ev el ,

and calculate limiting train speed in curvEslly equipped with nortontact sensors, the

war |

TGMS mmputes traclgeometry parameters at speeds of up to 125 miles per hour. Data

can be processed to 200 miles per bdBRA 2017).

E N\ s
2 €D exng

Figure2.13 FRA DOTX 220 Track Geometry Car System
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2.2.4.13 Differential Global Positioning System (D@°S)

Differential Global Positioning SystenDGPS receivers typically update their
position at a fixed rate of up to five times per secafftien terrain or trees in the area
block satellites, DGPS position updates are unavailable or erroneous. DGPS performance
deterioration can also be caused by elecagmetic interference and multipath conditions.
This might lead to GPS data that is inaccurate. Even when DGPS signals are temporarily
absent or defective, FRA can still offer accurate position information since it depends on
DGPS/Inertial NavigatoSystemdata and inertial sensors and measurements. A track
feature detection module is also included in Navigator's-é@eodinates.The module
makes use of a predefined route database to detect approaditepgsts (or other
interesting objects such as bridggsade crossings, and so on) and inserts them into the

data strean(FRA 2017).

2.2.4.14 Ride Quality Measurement System (RQMS)

Ride Quality Measurement SysterR@MS) is intended to gather technical
information and assess several elements of passeameservice, including the quality of
the journey and the level of safety. The RQMS was developed as a consequence of the
FRA study into the higlspeed passenger train ride quality characteristics associated with

exceptions to the Federal Track Safetgrfsiard{FRA 2017).

2.2.4.15 Digital Survey Log (DSL)
Digital Survey Log DSL) allows the user to create a database that can be
automatically searched and reporimad to keep track of survey progress, delays, and

quality-check dataAutomated Track Inspection Program (ATIP) can minimize the amount
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of paper used during surveyauationsand the number of mamours required to tally

report datgFRA 2017).

2.2.4.16 Onboard Moving Map

Onboard Moving Mp is a rearreattime mapping informatiorwhich will be
shown on the inspection car's dashboard while doing a track survey using Onboard Moving
MAP. The program displays a map of the car's current location and speed on the rail
network, as well as any exceptions or track features discovered duringitiet survey.

The display automatically focuses the map depending on the GPS location of the inspection
car as it passes down the track (FRA 2017).
2.2.4.17 Mobile Broadband Internet System (MBIS)

Mobile Broadband Internet System (MBIiS)a satellitebased broadband internet
system that offers a way of uploading pssgtvey data and other reports to the Track Data
Management System (TDMS) and FRAproved customers. FRA Track Inspectors may
get Track Geometry Inspection Report exception informatiendty after it is gathered
on the vehicle via this technology, which enables ATIP to provide data more frequently

(FRA 2017).

2.2.4.18 Track Data Management System (TDMS)

More than 275,000 miles of geodetic data have been archived by ATIP geometry
vehicles since 1998 in the Track Data Management System (TDMS). FRA inspectors can
access the database system through the Internet. When seen as a map of Geographic

Information, ggometry data looks like a road madpspectors can generate statistical

24



reports on their specific regions, such as faults per mile per railroad. GeoEditTM is
integrated into the syste(RRA 2017).
2.2.4.19 GeoEditTM

GeoEditTM is a Track Data Managemesystem (TDMS) for Windows. Track
geometry data, curve analysis, report generation, and maintenance planning may all be
done using this tool. Exception, curve, and graphical data may be accessed quickly and
easily in a clear and uséiendly style (FRA 2Q7).
2.2.4.110 Transverse Rail Profile System (TRPS)

High-performancd&ransverse Rail Profile SystemRPS measures transverse ralil
profile and comprehensive rail wear and analysis in real timdattlsample rate up to
the maximum speed of the car. Track wear and cant can be shown witimes#iack
geometry data. Rail cant and rail wear anomalies carbalsletected by the technology in
real time. To minimize the requirement for ppsbcessing, TRPS has an extremely high
percentage of successful rail type detectidre systems incorporate a novel Laseugza
Measurement System, which providesmast technologically sophisticated rail gage and
profile measurement, drwhichmay be utilized as a stafadone product. The system may
be expanded to include a complete Rail Profile Measurement S{iSR2017).
2.2.4.111 Portable Track Loading Fixture (PTLF)

The Portable Track Loading Fixture (PTLF) replicates the loading situation of the
GageRestraint Measurement Equipment (GRMS), delivering objective, reliable data on
track crosstie/fastener strength that correlates directly to theiallGRMSesting system

(FRA 2017).
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2.2.4.2 Ground Penetrating Radar (GPR) Inspection

GPR inspection is a continuous NonDestructive Testing (NDT) approach. It shows
the trackformation's condition and quality. It also filters data on failure defdrmation
conditions (Yurlov 2018). The basic GPR system performance requirements included
system hardware and deployment (number and orientation may change on-taitl, hi
to include three aicoupled, timedomain pulsed radar horn antennas opeayadin? GHz,
and three bowiie antennas operating at 400 MHz; Proper control and digital GPR
acquisition systems is fitted on the FRA DOTX220 track inspection vehicle Antennas are
placed at the track center and 6 inches (152 mm) or less from the ends téeacboth
shoulders. In order to acquire GPR distance data, the encoder of2thautomobile is
used FRA 2020). GPR is mainly used to measure layer thicknesses and configuration,
moisture content, and fouling conditions. (Yurlov 2018). Figure$ahtl 2.5 below show

examples of a GPR inspection car and its system.

(s

Industrial Camera |
Ground Penetrating Radar Unit m . | - w ¢

......
.......

Figure2.14: Ground Penetrating Radar Inspection Systems (Yurlov 2018)
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In Figure 2.16 below, the-axis in the figures represents the track's Milepost which
is from MP 196 to MP196.5 while theaxis changes depending on the measurement
parameter.

The upr parts of the figure show two ppeocessed radargrams (400 MHz and
2GHz) of the GPR inspection, which also indicates estimated depth that mtdyde
thicknesses for ballast and sgkade. Layer interpretation in the middle portion of the
figure hasbeen transformed into useable representations that suggest traefdébe
location lies within a more extensive GPR defect defined between MP196.24 and
MP196.45. Furthermore, the bottom portions of the figure show level of Ballast Fouling
Index (BFI) and~ouling Depth Laye(FDL) through color changes based on standards in
Table 2.2 and 2.3 belowhe color changes from MP196.24 and MP196ndficatesthat

the defect location was in the BFI category 3, 4, and FDL category 4 and suggests that the
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Table2:3: Fouling Depth Layer (FDL) Categy

Fouling Depth Layer (FDL)

Category I Description Thickness (inches)™
o Unavailable n/a
Good =14
2 Moderate 11 -14

3 Poor 8-11
“ery Poor <8

2.3 Prediction of Track Geometry Defectsi An Introduction To Related Studies

Because of the complexities track geometry and track subsurface conditidins
is considerably more difficult tgredict track geometry defectsased on the track
subsurface conditiondNonetheless, the advent of specialized testing equipment and
software applicationsimplifiesthis work.Several recent studies the topic ofpredicton
of track geometryefecs are summarized in the followirggctions, along witemergng

significant findings

2.3.1 Prediction of Railway Track Geometry Defects: A Case Study
(Soleimanmeigouniet. al., 2019).

This research aimed to establish a dhtaen analytical technique for the
prediction of track geometry errors using a comprehensive case study on Line Section 414
of the Main Western Line in Sweden. The focus of this research was on predicting
Maintenane level 2 (UH2) defects as shown in Figure 2.17 belokich has a significant
impact on the cost of railroad track maintenance. Jgdbot track geometry
measurement data have been analyzed in detail to identify the degradation pattern of

isolated defets. Longitudinal level faults are discovered to degrade linearly. Shock events
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and their impact on the deterioration path were factored into the model's approach. There
is a risk of safety issues and even derailment if there are shock events alongatiataegr
path. Tamping intervention's efficacy in repairing longitudinal level faults was also
investigated.

The study asserts thating tractors and lightweight machines or tamping machines
to remove surface defects is ineffective in many cd&ieary logistic regression is used in
the model to estimate the likelihood of UH2 failures in a track segment. Four factors are
included in the model as explanatory variables: the longitudinal level's standard deviation
and kurtosis, the time intervaha the existence of faults in the most recent measurement.

Remarkably, a track's standard deviation and kurtosis have an impact on the
likelihood of encountering UH2 problems in that track segment. The study also found that
the aggregated Track Qualitydex (TQIs) can be considered statistically significant
predictors of UH2 defect occurrendéhe study asserts that compargas predict which
sections of track will need maintenance if an isolated severe defect occurs using the
proposed sectichased mode The railroads will be able to execute sectsmecific
preventative maintenance as a result. Aside fromttiastudy states thegsearchers have
discovered that they may effectively collect information regarding the incidence of UH2
faults by usingkurtosis, a metric for how long the data is tailed athis is significant
because it has implications for future TQI research in terms of design and interpretation.
When it comes to forecasting the presence of UH2 deftbetbjnary logistic regression
model performs admirably, further supporting the validity of our strategy

(Soleimanmeigounret. al., 2019).
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Figure2.17: Examples of UH1, UH2, and critical defects of the
longitudinal level

2.3.2 Relationship Between Track Geometry Defects and Measured Track

Substructure Condition Using Emerging Data Analysis Methods

(Yurlov et. al., 2018)

This research aimet study the relationship between track geometry defects and
measured track substructure conditmnestablising a datadriven analytical technique
and machine learninglgorithms. The study first focuses &xploratory Data Analysis
(EDA) that gives author a better understanding of data structures andligpessudy then
proves that machine learning algorithm such as, LogRtgression,HigherOrder

Polynomial for Logistic Regression and Advanced Hierarchizal predict the Right

Profile 62 (RProf62) defects based on the GPR data such as Ballast Fouling Index (BFI)

6 The image was taken from Prediction of Railway Track Geometry Defects: A case Study (p.3),2019,
Structureand Infrastructure Engineering, Taylor & Francis
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and Ballast Layer Thickness (BLT). Particularlye tstudy made use of a large amount of
data from CSX Transportation track on the Peninsula Subdivision and Amtrak ondsorthe
Corridor. The independent variables were GPR parameters Ballast Fouling Index Right
(BFI R), Ballast Fouling Index Center (BFI C), and Ballast Layer Thickness Center (BLT
C) from subsurface while the dependent variable of the study was the track ngeomet
deviation of Right Profile over a é&®@ot chord (FProf62). With the input assumption of
probability of absolute value of RProf62 exceeded 0.4 iscbastituesa track geometry
defect and vice versthe study indsthat the thicker the ballast laydrickness (BLT) in

the middle of the track, the less likely it is that a prafid¢ectwill occur. Atrack geometry
defectis more likely to occupn the track if there is a high level of ballast fouling index
(BFI1).

The study alsdinds that when paimg with BFI R and BLT C, BFI R has a
significant impact on the likelihood of acquiring a profile defect, but its influence
diminishes when the BLT C is added to the analyaid.R is low, and the likelihood of a
defect remains low even when the BLT C islisiva BFI C exhibited comparable behavior
to BFI R, exerting a similar, albeit less strong, impact on the risk of a defect. However, the
BFI C variable generated certain engineering discrepancies, most notably at low ballast
thickness values, due to the defis norlinearity as a result of the Higher Degree
Polynomial application.

2.3.3 Evaluation Of The Effect Of Tamping On The Track Geometry Condition: A
Case Study (Soleimanmeigouni et. al., 2018)

In this study, track geometry deterioration caused by tamgpingestigated using

data from line section 414 between Jarna and Katrineholm Central Station. The authors
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illustrate a probabilistic model to predict the recovery value after tamping. Thd ndode
result shows that the Weibull distribution and lognormal distribution are thditedt
distributions for the recovery values after tamping for the standard deviation of the
longitudinal level and the standard deviation of the alignment, respecfifedysuggested
model's recovery values are shown to be near to the actual recovery values following
tamping procedures.

In addition, the study uses the Pearson correlation coefficient to evaluate the linear
association between the recovery of the lortyital level and the alignment irregularities.
According to the correlation analysis, an insignificant link exists between alignment
abnormalities and longitudinal level recovery, this means that tamping will not influence
the track geometry parametershie same way for all tracks. Furthermore, the authors look
into how tamping affects track geometry degradation rates by applying the Wiener process
and linear regressioihis case study finds no substantial differences in deterioration rates
between the Winer process and linear regression. The study notes that the paised t
was used to compare the deterioration rates before and following tamping interventions to
determine the geometry's influence on the tamping rate of deterioration. The results
indicate that tamping will increase geometry deterioration rate, which is proportional to the
harmful impact of ballast tamping.

In conclusion, the study asserts while tamping will enhance the track geometry, it
will not restore it to drandnewstate. If therack geometry condition suddenly improves
after tampingthe track geometry rate deterioration will shift as a reswincetamping

Is an imrfect maintenancgrocedure Adding influencing elements like past tamping
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interventions and train speed canproveaccuracy of modelsConsiderations affecting

track geometry, the longitudinal level appears to be the primary planning determinant. One
explanation is that the longitudinal level degrades faster than the superelevation and
alignment. The findings dhis case study suggest that tamping has the most significant
longitudinal effect. Tamping has a far less effect on the alignment than it does on the
longitudinal. Remarkably, tamping increases the slope of the regression line and the
Wiener drift coeffieent process. Thus, tamping reduces the rate of

deterioration(Soleimanmeigouni et. al., 2018).

2.3.4 Railway Track Geometry Degradation Due To Differential Settlement Of
Ballast/Subgrade- Numerical Prediction By An Iterative Procedure
(Jens et al., 2017)

In this study, the authors describe an iterative approach for numerically predicting
the longterm degradation of railway track geometry (longitudinal level) as a result of
cumulative differential ballast/subgrade settlement. The approach is based on a time
domain model of dynamic vehiglgack interaction to compute the contact loads betwe
sleepers and ballast in the short term. These contact loads are then employed in an empirical
model to predict the lonterm settling of ballast/subgrade beneath each sleeper. The
number of load cycles (wheel passes) that each iteration step accoustgdeerned by
an adaptive step length dictated by a maximum settlement increment. To decrease the
computing cost required to simulate dynamic veliciek interaction, the linear subset of
the discretely supported track model with the -pooportional spatial distribution of
viscous damping is synthesized using complalied modal synthesis with a shortened

modal set. Gravity loads and stalependent vehicle, track, and wheal contact
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conditions are accounted for as external loads on the modadl,moecluding situations
involving wheelrail contact loss (and recovery), impact between hanging sleeper and
ballast, and/or a prescribed variation in Himear track support stiffness properties along
with the track model. The approach is shown by cdmguthe longitudinal level
degradation over time caused by a specified initial local rail imperfection.

The study found that the effect of an adaptive iteration step length on the accuracy
of the findings was explored, and the proposed approach wagailedsby comparing the
effect of rail pad stiffness on track geometry deterioration produced by a predetermined
starting rail irregularity over time. Remarkably, the discrete model used to determine
ballast/subgrade settlement is an empirical one, abaisisd on the calculated contact load
between one sleeper and ballast. As a result, the model parameters must be calibrated using
field data.

2.3.5 Railway Track Geometry Defect Modeling: Deterioration, Derailment Risk and
Optimal Repair (He et. al., 20B)

This study introduces three models to solve thedgdect(track geometry defect)
problems. The geo defect types are described in the atuhllows:

fAlign is the average of the left and right of a chord alignment); rail cant or angle
measures theamount of vertical deviation between two flat rails from their designated
value. Dip is the largest change in elevation of the centerline of the track within a
certain distance moving window. Gauge change is the difference in two gauge
readings up to a spiied distance. Harmonic crotsvel defect refers to two cross
level deviations that are a certain distance apart in a curve, supeflemglss

elevation or supeelevation measured at a single point in a curve, Reverselevess

35



occurs when the righil is low in a lefthand curve or the left rail is low in a right

hand curve, Warp is the difference between two esd or elevation

measurements up to a certain distance apart. Wear is The Automated Rail Weight

Identification System (ARWIS) thatientifies the rail weight while the car is testing

and measures the amount of head loss, and twist is the difference between two cross

level measurements a certain distance afjeie et. al., 2018).

Track Class Il gealefects are the focus e first statistical deterioration model,
which seeks to simulate the degradation rates for eacejeot type. As a second step, a
track derailment risk model based on survival analysis showed. This model integrates the
impacts of ten distinct gedefects and shows how the danger of a train derailment evolves
over time. Finally, a gedefect repair decisiemaking optimization model is developed
to detect gealefects occurring during each inspection run and to calculate a track
deterioration conditionsawell as quantify changes in the gidefects recorded during each
inspection run. Additionally, the study notes that the method comprises calculating a
derailment risk based on track conditions determined from inspection run data and track
deterioration onditions, as well as determining a repair decision for each of theéejects
based on the derailment risk and previously determined costs associated with comparable

repairs.

2.3.6 Methods for Aligning near-continuos railway track inspection data
(Palese et.al.,2018)

The alignment of track geometry data is critical for reliable geometry defect

prediction. This paper presents an application of classical and advancesetiase
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methods for aligning data longitudinally by evaluating three alignment methods such as
crosscorrelation function (CCF) which used track geometry data, dynamic temporal
warping (DTW) which used vertical track deflection data, anesarppling through
piecewise linear interpolation (USPLI) which used rail wear dabar track geometry
factors (longudinal level, horizontal alignment, gauge, and cant) were used to align data.

It was discovered that the accuracy of alignment algorithms may be greatly influenced by
the reference dataset used. The accuracy of the three approaches in aligning the track
geometry measurements was also tested. The paper demonstrates haworoetzdon

when utilized effectively for foeby-foot measurements. Remarkably, the time series may
include a variable number of points. DTW can help correct encoder faults, sustofs o
calibration or wheel wear. but at the cost of distortion of the aligned datasets, large memory,
and time overheadn the other handlJSPLI presents steps to align roniform sampled

data longitudinally, based on the crassrelation and wsamplirg through. such as step

1 is to approximate a function for each collected dateSsep 2 is taip-sample each data

set to a common MP referenc&ep 3 is to determine the lag of each collected data set
with reference t o t hsepdistsghift theodath sets torcdrnimya t a
the reference (Palese et al., 2019). These data may be utilized to determine an acceptable
strategy for aligning track geometry parameters to improve track geometry deterioration
analysis and prediction. The pamiggests that a method for discovering-nonstant

shifts between parameters using a combination of parameters might be valuable for further
study. This might allow aligning parameters based on least change and highest correlation

with their referenced he paper found that the "spikes" are related to excessive gage, which

37



can be seen in the raw data by the progressive increase in the maximum point. Errors in the
rail might cause the laser/camera measuring system to "lose" the picture, resulting in
inacarate measurements. As part of the alignment, spikes are not filtered out by the
measuring equipment. Finally, n@onstant interval systems, such as rail profile/wear
measuring systems, can also benefit from track geometry assessment.

2.3.7 Integrating Synchronous Inspection Datdor More Effective TrackBed Defect
Root Cause Analysis (Eriksen et.al.,2019)

There is a rising desire for railways to make greater use of the increasing amounts
of data that are accessible to them in their efforts to reducganance costs. The purpose
of this study is to demonstrate, via r@arld examples, how synchronous trackbed
inspection aids in the identification of root causes of defects. A thorough understanding of
the substructure's condition will allow the necegsaaintenance activities to be selected
and the job to be completed more quicHlfie studydemonstratethe valueof integrating
the Ground Penetrating Radar (GPR) parameters sidilast Fouling Index (BRI, Free
Draining Layer (FDLJ, Layer Roughness Index (LJR) Ballast Thickness Index (B,
Ballast Pocket Index (BPY), Ballast Transport Index (BT,|)andMoisture Likelihood

Index (MLI)'? with trackbed surface imaging determire the level of subgrade failure

" BFl is a calibrated measure of the amount of simulated fouling inside the trackbed to a specific modeled
depth and averaged over a defined distdRci&sen et.al.,2019).

8 FDL denotes the simulated depth to the base of the trackbed's generally clean bal{&sikager
et.al.,2019).

9 LRI describes the variability in the modeled depth to the base of ballast to highlight areas where the
trackbed may be failing due to soft sabast conditiongEriksen et.al.,2019).

10 BTl indicates where the ballast layer has been predicted to be thinner or thicker than the required design
thicknesqEriksen et.al.,2019).

11 BPI is a derivation of the BT(Eriksen et.al.,2019).

12 MLI The moistue likelihood index is designed to provide an indication of the likelihood of elevated
moisture levels at the interpreted balasbballast interfacéEriksen et.al.,2019).
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associated with #@iwe surface mud patcheand track geometrydefects This data
integration enables track engineers to plan preventative maintenance and minimize the
number of return trips necessary to address an idsuaddition, GPR andMobile
Terrestrial Laser ScannéMTLS) are usedin the study todetermine the relationship
between the quality of the track subsurface and topography factors, such as trackside
drainage systems, that impact track conditibhe stug demonstrates that inadequate
drainage, a shallow fouling layer, and increased baftaging correspond with track
geometry deviationsThe stug alsofinds that poor trackbed condition has a detrimental
effect on the track’'s functional condition via track geometry degradation, but it can also
result in sleeper deterioration and breakag&srrelating trackbed condition to sleeper
condition enables prediction of circumstances that contribute to poor sleeper condition.

In conclusionthe study suggests that repetitimgpections can help to follow the
course of the fault (often exposinigetimpacts of seasonal influences on the trackbed
stability), which can then be used in prediction models of track degradation. Some places
may be regarded as less susceptible to catastrophic failure if thel@®PBd parameters
remain steady over time.oRtine track geometry measurements are an important part of
most railways' maintenance plans, allowing track engineers to discover both potentially
hazardous problems that require urgent action and more progressive breakdowns that may
be anticipated. Tratdled maintenance can be improved by combining geometry data with

time-synchronized information on the subsurface qatiksen et.al.,2019)
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2.3.8 Modelling the evolution of ballasted railway track geometry by a twelevel
piecewise model (Xiacet.al.,2017)

In this study, the probability models and a #i&wel peicewise linear model to
characterize the track geometry defect and restoration with spatial dependence are
proposed Probability models are used to model degradation or tampering efteists.
important to take into account the possible correlations generated by the spatial structure
while predicting the degradation of track geometry. Concerns about the deteriorating
process are addressed using a-fsw@l piecewise linear model. Henca, this study, a
piecewise linear regression model with previously identified break locations is used to
replicate the degradation characteristics of each rail section. Autoregressive Moving
Average (ARMA) models are used in the second level to depictpidwgakcorrelation
between regression line parameters. The model's usefulness is demonstrated through a
comprehensive case study using data from Sweden's Main Western Line.

As a first step, this research provides a-texel piecewise linear framework for
modeling the development of track geometry deterioration across time and space. This
model's fundamental component is a commonly used simple linear model, which is
utilized for only a single maintenance cycle. The deterioration characteristics of two
suc@ssive maintenance cycles are linked using two multivariate regression models.
Different stages of the degradation process can be modeled using ARMA models to
represent various spatial dependency patterns. It also presents theoretical arguments for a
rapidtechnigue to estimate all the unknown parameters without the need for a
sophisticated numerical algorithm. Third, it implements the model using data from

Sweden's Main Western Line as a case study. Findings reveal that the sort of tamping
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used has a sigintant impact on recovery (partial or complete). According to this, the
tamping effect on degradation rate can be influenced by how fast deterioration was before
the tamping intervention, as well.

Finally, some Gaussian processes may generate deterioration parameters
throughout the spatial interval, and the ARMA processes give a good match to these.

2.3.9 Predicting Rail Geometry Deterioration By Regression Model
(Westgeest et.al.,20)1

The main purpose of this study is to propose maintenance and degradation models
by using linear regression approaches to predict th& kiRt KPP which are dependent
variables for two models mentioned above, respectively by track parameters (predictors)
such as switch, tamping object, monoblock, twinblock, subsoil clay, and tonnage group,
etc., Remarkably, the KPI is a metric that measures the track geometry's quality and how
it has improved over time. The study found that with a lower Mean Absolute (EtA)
and Root Mean Square Error (RMSE) values, the deterioration model provides better
forecasts than the maintenance model. The study then applied these models for analyzing
three different maintenance strategies as Low Quality, Middle Quality, armd®iglity.
Maintaining only a portion of the system is the first technique in this sort of strategy known
as Low Quality. When the KPI value falls below the median of the upper and lower bounds,
a maintenance method known as Middle Quality is employeavaed the KPI value falls
below the upper bound, the third technique, called High Quality, is implemented. The study
shows that maintenance can have a quantifiable impact. The models illustrate that
deterioration is not continuous over time and a bad sefgdegmnades quicker than a good

segment. As a consequence, the findings demonstrate that environmental influences play
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an important role in the degradation process. Switched sections of the track degrade more
quickly than other sections of the track. Irstivay, the track geometry is severely impacted

by probable train movement oscillatiofWestgeest 2011).

2.3.10 Summary of Findings

Based on the review of these previous studies of track geometry degradation, some
general conclusions can be formed.

Firstly, it is seen that data longitudinal alignment is significant and should be
carefully examined in data analysis. There is a slight link between longitudinal level
recovery and the alignment, and only a modest link between the cant recovery after tamping
and the alignment. Thus, tamping does not affect all track geometry measurements equally.
Studies show thdamping is an imprecise maintenance activity that results in two changes
to the track geometry condition, namely an immediate improvement in thkeggametry
condition and a change in the pace of degradation following tamping. As a result,
guantifying the influence of tamping on track geometry deterioration is critical.

Secondly, Linear regression and probabilistic models are two of the most @ften us
strategies for estimating the rate of rail degradation and track geometry defect based on rail
and track parameters. Due to the fixed nature of linear regression, it is limited to account
for the variability in predicting rail degradation. When depehgarnameters ( the outcome
of the model) are very variable, it is better to use a probabilistic model rather than linear
regression. The linear regression maintenance model was used to forecast the maintenance
event for rail defect has been studied and/@dobut there are limitations in the predictions

since the model produces higher errors compared to another linear degradation model with

42



lower MAE and RMSE. On the other hand, the logistic regression model prosd
managers in the evaluation of thelmck conditionsThe modehssiss them in finding the
boundaries that are suitable for their accepted level of Tiskse boundariesan be
employedfor future risk management decisions makingh thoroughly studying the
relationship between track geometry defect and track subsurface conditions.

Thirdly, to accurately forecast the lotgrm track geometry behavior, tamping
interventions must be examined in relation to various track geometry metrics. It is
important to differentiater analysed seperatelye effects of complete and partial tamping
interventions on the track geometry since they have different effects. Complete tamping
has a greater impact on track geometry than partial tamBieygarating compte and
partial tamping results in a significant reduction in the range of recovery values following
tamping.

Finally, in the literature, both discrete and continuous stochastic models are used to
characterize the uncertainty associated with the deteaorpath across time. However,
more complicated stochastic processes are required to accurately anticipate the
deterioration of track geometry over time. Additionally, only a few researchers included
shock occurrences while creating degradation modelsjgthothe railway track is
subjected to unanticipated shocks, which contribute to the track's degradation. Random
shocks are predicted to be deleterious in degradation models, resulting in an increase in

degradation levels and the possibility of systenufail
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2.4 The Data

Because the goal of the research activity iprtavide a generalized and practical
framework for predicting track geomety degradation, that can be easily implemented, the
primary data sources were chosen based on availability, dwexsd extesion of
inspection dat a. Thus, sites from the FRA
extensive track geometry and GPR measurement data was readily available.

The data were collected approximately monthly starting in late 2017. Theesix sit
were chosen for initial model development since data was readily available for the multiple
inspections, as well as additional wayside data collection. The sites included four concrete
tie sections and two timber sections. In addition, four fouled sitze identified along

with two control sites as summarized in Table 2.4 and Figutizbw
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Table2:4: Summary of Sites

Site MP Track Ties Start Date End Date
ParkVille (F) |9.85 Single Concrefe 11/142017 51612019
Waldron (F) |17.2 Single Concrete 121202017 7/30/2019
Hickman (C) |192.578 Track], Double | Timber 12/1922017 Ongoing
Hickman (F) [192.778 Trackl, Double | Timber 5502017 Ongoing
Roca(C)  |196.111 Single Concrefe 912612017 412912020
Roca(F)  |196.288 Single Concrefe 9/26/2017 412912020

**F indicates the fouling sites while C indicates the controlling sites

These sites have inspection data from multiple track inspection sources that include
autonomous track geometry, manned track geometry, and gpaumedrating radar as

shown in Table 2.5. In addition, weathdata for the sites were also available.

Table2:5: Data Resources

Inspections No. of variables Files Type No. of Files

1|Track geometry 28 1|Track Geometry Data (Unmanned) 1372
2 |Weather Data 6 2|File error( different format) 1
3|Ground Penetrating Radar (GPR) 19 3|Track Geometry Data (Manned) 30
4 [Master list of Fouled Ballast Location 6 4|Master list of Fouled Ballast Location 1
sum| 59 5|Ground Penetrating Radar (GPR) 17
6|Weather Data 1

sum 1422

2.4.1 Track Geometry Data

The track geometry data included 1422 ATGMS inspection runs for two BNSF
subdivisions: Creston and St. Joseph. In addition, the data included 30 manned track
geometry runs.
The ATGMS and manned track geometry data included all traditional and processed

geometry channels as shown in Figure 2.19 and Table 2.6 below. In these channels, there
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was a surface (longitudinal level) that was the track geometry of the track centerline
projected onto the longitudinal vertical plane. Track alignment is the projedétioa wack
centerline's geometry onto a horizontal longitudinal plane. Two rail heads at right angles
to each other in a plane of 5/8" lower than the top of the rail head are referred to as Gage
(gauge). The difference in elevation between consecutiverngmails based on the angle
between the running surface and a horizontal reference plane is defined as crosslevel or
cant. Whereas, by removing the mean of ctegsl data, ClviRate is deriveWVarp is the
difference in crosslevel of any two points wiithihe specific distance along the track and
Twist is usually defined as the difference in crosslevel of any two points a fixed distance

apart(Okine 2017).

31-foot, 62-foot, or
124-foot chord
-
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Surface

-
Crosslevel
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e
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P
31-foot, 62-foot, or
124-foot chord

Figure2.19: Trak Geometry Component

Table2:6: List of Track Geometry Channels

Inspections Type Channels of the Inspectios

Left Profile Space Curve (LProfSP)

Right Profile Space Curve (RProfSP)

Left Alignment Spac€urve (LAlignSP)

Right Alignment Space Curve (RAlignSP)
Left Profile 316 Cord

G WIN|IF
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6 Right Profile 3106 Cor (
7 Left Profile 626 Cord
8 Right Profile 6206 Cor (
9 Left Profile 12406 Cor (
Track Geometry 10 |Right Profile 1246 Cor
11 Left Align 3106 Cord (LU
12 Right Align 316 Cord
13 Left Align 6206 Cord (L
14 Right Align 626 Cord
15 Left Align 12406 Cord
16 Right Al i gRAlighl246 Cor d

17 Gage

18 Crosslevel

19 ClviIRate

20 Warp626 Cord (Warp6?2)
21 Twist 11

22 Twist 22

23 Twist 31

2.4.2 GPR Data

The GPRdata provides information on the ballast and subgrade conditions. An
example of the report is shown in Figure 2.20 and the list of digitized channels is shown in
table 2.7. This data includes Ballast Fouling Index (BFI), along othling Depth Layer
(FDL)?*2 for the left, right, and center of the tradie fourth and fifth views from the top
is a combination of Ballast Fouling index (BFI) and Fouling Depth Layer (FDL); left,
center and right digitized every 16.7 feet using the scale described in Takdel@w.
Ground Penetrating Radar (GPR) data included 11 inspection runs over 10 different sites
with 1 mile per siteNote that byusing the combined 2GHz and 400MHz GPR datasets,

layer interpretation panels can show the modeled depth of each trackbedhtayface.

13 Note FDlis also referred to as the free draining layer. In all instances, it refers to the thickness/depth of
clean ballast for which water can freely pass through the ballast.
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This interpretation is based on wiegxpecedto see on the trackbefin absence of layer
interfaces is indicative of insufficient physical contrast between the trackbed layers or
insufficient GPR signal penetration through the materiate8l on an average GPR signal
velocity of 140mm/ns, the modeled interface depths are calculated. Within 10% to 20% of

the indicated depth, depths are deemed accurate.
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Figure2.20: Example GPR Report
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Table2:7: List of GPR Channel

1 Left Fouling Depth Layer (FDL_LAYER_LEFT)

2 Center Fouling Depth Layer (FDL_LAYER_CENTER)

3 Right Fouling Depth Layer (FDL_LAYER_RIGHT)

4 Left Fouling Depth Layer Category (FDL_CAT_LEFT)

5 Center Fouling Depth Layer Category (FDL_CAT_CENTER)

6 Right Fouling Depth Layer Category (FDL_CAT_RIGHT)
Ground Penetrating Radar 7 Left Ballast Foulingllndex (BFI_INDEX_LEFT)

8 Center Ballast Fouling Index (BFI_INDEX_CENTER)

(GPR) 9 Right Ballast Fouling Index (BFI_INDEX_RIGHT)

10  |Left Ballast Fouling Index Category (BFI_CAT_LEFT)

11 |Center Ballast Fouling Index Category (BFI_CAT_CENTER)

12 Right Ballast Fouling Index Category (BFI_CAT_RIGHT)

13 |Left Layer Roughness Index Category (LRI_CAT_LEFT)

14  |Center Layer Roughness Index Category (LRI_CAT_CENTER)

15  |Right Layer Roughness Index Category (LRI_CAT_RIGHT)

2.4.2.1 Ballast Fouling Index (BFI) and Fouling Depth Layer (FDL) & Trackbed
Condition Summary

According to Selig, Waters and as shown in Table 2.8 below, the ballast lagers ar
considered highly fouled when the percentage of fouling index of 40% or greater,
moderately fouled when the percentage of fouling index ranges from 10% to less than 20%,
and, clean when the percentage of fouling index of less than 1%. Selig and Waters
introduced the fouling index, which is calculated as the sum of the percentages that went
through the No. 4 and No. 200 sieves. Due to the importance of the size of fine particles in
lowering drainage capacity, fines that passed the No. 200 filter are &&ddantwice in
this index (Selig 1994). Note that the BFI values are classified as shown in Table 2.2 in
Subchapter 2.2.4 abowveeasures the level of fouling within the trackbed to a specified

depth (16 inches) and is empirically calibrated to the $aliging Index
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indicating track formation ballast conditiom addition,the Fouling Depth Layer (FDL)
categorizes the level of ballast thickneéBable 29 below summarizes the categories used
for the analysis.

Table2:8: Selig Fouling Index ( Selig and Waters 1994) for the Ballast

Category Fouling index [%]
Clean <]

Moderately Clean I to <10
Moderately Fouled | 10 to <20

Fouled 20 to <40

Highly Fouled =40

Table2:9: Summary of Categories in GPR Report

Ballast Fouling Index (BFI) Fouling Depth Layer (FDL) Trackbed Condition Summary

Category|  Description | Selig Index Range | Category | Description | Thickness (inches)* | Category | Description | Score

0 Unavailable n/a 0 |Unavailable n/a 0 |Unavailable| nfa

1 Clean 5 1 Good >14 1 Good <4

2 | Moderately Clean 510 2 Moderate 11-14 2 | Moderate | 4-8

3 | Moderately Fouled 10-25 3 Poor 811 3 Poor 8-12

5 Highly Fouled 30 4 | VeryPoor <8

4 Fouled 25-30

2.4.3 Weather Data

Weather stations were installed at Roca, HickniRarkville, and Waldron. Soil
moisture gauges with depth and thermometer were installed at Hickman, Parkville, and
Waldron; no soil moisture sensors were installed for the sites Roca Control. Precipitation
was summarized into total precipitation per d@gmperature was summarized into
average temperature per day, and Soil Moisture at different depths was summarized into

average soil moisture per day. Due to the limited and missing data provided, the data was
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not included in the machine learning applicationthis research. A sample of given
weather data is provided in tabld@below.

Table2:10: A Sample of Weather Data

Sites - Date ﬂ max__Average Temp (Fahrenheit) ﬂ max_Precipitation (inch) ﬂ max_Moisture 10" (%) hd
ParkVille 17-Nowv 650.70015 o 34.2241875
17-Dec 59.4888375 0.14173236 321.76918050

18-lamn 53.659825 0.21889781 33.45999306

18-Feb 562721 D.28345472 28.84301389

18-Mar 60.2387 1.40551257 26.08704861

18-Apr F1.4933125 0.50393728 43.57213889

18-May 82.071525 1.24015815 26.9161875

18-Jumn 89.80881249 1.08661476 o

18-Jul B88.5460125 1.123B5888 o

18-Aug B86.844825 1.65748121 o

18-Sep B5.245425 1.19685104 o

18-Oct 81.09982501 2.6771668 o

I 18-Nowv S51.29675 D.377952906 o
13-Dec A47.5916375 1.25433144 o

19-Jan 54.774475 0.531496063 o

wWaldron 18-Mar B0.6775375 1.15748094 30.087256094
18-Apr 71.8623625 0.4724412 30.21782639

128-May 84.615975 140157556 29.481195444

18-Jun B89.7384875 1.74409543 51.68064103

18-Jul B86.97085 0.74409489 51.63854861

18-Aug B86.2610625 1.84252068 50.42461806

18-Sep 84.741225 1.03149662 50.61990972

18-Oct 80.2963 6.51575155 S50.84657639

18-Now 51.3536125 0.26614193 A9 FFFA0972

18-Dec 4656.13795 1.29370154 49.60847917

19-lan 55.0617875 0.578740157 AF7. 77165278

2.5 Consolidation of Data into the Common Database

The creation of suitabl#atabases is necessary for any comprehensive data analysis.
To aid in the ensuing analysis, several database design examples are provided. Microsoft
Excel, Artificial Intelligent (Al) in Python, and Python were used to merge anprpaess
the data into aingle dataset. This is a tirmensuming process because of the variety of
data. Incorrect treatment of data at this stage can lead to problems in data analysis, as the
quality of the data and the database are critical to any data analysis, from basre to
complicated.

Since 1422 files were received, data file organization and manageveent

crucial part and has followed the steps below:
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Step 1: Created a database for 1422 excel files which detail breaks per file such as
unmanned data, manned dataather data, and GPR data.
Step 2: Filtered and chose 26 important columns (channels) from 49 columns (49 channels)
from 1422 files to make use of computer processing that expedited the analysis.
Step 3: Copied and moved files with needed MilePost toctlieesponding MilePost
Folder. For example, Hickman MP192 and Roca MP 196 would be moved to Folder
MP192 and MP196, respectively.
Step 4: Separated files into corresponding subdivisions and sites based on longitude and
latitude. Note, MilePosts9,10,11, and 17 contained files in both Creston anddSeph
Subdivision while MilePosts 192 and 196 did not.
Step 5: Doublehecked files separated with the whole database created in step 1
2.5.1 Geometry Files

The continuous geometry inspecticatal that was used in this activity was received
from an inertialbased track geometry inspection vehicle and was collected on a continuous
foot-by-foot basis. Measured values for each of the important track geometry channels,
which characterize the spati@nnection of the track structure, are included in the data,
which is gathered per foot of the track. As a result of the high frequency with which the
BNSF data was taken (once per month), it is possible to analyze the track quality and
deterioration ovetime. In particular, it is crucial to remember that successive inspections
provide continuous data that must occasionally be aligned longitudinally since the linear
identifiers (foot count) may be inaccurate for multiple samples. A representative variable

was selected as the Gage channel, which was barely affected by cyclic loading, and this
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was used as a benchmark for the alignment of the whole time series data for the multiple
channels needed in this research. For each inspection date, a single ts\eaaset of
Gage data was visually reviewed and aligned following the restitsosscorrelation
which is a common approach for comparing two (or more) data sets in order to discover
the longitudinal offset (also known as lag) at which two series t dave the most
comparable properties based on least squares.
2.5.2 GPR Files

Raw excel files and digitalized images of Ground Penetrating Radar (GPR) data
were receivedrom U.S Department of Transportation Federal Railroad Administration.
The GPR data were aligned in the same manner as prior operations. Since the GPR Data
was measured every 16.7 ft, the data was split into the foot by foot when applied into a
matching learninglgorithm to match the track geometry data pattern. The Ballast Fouling
Index (BFI) and Fouling Depth Layer (FDL), which measBH, layer thicknessand
moisture contenwvere determined using three antenna signals: left, center, and right. Note,
with three antenna signals, left, center, and right, the Ballast Fouling Index (BFI) and
Fouling Depth Layer (FDL) were measured
2.53 Data Alignment

A location reference is necessary when comparing data from several sources. For
railroad assets, this includes tgeneral division, subdivision, track ID, rail side, and
milepost. Thus, GPR data may be linked to track geometry data for inspections that
happened at various periods on the traek, with the same division, subdivision, track

ID, rail side, and milepst. Multiple track geometry inspection, on the other hand, might
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be hampered by inaccurate longitudinal alignment owing to a variety of factors including
GPS faults, human location input offsets, encoder wheel wear, and so on. In particular,
ATGMS data raks on GPS to precisely track position. Double track territory with near
track centers might cause the track ID to be mistaken by the inspection car; the inspection
vehicle thinks it is on a separate track in the same division, subdivision, and milepost. A
data inversion step is also required to capture data recorded in both directions of travel.
Figure 2.21 illustrates an example of thecallected (and aslentified) repeated run track

geometry data. Note that the numerous runs appear to have a laatignment.

St.Joseph - Hickman Site MP192

15

RProf62(inch)
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*+ 09/03/2017 e+ 12/092017 ~— (3/04/2018 —— 06/14/2018 09/23/2018 11/05/2018 01/07/2019
=+ }V15/2017 — 01/08/2018 — 04/08/2018 0712272018

3000 3500 4000 4500 5000
Measurement (every 30.5cm or 1 foot)

Figure2.21: Example ofmisaligned track geometry data

Crosscorrelation is a standard technique to compare two (or multiple) data sets to
determine the longitudinal offset (referred to as lagylaich two series of data have the

most similar attributes based on least squares. This is described in detail in the related study
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above. Note that this method requires a constant sampling interval. This approach was
applied to this data set using a niaitel approach as follows:
9 Select data base on division, subdivision, track 1D, and milepost limits
1 Reject data that does not have similar GPS coordinates
0 Reject misidentified division and subdivision
1 Align data for ON inspections for one mile using cressrrelation
o Determine lag for each inspectioni) with respect to reference run (0)
1 Reject data with a low cros®rrelation coefficient
0 Reject misidentified track 1D
1 Align data for OGN inspectiols for approximately 500 feet (or length of interest)
using crosscorrelation
Note that this alignment can be performed on any chamelever for this
research, the gage channel was used, and the determined lag applied to the remaining
channels of interési.e. profile, crosdevel, etc.
An example of the aligned data after implementing the above process is shown in
Figure 2.22. The resulting lags that were determined and offset values to shift the data for
the multiple inspections (June 2018) with res$pgedhe reference inspection are shown in
Table 2.1. This table shows that data can be off by several hundred feet. The rest of the

alignment data per site can be found in Appendix A.1.
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St.Joseph - Hickman Site MP192

15
L
-
-
10 g |
-~ | :i
: ‘ =| t)
V o547 | o -4 5 '
: i ', 3 ‘ '
: / ' i “ 1‘ \ - 7 \
i B Bl I
N o ’ ' ; ;
O ki B AT R
Y i / | gy ‘ d
0 | H ! "
05 y . ¢ i E
o Y ll " 8
(74 .
-10 v
see 08/10/2017 +-- 110172017 — (2/05/2018 05/14/2018 — 08/13/2018 10711/2018 — 12/16/2018
-15 Tews 00/03/2017 e 12/002017  — 03/04/2018 — 06/14/2018 09/23/2018 1105/2018 —— 01/07/2019
I =+ 10/15/2017 01/08/2018 — 04/08/2018 07222018
3000 3500 4000 4500 5000
Measurement (every 30.5cm or 1 foot)
Figure2.22: Example of aligned track geometry data (Right Profile 62' chord)
Table2:11: Determined Lags For Example Alignment.
Inspection Date Lag (L) [Shift Metars Shift Feet
Wugust, 2017 12 18.29 60
ISeptember, 2017 18 28.65 94
Oct, 2017 37 157.30 188
Nov, 2017 43 66.75 1219
Dec, 2017 3 4.57 15
Jan, 2018 14 21.34 70
Feb, 2018 20 31.39 103
Mar, 2018 44 69.19 227
Apr, 2018 14 21.03 69
May, 2018 35 53.95 177
Hun, 2018 (4] 10 0
Bul, 2018 36 56.39 185
Bug, 2018 22 34.75 114
ISep, 2018 8 12.49 41
IOct, 2018 27 141.45 136
Nowv, 2018 57 189.3 293
Dec, 2018 5 [7.01 gS
Ban, 2018 6 10.06 3
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Chapter 3

EXPLORATORY DATA ANALYSIS (EDA)
3.1 Introduction

A key part of this study was to understand the data that was provided and its general
stochastic parameters. EDA is a standard data analytics approach that is used to provide
not only a preliminary assessment of the data and identify any potential ihgt®within
the dataset, but also adequate insight into the data set and its underlying struétiod-

Okine, 2017). Typical techniques used in EDA include creating histograms, scatterplots,
Quantilequantile plots, and box and whisker plots of ttea, as well as generating
summary statistics of the data such as descriptive statistics, data class and structure, and a
sample of the data head/tail to measure the spread and overall description of a set of data.
Various aspects of EDA were implementedinderstand the Track Geometry and Ground
Penetrating Radar Data (GPR) (Yurlov 2018).

The overall approach was to identify potential simple correlation relationships
between multiple datasets (geometry, GPR) to:

A Develop preliminary relationships betweteack subsurface data and track
geometry.
A Identify potential correlation relationships between geometry defects and

GPR data.
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A Develop ate of change (slope) comparisons between Track Geometry Data
and GPR

A Understand the relationship betweba Track Geometry Data and Weather
Data

A Perform Linear Regression and Polynomial Regression for Track Geometry
Data

This chapter has been constructed to give the reader information on the EDA
method, namely its application and implementation. The chapters a review of EDA
and Advanced EDA, as well as all associated subsections, and concludes with a preliminary
observations section, which includes comments and observations about the EDA analysis.
Preliminary results are included in the chapter.

3.2 BEploratory Data Analysis (EDA) for Track Geometry and GPR Overview

The EDA presented here was performed on data from a major US Class 1 freight
railroad (BNSF) that focus on six fouled and clean sites on St. Joseph Subdivision,
provided by several major &s 1 US Railroad and the FRA.

The specific focus of the analysis presentedto extendhe previously developed
relationship between ballast condition as defined by GPR and development of track
geometry defects to the full set of geometry defects ovange of condition
3.2.1 Data Description

It is necessary to build a relational database for EDA in particular and data analysis
in general before any major statistical analyses can be done. Quantiles and interquartile

ranges, spread/dispersion, and thstribution of data may all be examined and measured
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through the use of basic statistical procedures. The research quantifies the variability of the
sample. Additionally, it quantifies central trends, such as mean and median.
3.2.2 Descriptive Stastics

The data used in this research can be described using descriptive statistics.
Descriptive statistics data summarize the sample and the measurements that are
straightforwardly used in quantitative techniques. It is important to note that descriptive
statistics may be used in quantitative, qualitative, and mmethods research (Creswell,
2019). Toattaina deeper understanding of how descriptive statistics may be used in this
researchirack geometry parameters such as LProf31, LPrdfB2of124,efc., as shown
in Figure 3.1 from Hickman Site MP 192, St. Joseph Subdivision were chosen and
calculatedn the following sectionNote,LProf62 and ClvIRate parameters were the main

focusof this research.

MP FT LProfal LProf62 LProfl24 RProfil RProf62 LAlign62 RAlign62 Gage Crossleve ClvIRate Warp62 LProfSP RProfSP Twist31 |
] 192 5279 0.134277 0.267639 0.412292 0.179443 0.135945 0.016022 -0.05379 56.39179 0.036621 0.064697 0.325928 0.50415 0.380554 0.119629
1 192 5278 0.097046 0.256653 0.392151 0.141602 0.136108 0.005341 -0.04959 56.38263 0.047607 0.072021 0.325928 0.489502 0.357361 0.084229
2 192 5277 0.063782 0.247192 0.378418 0.092773 (.110168 -0.00151 -0.04345 56.37439 0.068353 0.091553 0.325928 0.477505 0.326233 (.064697
3 192 5276 0.033264 0.238342 0.369568 0.045471 0.093689 -0.01526 -0.02785 56.33547 0.084229 0.10498 0.325928 0.469971 0.30304 0.05127
4 192 5275 0.00824 0.232544 0.364075 0.006104 0.087585 -0.02861 -0.00763 56.33441 0.091553 0.111084 0.325928 0.466003 0.292053 0.048328
5 192 5274 -0.0119 0.226135 0.359802 -0.02533 0.080566 -0.02861 0.006104 56.33106 0.096436 0.113525 0.325928 0.463257 0.285645 0.062256
6 192 5273 -0.03204 0.215454 0.355835 -0.05249 0.07019 -0.02518 0.016022 56.33655 0.098877 0.114746 0.325928  0.4599 0.280457 0.072021
7 192 5272 -0.04852 0.205994 0.354515 -0.07721 0.06012 -0.02213 0.024414 56.34174 0.10376 0.119629 0.325928 0.458679 0.273574 (0.075684
b 192 5271 -0.06165 0.196838 0.357971 -0.09705 0.053711 -0.01526 0.027848 56.35354 0.108643 0.123291 0.321045 0.438069 0.271301 0.073242
9 192 5270 -0.06989 0.184326 0.36438 -0.10895 0.05188 -0.01068 0.028229 56.36859 0.108643 0.12207 0.307617 0.457764 0.272217 0.064697
10 192 5269 -0.06867 0.174866 0.374756 -0.1178 0.054626 -0.01412 0.032044 56.37225 0.111084 0.124512 0.283203 0.462341 0.274963 0.05249
11 192 5268 -0.05798 0.169373 0.385437 -0.12512 0.058289 -0.02327 0.034333 56.36981 0.117188 0.129395 0.250244 0.470886 0.278015 0.029297
12 192 5267 -0.04089 0.166626 0.396729 -0.12634 0.06012 -0.03166 0.032044 56.37256 0.123291 0.134277 0.218506 0.480957 0.282593 0.003662
13 192 5266 -0.02167 0.167542 0409241 -0.12207 (.059204 -0.03052 0.03357 56.37622 0.133057 0.144043 0.15165 0.492554 0.284424 -0.01343
14 192 5265 -0.00816 0.162048 0417175 -0.11383 0.055847 -0.02365 0.039673 56.37683 0.142822 0.152588 0.158691 0.501404 0.284119 -0.03052
15 192 5264 -0.0058 0.144653 0.418701 -0.1004 0.050964 -0.02098 0.038911 56.38232 0.140381 0.150146 0.153805 0.50415 0.289001 -0.0415

Figure3.1: A Sample of Raw Data Before Apply Descriptive Statistics Hickman MP192
St. Joseph Subdivision
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3.2.3 Descriptive Statistics and Software Output

Tables 3.1 and 3.2. below define the descriptive statistics suomasean max,
standad deviation and quéles that arecalculated basedn parameters shown in Figure
3.1 aboveTables 3.1 and 3.2 are samples of the descriptive statistics for the complete
dataset, including all inspections compiled as part of ttigity. TheTable3.1 represents
the statistical calculation for the geometry channet such asleft and right profiles
(measured over 31, 62 and H2dt chord)andleft and righttrack aligmens (measured
over 62foot chord) while the Table 3.2 represerstsitistical calculations fotrack
geometrychannelssuch a<Crosslevel (elevation), ClviRate, Warp62 (measured over 62
foot chord), left and righprofile gpacecurve and Twist (neasured over I3foot chord)

Note thatdescriptive statistics were calculated using Python, an-sparce software

platform for doing basics to complex statistical analyses

Table3:1: Descriptive Statistics BNSF Sxoseph Subdivision MP 192193, Sample 1

LProfal [in] LProfe2 [in] |LProfl24[in] |RProf3L[in] |RProfe2[in] |LAlign62[in] [RAlign62[in]
Mean -0.000269824| -0.000851535( -0.00182851| -0.000322671| -0.000991646 -0.000326824| -0.000127777
Standard Deviation 0.219213577| 0.276854936| 0.348468106| 0.169187792| 0.229134377| 0.068521203| 0.082177526
Min. -1.138916 -1.443176 -1.346436 -0.756836 -1.039429 -0.300221 -0.28687
15t Qu.(25%) -0.09040825 -0.110779 -0.171204 -0.080872 -0.098572 -0.044251 -0.053788
2nd Qu.(50%) -0.00061 0.000763 0.007935 0.003967 0.001526 0.001526 0.002289
3rd Qu.(75%) 0.09834325 0.116272 0.184937 0.083618| 0.10475125 0.039673 0.050355
Max. 0.950317 1.431885 1.424866 0.660706 1.425171 0.271229 0.355154

Table3:2: Descriptive Statistics BNSF St. Joseph Subdivision MPi1B23, Sample 2

Crosslevel [in] ClvIRate [in] |Warp62[in] |LProfSP[in] |RProfSP[in] |Twist31[in] |Gage [in]
Mean 0.454187961| 0.001274072| 0.260147938| -0.003393906/ -0.003667243| 0.005107595| 56.52709172
Standard Deviation 0.416581469| 0.105858469| 0.186327216( 0.380670054| 0.353767441| 0.171831863| 0.089297746
Min. -0.532227 -0.651835 0.068339 -1.271362 -1.309204 -1.040039 56.251404
1st Qu.(25%) 0.037842 -0.037842 0.144043| -0.19294725| -0.1761625 -0.067139)  56.467773
2nd Qu.{50%) 0.567627 0.003662 0.197754 0.017395 0.003662 0.001221]  56.532166
3rd Qu.(75%) 0.840149 0.048828 0.292969 0.1991275| 0.17608625 0.073242|  56.588623
Max. 1.115723 0.377197 1.068115 1.304932 1.350403 0.891113|  56.806213
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3.2.4 Data Structure and Variable Class

There must be an analysis of eaermiable, including its specific type, class, and
structure available. Variables that take numbers, either discrete or continuous, are known
as numerical variable€ategorical variables are those that display a label from a set of
labels. A specific anays technique requires knowledge of the kind of variable and data
collection, for examplethe class and the number of variables to be analyzed. Also, the
kind of variable, whether it is qualitative or quantitative, must be specified. As an example,
frequency is assessed in a qualitative variable, but central tendency and dispersion are

recorded in a quantitative variable.

3.2.4.1 The Head and Tail of Dataset

To observe and examine the data frame for each of the digital files provided, one
must opereach file and check the number of rows and columns. Due to the number of rows
per data frame being over a hundred thousand rows, each data frame was examined using
the head and tail function to obtain the first and last several (or n) rows. This method is
handy for verifying data quickly after sorting, appending, and filtering rows. As the default,
the head and tail function when coding in Python results in the first and last five
observations of each variable, but one can custanzcode the number ofoservations
to n rows based on their interest and goal. Observations from the head and tail of the dataset
can be found in tables 3.3 and 3.4 below, respectively. Each variable has its own set of
data. The tables below were taken from the dataset of Hitl8ita, MP 192 on the St.
Joseph Subdivision.The head and tail of the dataset, in this case, illustrate the perspective

on the variables such as type, magnitude, scale, and signsvofithei alsénatirss.
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Table3:3: Head of The Dataset

Observation Number
1 2 3 4 5
At Feet 1 2 3 4 5
LProf31 -0.4129( -0.39429( -0.36499| -0.32349| -0.27313
LProfe2 -0.55084 | -0.54962| -0.53894| -0.52826| -0.50903
LProf124 -0.13702| -0.15106( -0.16052 -0.1651| -0.16205
RProf31 -0.44128( -0.41534| -0.38025| -0.34027| -0.29236
RProf62 -0.57282| -0.56549| -0.5545| -0.53955| -0.51697
LAlign62 -0.09918| -0.08545( -0.07591 -0.0763 -0.0782
variables RAligne2 0.035477 0.02594( 0.021363| 0.028611| 0.050736
Gage 56.51294| 56.52698| 56.53461 56.5224| 56.49432
Crosslevel 0.90332| 0.899658| 0.898438| 0.900879 0.90332
ClviRate 0.01709( 0.013428| 0.012207| 0.013428| 0.015869
Warpb2 0.136719| 0.136719| 0.136719| 0.136719| 0.136719
LProfsp -0.21027| -0.19623| -0.17365| -0.14435| -0.10681
RProfsp -0.19074| -0.17242| -0.14801| -0.11993| -0.08453
Twist31 0.133057| 0.129395| 0.125732| 0.117188| 0.111084
Table3:4: Tail of The Dataset
Observation Number
1 2 3 4 5
At Feet 5279 5278 5277 5276 5275
LProf31 0.027466| -0.00244| -0.03204| -0.06348| -0.09796
LProfe2 0.214539| 0.220337| 0.220642| 0.212402| 0.197449
LProfi124 -0.1532( -0.18646| -0.21484( -0.24628( -0.27344
RProf31 0.045166( 0.012512 -0.0235| -0.05493| -0.07996
RProf62 0.186462( 0.169067( 0.145874| 0.120239| 0.098572
LAligne2 -0.00458| -0.00877| -0.02403| -0.04425| -0.05455
Variables RAligne2 0.020518| 0.021744( 0.019455 0.01297| -0.00954
Gage 56.45892| 56.4577| 56.44214| 56.4278| 56.42871
Crosslevel 0.058554( 0.065918| 0.076904| 0.080566| 0.075684
ClviRate 0.012207( 0.019531| 0.0283076| 0.020518| 0.024414
Warpb2 0.262451( 0.262451( 0.262451| 0.262451| 0.262451
LProfsp 0.088806( 0.062561| 0.033569| -0.00031| -0.03445
RProfspP 0.07782| 0.043335| 0.004272| -0.03388| -0.062506
Twist31 0.166016( 0.185547( 0.2050738| 0.214844| 0.214844

3.2.4.2 Use of Visualization Techniques

As a visual representation of the data, data visualization is described as a graphical
depiction of the information. Data visualization approaches use visual components such as
charts, graphs, and maps to make it easier to identify trends, outliers tndspia data.
Our modern world is filled witta plethoraof data, which is why data visualization tools
and technologies are so important in today's era of Big Data. There are several uses for it

such as weather patterns, medical issues, or mathentaticalr e | at i ons, et cé
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may point to relationships and patterns, as well as guide the analyst towards advanced
analyses techniques, which is the primary purpose of the EDA (Yurlov 2018). The sections
below present the application of several vimsion techniques used in the EDA in this
activity. The given numeric data is normally distributed which allows for use with machine
learning algorithms. There are missing data that can cause problems when doing analysis,
but most of themare resolvedhrough the data preprocessing and data alignment in the
sections below.
3.2.4.2.1 Bivariate Visualization

Bivariable visualization is the simplest method of finding patterns between two
variables (Yurlov2018). Figure 3.2 below shows the relationship of two variables of the
St.Joseph Subdivision dataset for MP 192 to MP 193, Left Profile 62 and Left Profile
31(from the track geometry car), and the possible correlation between them. A predominant

increasimgy linear relationship band appears to exist.

1.5
1.0
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oo

LProf62

0.5
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oo
LProf31

Figure3.2: St.Joseph Subdivision MP192; Left Profile 31 and Left Profile 62
Correlation Plot

3.2.4.2.2 Multivariate Correlation Plot Visualization
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In multivariate correlation plots, we examine the correlations between two
variables after taking into consideration the other values of varidhpsre 3.3 below
illustrates the graphical relationship between four variables as Lprof62, Lprofl24, and
ClviRate, ad LProf3l. The scattemplotsontheuppertriangle show that there is a
nonlinear and noxquadratic relationship between these variables.
Distributionson thediagonal show that all profiles appear to be normally distributed (
data is evenly distributed about the center of the data)
DensityPlot andCorrelationcoefficientsonthelower triangle show thathere appear to
be direct correlations relationships between Lprof62, Lprofl24, and ClvIRate, particularly

with Lprof31. Note that, the plot wawritten and read from left to right and from top to

bottom.
r=0.68
> =
. r=0.46 r=0.62
o o
- r= 043 r= 04560 r = 089

Figure3.3: St.Joseph Subdivision MP192; Multivariate Correlation Plots, Sample
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3.2.4.2.3 Box and Whisker Plot

Box and whisker plots, which are included in the EDA analysis, show the form of
the data distribution, as well as its central value and variability, explicitly. Some
observations can be classified as outliers due to the high variability of the samptes or a
inspection error. In other terms, an outlier is an observation that is dissimilar to the rest.
Additionally, an outlier may result in an erroneous interpretation of the data's pattern and
faulty prediction models. Thus, outliers shed light on the dityeddivariables and must
be analyzed and either discarded or utilized in certain instances from the data. The Box and
Whisker graphic in Figure 3.4a illustrates theJ8seph Subdivision MP192, including the
Geometry inspection findings for three variahlencluding ClviIRate, Rprof62, and
LProf62. The remainder of the BéXot figures is included in Appendix B.1.2. The box
plot variables indicate that LProf62 has the greatest spread, whereas ClviRate has the least
spread. According to these figures, dlltbe geometry variables shown are extremely
spread out, which is characteristic of track geometry. As a result, the outliers will not be
removed from the analysis but will be included. The same findings have been drawn on
Ground Penetrating Radar Data winoin Figure 3.4b and Figure 3.4c which indicate that
Ballast Fould Index (BFI) Center has the greatest spread, whereas Ballast Fouling Index
(BFI) has the least spread. Similafgguling Depth Layer (FDL) Center has the greatest

spread, whereas Foulingepth Layer (FDL) Right has the least spread.
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Box and Whisker Plot Hickman Site MP 192
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Figure3.4: Box and Whisker Plot for Track Geome®yrof62(a) and GPR Parameters
BFI (b) andFDL (c) Subdivision St Joseph

3.2.4.2.4 Histograms

A histogram depicts the distribution of data in a visual way. However, a histogram
differs from a bar graph in that it shows the underlying frequency or probability distribution
of a single continuous numerical variable rather thanmgadomparisons between distinct
items or categories or displaying trends over time, as a bar graph does. Figure 3.5a, Figure
3.5b, and Figure 3.5¢ show profile variables, which appear to be evenly distriedel (
Gaussiahwhich was a proper assumptitor further analysis when applying the machine
learning technique. According to Yurlov, the fact will be proven or disproved in the QQ

Plot analysis (Yurlov 2018).
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Figure3.5: Histogram for Profile&Prof62 (a)and RProf62 (k
and ClvIRategc) of Hickman MP192

3.2.4.2.5 Combination of a kktogram and Kernel

Another approach in visualization technique isoanbination of Histogram and

Kernel Density Estimation (KDE) that creates a useful illustration of the optimally

smoothed distribution of random variables in the histogram with high bin numbers (Yurlov

20218). Note thakDE is one of the most popular metts for density estimation. The
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following picture shows the KDE and the histogram of the track geometry data that were
coded in Python. The blue curve is the density curve estimated by the ADtae
variables in the Stloseph Subdivision MP19093 insction data were plotted and are
presented in Appendix B.1.4. Figures 3.6 a, b, and c present samples plot of this data
combination. The figures illustrate behavior that appears to be a raistnédution (nearly
Gaussian) This normal behavior of the vable, as well as the other variables, will be

examined in the following section.
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Figure3.6: Histogram with Gaussian Kernel for ProfilleBrof62 (a) and RProf62 (b)
and ClvIRatgc), St.JosepltBSubdivision

3.2.4.2.6 QuantileQuantile (QQ) Plot

Gaussian Distribution, Uniform Distribution, Exponential Distribution, or even
Pareto Distribution may all be found by using@Qplots to identify the kind of random
variable's distribution (Varstey, 2020).The QuantileQuantile (QQ) probability is a
supplementary graphical approach for EDA (Yurlov 20M8)st of the timethe QQplots
show the actual versus theoretical quantiles when considering a Gaussian distribution
Figures 37 a, b, and c clearly show that LProf62 is not normally distributed, but points
forming a roughly straight line proved that both sets of quantiles twad the same
distribution. The rest of the QQ plots for the other variables of the dataset are presented in

Appendix B.15
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3.3Applied EDA Techniques

EDA involves analyzing and summarizing the data set from several perspectives.
The intent is to expose the hidden features of the datanly when visualizing
multivariable highdimensional data (Yurlov 2018). The EDA techniques include the
following:
A Frequency Multivariable Analysis.
A  Advanced graphics to include:

0 Three signals in one 2D figure.
0 Linear Regression Plots for multgpparameters in one 2D figure
0 Plot with the linear and parabolic regression models

0 Three signals with multiple-gxes in one 2D figure

Track Quality Index (TQI) analyses and visualization were used in this subchapter
to describe therariables.As previously stated, the purpose of data exploration is to
discover links between datasets as well as relationships within a dataset when additional
factors such as time are considered. Preprocessing of the data is frequently necessary. For
theresearch presented here, track geometry data preprocessing entailed deriving two extra
parameters from the data based on a subset (or window of around 300") of the data for each
inspection such as Track Quality Index (TQI) and Peak Value.
3.3.1 Analysis of Track Geometry Data

It is important to construct a forecast.|

the stated geometri claelv eplar aemect.e)r st o( pdreovfeilloep
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I n most cases, thigdidetrentieosatictomnsatod its a:
bet ween 100 and 1000 feet in Il ength. The r
must be examined using a discrete value, wt
geometry par aemgateanrt dwergtthhe Tdhe Track Qual.
based on the standard deviation of a geome
According to Yurlov the standard devi a
empl oyed to dhareadther icomendart idoen of the trac
As a result of this standard deviation t
significant defects or | ocal peaks that re
are dilagsthedormwaw" by taking the standard d
The TQIl is an excellent measure of the overl
i's to evaluate ride quality. I n coemntgmagdt ,

to reflect an actionabl e maintenance <crite

safetyZaoembski et al ., 2021).

Hence, a "Peak" value in a segment was
absolute minimum (for profil e) or greates
defined segment. According to the railroad
rel i able predictor of degradation rate and
(Zar embski et al , 2021) .

Track Quality Index (TQI) is calculated as the standard deviation of all
measurements taken 1inside t henspection.pThist i on

preprocessing was carried out on the Hickman Site for 18 inspections between August 2017
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and January 2019. (MP 192). Within this period range, 18 of the 1373 inspection files were
classified as happening at this location. Based on thesreferinspection (2018/06/14),

the inspection files were reindexed and aligned. For each channel, the TQI was computed
and the peaks were found using the code snippet in Fig@&aad39. The first black line

of codes in these pictures starts with regdimultiple CSV files while removing the lines

in files out of the common format. The second black line of code is set with the 300 ft range
(3006 window) and the next bl ack |l ines
parameters as shown in Figure &B8d peak values (min and max) calculations for

parameters as shown in Figure 3.9. The blue lines of code do not used since they are just

df = pd.read_csv(locations+ "\\'+csv_list[i],error_bad_lines = False)
#df[ "FT'] = df[ "FT'].astype(float)

df = df[np.logical_and(np.logical_and(np.array(df.MP==192),np.array(df.FT>4858)),np.array(df.FT<4358))]
#df = dffdf.MP==12]

#df = dffdf.FT > 580 & df.FT < 788]
col =df.LProfe2_s.values
Devis.append(np.std(col)})

coll =df.RProf62_s.values
Devisil.append(np.std(coll))

col2 =df.LProfSP_s.values
Devis2.append(np.std(col2))

c0l3 =df.RProfSP_s.values
Devis3.append(np.std(col3))

cold4 =df.Crosslevel_s.values
Devis4.append(np.std(cold))

cols =df.Gage_s.values
Devis5.append(np.std(col5))

col6 =df.LProf31_s.values
Devise.append(np.std(cole))

Figure3.8: TQI determination code snippet

df¥ = pd.read_cswv(location+"““"+name)
&# df = dffdsFrf.mMmP==1967.ilocf:,2I:]
df = d¥f[[np.logical_and(np.logical_and(np.array(df_MP==192) ,

#np _ .array(df. FT>2688) ) ,  np.array(df. FT<2sea))
#np _ .array(df. FT>42e58) ), np.array(df. FT<g4zea) ) |
np.array(df.FT>4e58) ) . np.array(df.FT<425a) )]
#np . .array(df. FT>41ee) ), np.arrayv(df. FT<g4g4ea) ) 7
date = getDate(name)
l1is_ft = 1ist(df.FT)
l1is_1dprofez2 = list(df.LProf62_ s)# change to s
minfie2 = 1lis_lprofe2._index(min(lis_lprofez2))
maxfise2z = 1lis_lprofeZ.index(max(lis_ lprofsez))

l1is_dprofsp = list(df.LProfsP_s)#& change Tto s
minfFilprofsp = 1lis_lprofsp.index(min(lis_lprofsp))
maxfilprofsp = 1is_lprofsp.index(max(lis_lprofsp))

Figure3.9: Peak Determination Code Snippet
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Figure3.10: TQI Over Time for Track Geometry Data

In this research, peaks atefined as the local maxima and minima within the window (300
ft) for each inspection and relate to the extreme measurement, e.g. largest dip in track
profile!4

“I't should be noted that a dip in ashilasirtinthespades runni
curve data. When applying a chord based measurement to this space curve data, a positive value exists as

the chord enter the basin, followed by a negative value as the chord is within or straddles the basin, finally
followed by a psitive value as the chord exits the basin. This well defined signature within the data

describes local dips in the track and the depth and length of this signature is related to the severity of the

dip.
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Figure3.11: Peaks Over Time for Track Geetny Data St.Joseph
Subdivision Hickman 192

Several observations can quickly be made from figuté &d 3.1 as follows:
1 Hickman site had maintenance event after October 15, 2017
1 This can be inferred since the standard deviation of each measurement
channel taken during the next inspection of November 2017 showed a
pronounced decrease
1 Profiles show a consistent increase after a maintenance event
i Standard deviation value changes as a function of the measurement (as defined by

chord length used; e.g. Si Lprof 124 is greater than SD of Lprof 62, etc.)
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1 Left and Right profiles show similar behavior for all standard deviation values.
Note this is consistent with little variation in crdssel, as left and right profiles
are in phase.
3.3.2 Time Series Degradation Plots by Site (Slopes Plots for Track Geometry Data)
Considering the right rail, (right prof
plotted and fit with curves using linear and polynomial regression to determine rate values;
this isshown in figures 32 a and 3.2 b below. It can be seen from this figure that the
degradation is very linear (note that the polynomial fit shows little variation in the time
window compared to the linear fit). Note that the slope plots of differentcsitese found
in Appendix B.2.2
TQI deterioration after maintenan(@®11 in/6Months) is less than half of the rate
before maintenance (0.25 iAkGonths). Undercutting rather than tamping might be the
reason for the improvement in the track support camditThe peak degradation data
shows a similar pattern of behavior.
Considering the control site that is near the fouled Biture 3.8 shows the time
series degradation plot for TQI. Several observations from this figure are as follows:
1 Hickman contrb appears to have experienced maintenance activity after
March 04, 2018
1 The standard deviation of each measurement channel taken during the next
inspection of April 08, 2018, showed a decrease.

T Profiles show a consistent increase after the maintenanoe eve
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1 Standard deviation value changes as a function of the measurement (as

defined by chord length used; e.g. SD of Lprof 124 is greater than SD of Lprof 62,

etc. )
1 Left and Right profiles show similar behavior for all standard deviation
values.
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Furthermore, there is a deterioration curve fit for the control site displayed in Figdre 3.1

Prior to and during maintenance, the deterioration rate of the comérodsiains the same.
Deterioration of peak data demonstrates th
near b-fowmloemd nei ghbor, even though Dboth sit
|l oads. The foul ed | pdc attiisoens rdf eaghrhanduet da Aa ta bah ep.
summary of the degradation rates for the fouled/control sites, before/after maintenance is

presented in Table 3.5.
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Figure3.14: Degradation curve fits for rightrpfile 62' chord for Hickmancontro)

For TQI (a) and Peak (b)

Table3:5: Summary of Degradation Rates

TotalData Gummary Track Geomety Daa
Recording Date |Subdiviion (3 il Hoes Seqnentspecton | Inpsections |Time Frame fo Maintenance | Slope RPolG2 30 | Hape AProf Peak
OBI207 - PN2009| 1. Joseph |Hickman, Nebraska| WP 1823 MP 13 Tiack eametry MR T67- MR 2. ] 0 14
HPE2TIR ) A0S0FT-4350FT f LIRS o 2K
BP2STBLC)  (Tack Geanetr HRL573- WP 82625 ! BTG | o A
M- 1 R 016 A1

Appendix B.2.2contains degradation plots for each site, along with observations

based on the graphical representation of the preprocessed data.
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3.3.3 TQI and Peak Plots for Slopes Comparison Between Track Geometry and
GPR Data
Figures 3.bhaand 3.5b show the TQI and Peaks Degradation for the Hickman fouled site,
together with GPR inspection resulote that only two measurements of GPR data were
conduced and represent the endpoints of the GPR lines in the plot. The GPR data included
in the plots iBallastFouling Index (BFI) right and cent&; as well as th&ouling Depth
Layer (FDL). For each of these GRRetrics, the minimum, maximum, and average values
are plottedf. The observations can be made from FigureSe8ahd 3.%b are:
A Linear Regression was used to calculate the slope of TQI (Standard Deviation)
shown in dark blue
A Two measurement points used t¢alculate slopes for GPR data (11/2017 &
06/2018)
A Decrease in Slope of FDL corresponds to increase in Standard Deviation of Right
Profile
A Increasing in Slope of BFI corresponds to increase in Standard Deviation of Right

Profile

15 Note that since the degradation plots are fortpugbfile, left ballast fouling index is excluded as it
should have little to no effect on the right rail geometry.
't is important to note that track geometry has
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A Decreasing in Right FoulinDepth Layer (FDL _right), increasing in Right Profile
Defect (RProf62)
A Increasing in Ballast Fouling Index right and center, increasing in Right Profile
Defect (RProf62)
A BFI right is more significant than the BFI center when compared to profile defects.
In terms of comparing profile defects, the BFI right is more significant than the center.
In summary as theBallast Fouling Index (BFI) increasesthe track geometry defect

increasesand as thd-ouling Depth Layer (FDLHecreasesthe track geometry defec

Increases
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Hickman Site-MP192
Peak From 4050 to 4350 FT

1

Peak

Min RProf62(inch)
BFI CENTER
BFI RIGHT

(b)

Figure3.15: Slopes Comparison between Track Geometry Data
and GPR Data for TQIs (a) and Peak (b)

Table3:6: Summary ofControland Fouled Hickman Site St. Joseph Subdivision

Total Data Summary GPRData
Recording Date Suhdivision|5ile MilePost Nates Segment nspection FOL_LEFT |FOL_CENTER |FDL_RIGHT |BFI_LEFT |BFI_CENTER |BFI_RIGHT
Bi1212018 |5t Joseph |Hickman, Nebraska| MP 132.5-MP 193 | GPR Hickman Instrumented Site| P 192.767- MP 192.52 MEAN | 4.823 4 4705 1709 233823 1531764
4030 FT-4350 F1 30 | 08083 0707 0919558  4.838 615 531
HIN 4 3 4 4 14 [
HAX ] 3 [ 3.1 Al
MP 192578 (C) | GPR Hickman MP132.573-MP192625  MEAN| B.337% 0] B0B25| 75337a|  566ETS] 7AiM
3030-3330 50| 1M 1750 13889 180 192828 127586
HIN ] 1 B 47 34 54
HAX 1 1 ] 13 13 104

Considering Table 3.6 additional observations include that GPR FDL layers in
Fouled Site are smaller than FDL layer in Control Site (Indicates smaller loiiast
layer) while GPR BFI in Fouled Site higher than BFI in Control 8itdicates a higher

level of fouling).
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A summary of the results according to the EDA analysis presented above is
presented for all six sites in Table 3.7. It shows that most effdhling sites that
symbolized as (F) and have average BFI center values range from 13.6 (moderately fouled)
to 36 (highly fouled) while controlling sites such as Roca (C) (MP 1961%6.15) and
Hickman (C) (MP 192.758 192.625) have the average BFht= values range from 5.6
(moderately clean) to 10 (moderately clean). Additionally, fouling sites have the average
FDL center values ranging from 3.75 (very poor) inches to 8.58 inches,(ptag the
controlling sites have the average FDL center vafu@m 10 inches (good) to 12.21 inches
(good).Note that he rate of degradation (slope) in the Roca (fouled) site is more severe or
increases rapidly compared to other sites when looking at the slopes RProf62 Peak for Roca
(fouled) site This siteshowsthe RProf62 Peakate of degradatiorl.09 inches/year (from
12/2018i 01/2019). The slopes represent the correct behavior in this site since there is
evidence of developing mud spots around instrumented location MP 196.28 to higher

milepost locations uptMP196.45
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Table3:7: Summary of six sité$

Tatal Data Summary Track Geometry Data GPR Data
Recording Date | $ubivision | Site MilePost Notes Seqment laspection  Iups |Time Frame for Maistenance $lope RProf62 5D Slope RProf§2 Peal| FOL_LEFT |FDL_CENTER FDLRIGﬁBleEFIBFLCEHTER BFLRIGHT
OSE2017 - 12019 $t. Joseph | Park¥ille Missonri| MP3.6- MP10.00 |Track Grometry MPO.BS-MP .S | 4 | 06200 - OBl03IR0f7 | 0.82 21
LLERT] SO0FT-4800FT | 9 | 0B127t2017 - 0412018 0.05 0.0
i Q612015 - 011201 | 0.21 A1
G201 |8t Joseph | ParkYille, Missouri | MP 3.6 - MP10.10 | GPR ParkYille Instroment Sitd P 9.87 - NP 10.10 MEAK| 51871 305 5.0025 4153 19.0156]  23.529
b11] 1.3 1.252| 19627 2aq8R| 4G.169) 4042
HN 1 ] 0] 1051 16166 22025
WAX 1 L] 7| 6153 2LIGE|  25.52
0512016 - 0112019 ¢ Jozeph | Waldron, Wizsouri | WP 16.95 - M 17.45 (Track Geometry MPi7.2-MP17.265 2 |  D32018-05%2018 | 042 LK)
WP 172 F] 1100 FT- 1400 FT 6 | 012018 - 12I0/2018 [IA]] -0.32
3 | f1A20f2018- 002019 | 022 07
G220 |8t Joseph | Waldron, Missouri | MP 16.55 - MP 17.45 | GPR Waldron Instrment Site| MPT1.138 - WP1T.265 MEAN] 58] 85833  6.022| 15.328| 13.63085( 15.130%%
1100 FT- 1400 FT 30 | 1383 LO5T4)  L7083| 8061 8471323 B.00249
HN 1 i 3 Bl 3 11
HAX [} 2 n 31 [l LAl
08/2017 - 012013 8¢. Joseph |Hickman, Hebraska | MP132.5 - WP 133 [Track Geometry MP 192.767 - MP 192.62 | 3 0812017 - 107200 | 0.29 04
MP 192.718 {F] AOSOFT-4350FT | 8§ 112011 - Dif2013 IR 0.4
WP 192578 {C] | Track Geometry WP 132573 - MP 132.625 & D8200T-0312018 | 0.04 0
3030-3330 10 | O41eoig 002019 0.06 QA
G220 |8t Joseph |Hickman, Mebrasks | MP132.5 - MP 133 | GPR Hickman Instromented S| MP 192.767- MP 132.82 MEAN|  4.82 4 05| 1T094|  23.9508( 15.3M76d
4050 FT- 4350 FT 3D | 0.50835 0.107) 0.919558| 4.538 bifT[ 530
HN i i [ 14 ji]
HAX b § [{ ] 351 il
WP 192578 {C] | GPR ficknas WP 132573 - MP 132.625 MEAN|  8.3371 10) 60625 15538 566815 18318
3030-3330 8D | L8N 175 13889 1812 192828 121586
HN ] 1 6 41 34 id
HAX 1 ] 0] s 15 104
OB12017-042019 5t. Joseph |Roca, Hebraska | WP 136 - MP 1965 |Track Geometry WP 196.284 - MP 196.34 2 0812017 - f0R0 | 047 08
136.288 {F] BS0FT-1B00FT | 6 Q12018 - 0512018 0.38 0.0
§ /2018 - 2018 | 047 05
3 1212018 - 0it201d 0.23 103
196.M1[C]  |Track Geometry WP 196.09- WP 196.05 | 16 |  0B:2017- 0112019 [ 0.09 03
300 FT-500 FT
22016 | St Joseph | Rocs, Mebrasks | MP136- MP 1365 |GPR Roca astramest Site | WP 196.284 - MP 13634 MEA|  5.318 6.842) 5.26315) 21094 355413 23.668
1500 FT - 1600 FT b11] 1056 10678 1.6216| 12.74d 15.13 i
HN 1 ] 2 1 8.1 X}
HAX 1 i 8 b0l [ 56.6
136.11{C)  |GPRRoca 1P 136.03 - WP 136.15 MEAN] 531 12.21] 6J05263] 15984  10.0736)  14.634
500 FT-500 FT $D | 0896 2.22%8| 1.2g6dS| 456 10.9695 5.592
HN i 1 3 B 3.6 B2
HAX i 15 8 A [1k] il

17 (F) indicates the fouling site while (C) indicates the control sites
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3.3.4 Comparison Between Track Geometry and Weather Data

Weather data, including soil moisture, average temperature, and amount of
precipitation was also incorporated with the TQI degradation data as show.ii Bel
rest of the other plots for six sites are shown in Appendix B.2.3. Observations made from
this EDA show that there is a lack of correlation in the relationship between linear
downward Track Geometry Data trend and nonlinear Temperature Data trend. Note, the
freeze/thaw does not appear to increase right profile 62 track geometry-teshort
increass in soil moisture do appear to have a latent effect on an increase as in profile 62,
as shown in a time frame from 01/2018 to 04/2018. There are few data points in this time
frame for both Track Geometry Data and Soil Moisture Data, so there is not enough
information to verify correlations in this case. If the Track Geometry Data were collected
per day, there would be an opportunity to verify the relationship between them.
Furthermore, the Rainfall does not appear to correlate with increased profilecé2 sin
rainfall keeps moving up and down throughout the year. Further analysis of this data will
not take place in the analysis portion of this research activity due to the limit of data
provided in applying machine learning. Machine learning cannot be applied the
Weather Data is collected every day while the GPR Data is collected every 6 months within
6 sites. Furthermore, there is no correlation between Track Geometry Data and Weather

Data as mentioned above.
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Figure3.16: Track Geometry Rate of Degradation Rprof62 Versus Weather Data
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Chapter 4
MULTIVARIATE LINEAR REGRESSION

4.1 Introduction

The encompassing purpose of this research was to create a machine learning model
that would predict the rate of degradation o@emajor test sites, encompassing four
extensive study zones in the mvigst United States on a major US Class 1 railrdae
previous step, EDA, showed some potential correlation relationships between the
parameters of the different inspections. For this analysis, the Multivariate Linear
Regression (MLR) analysis focused on the Rate of Degradations (Profiles) and GPR data
inspecions parametersdMILR helps us to understand the relationships among variables
present in the dataset. This will further help in understanding the correlation between
dependent and independent variables.
4.1.1 Introduction to Multivariate Simple Linear Regression

Linear Regression analysis is a statistical method that atlosvaserto examine
the relationshifbetween two or more variables of interest. A simple form of the linear
regression equation, with one dependent variable Y, and one ineperariable X, is

defined by the formula:

where;
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Y = dependent variable,
b = are the weights (or model parametevd)ere;
bO = intercept,

b1

sl ope coefficient (indicating the cha
unit),
X = independent variable
U = is an error term representing random s
included in the modg
4.1.2 Introduction to Multivariate Linear Regression

TheMultivariate Linear Regression Approach is quite similar to the simple linear
regression model we have discussed previously, but with multiple independent variables
contributing to thelependent variable and hence multiple coefficients to determine and
complex computation due to the added variables. Jumping straight into the equation of
multivariate linear regression,

Y= U oG+ boXo+ é X0 4.2

X1, X2€ , Xn. independent variable

by, b2€ ., bn: Slope Coefficients

U theintercept

n: the number of observations.
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4.1.3 Interpretation of Multivariate Linear Regression Model Figures

4.1.3.1Akaike Information Criterion (AIC)

When using regression models such as the Logistic Regression and Linear
Regression, the Akaikinformation Criterion (AIC) is a weléstablished measure for
evaluating the effectiveness of a statistical model. It is possible to utilize the AIC metric
for model selection since it compares the adequacy of the estimated model as presented by
(Akaike 1974). To meet either of these requirements, the estimated model must have a
likelihood function L with a maximum valu®&ote that an AIC of zero shows no loss of
information whereas a positive AIC indicates that some information has béemdba
negativeAlC valueindicatedess information loss thaapositive AIC
The following is a definition of the AIC:

The AIC is defined as:

0085 TREDE QA 4.3
Where
V - free parameters to maximize the probability that the candidate model has
generated the observed data.
L - the maximum likelihood for the candidate model i.
4.1.3.2 Root Mean Square Error (RMSE)

Thestandardleviationof theresidualss representetly theroot meansquareerror
(RMSE) (predictionerrors),andthe RMSE is anindicator of how spreadout thesedata
pointsare.In otherwords,it informsthe userhow closethe datais to the bestfit line. A

residualis simplythe error between a predictedalue and the actual valua.forecasting,
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andregressioranalysis,the root meansquareerror is frequentlyemployedto checkthe

accuracyof predictedor machinglearningmodels( Glen 2020).

RMSE = 4] 4.4

Where

RMSE - Root Mean Square Error

N sample size.

I T variabale i

yi T actual observation

« T predicted ( estimated) observation

4.2 Multivariate Linear Regression Models Results

4.2.1 Data Preparation and Calculation of Linear Regression

This activity is based on an extensive collection of track geometry and GPR data

collected over @awo-year period on a large US Class 1 railroad site in the Midwest. Data

from the manned Track Geometry Inspection Vihiof the Federal Railroad

Administration (FRA), measurements from the Automated Track Geometry Measurement

System (ATGMS), and ground penetrating radar (GPR) data from the manned Track

Geometry Inspection Vehicle are all included here-eisting test ises in and around the

Lincoln, Nebraskaand Kansas City, Missouri areas were used to collect theAtateted

previously, fom August 2017 to January 2019, a total of 1373 inspection files on two

railroad subdivisions were compiled, resulting in 1&ewion rundor the identified test

zonessimilarly, 17 inspection files from two separate inspection runs were included in the
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GPR datgStark 2019)put only resulted in 2 inspection runs for the designated test.zones
Each of the research zones was expandedl¢agih of 2600 to 2904 feetn order to
perform this analysjghe TQI and peak calculati@@gment lengthsvere cut down to 45

to 65 feetn length. As a consequence, 285 segments were origidelyified within the

four zones which rangedin length from 2640 to 2904 feet, for a total length of 11,088
feet. As shown in Table 4.1, the total number of study sites was decreased to &S anal
segments due to the presence of "unrealistic" track geometry values (i.e. geometry
condition "improved" with time but without maintenance) and/or maintenance actions that

were not clearly defined.

Table4:1: Expanded Analysis Segments

Zone Number of ane
(filtered)

Parkville MP920

Wal dron MP17 |36

Hi ckman MP19231

Roca MP196 (238

Tot al (11,088 125

For the test sites in Parkville, Roc a,
degradation for the Peak (minimum) profile
i's represented in Figure 4.1. | f wekcamsdi de
the vertical axis as the sl ope of the peak
segments where the Ball ast Fouling I ndex (
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decreases, t her e i s an increace afdefivhéetr a

el evated rates of profile or surface deteri
conditions in al/l four zones. Track sectio
that iIs in good copdiofi be,.dekgvadhowen r at e
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Figure4.1: Rate of Peak Degradation vs. GPR Parameters for Extended Zones
Parkville (a), Roca (b), Waldron (ejpd Hickman (d)
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4.2.2.1 Multivariate Linear Regression Model 4.1 and 4.2 Results and Interpretation
Using multivariate linear regression analysis, the following equations were derived
for the Rate of Degdation for the Left and Right rail profiles sepafgt(ROD). It is
important to note that the GPR unit utilized in these tests has three independent antennae;
the Left, Center, andRight antenna. Modeling left profile decomposition is done as a
function of the Left and Center Ballast Fouling Index (BFijl she Center Fouling Depth
Layer (FDL). Right profile deterioration is also modeled as a function of the Right and
Center Ballast Fouling Index (BFI) and the Center Fouling Depth Layer (FDL)
Rate of Degradation(LProf62_Peak)-6:036*BFI_LEFT i 0.097*BFI_CENTRAL +
0.177FDL_CENTRAL - 0.16 4.5
Rate of Degradation(RProf62_Peak} 0.0118BFI_CENTRAL - 0.08'BFI_RIGHT +
0.104*FDL_CENTRAL - 0.0996 4.6
Figure 42 illustrates the final behavior of the MLR model. In all parameters, the
rate of Profile deterioration increases as the Ballast Fouling Index (BFI) rises (the ballast
becomes more fouled). As the Fouling Depth Layer falls, so does the rate of profile
degralation for both parameters (smaller clean ballast layiévy figure shows that the
influence of BFI Right to Rate of Degradation for RProf62 is larger than themc#uof
BFI Left to the Rate of Degradation for LProf62 while keeping the BFI Cetdrakant
In addition, equation 8.shows that the BFI Right has more impact the Rate of
Degradation than BFI Centrand equation &.shows that BFI Central has more impact

onthe rate of degradation than BFI Left.
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Likewise, the influence of FDL Cerall onthe Rate of Degradation for RProf62 is
more significant than the Rate of Degradation for LProf62. Furthermore, equab@msi4.
4.6 show that the Fouling Depth Layer (FDL) paeten is more significant than (BFI)

paraméer. This is also confiredin the combined equation7below.

Rate of Degradation LProf62_Peak Rate of Degradation RProf62_Peak
as Function of BFI Left and FDL Central as Function of BFI Right and FDL Central
BFI Central fixed at 15 BFI Central fixed at 15
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(a)
Rate of Degradation LProf62_Peak Rate of Degradation RProf62_Peak
as Function of FDL Central and BFI Left as Function of FDL Central and BFI Right
BFI Central Fixed at 15 BFI Central Fixed at 15
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(b)
Figure4.2: Rate Of Degradation (ROD) Profile (peak) vs. Ground Penetrating
(GPR) ParameteBFI (a) and FDL (b)
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4.2.22 Multivariate Linear Regression Model 43 Results and Interpretation

Combining the Left and Right ROD Peak data points, using an aveafgaFI
and FDL values, results in a single equation for Peak Rate Of Degradation (ROD) as
follows:
ROD(Prof62_Peaks) .078BFI AVERAGE + 0.1956FDL AVERAGE - 0.18 4.7

The resulting model behavior is presented in Figdu@ below. As with the
individual Left and Right equations, this combined data set shows a similar pattern of
profile deteroration increasing in rate as the Ballast Fouling Index (BFI) increases
(becoming more severe or more negative) (the ballast becomes more fouled). As the
Fouling Depth Layer drops, the rate of profile deterioration rises (smaller clean ballast
layer). Theombi ned mod4Ilsrhionrwse g thaatti carher e are str
Aver age andohRDle AReaetreageef Degradation compar

4 .abnd.. 6

Rate of Degradation Prof62_Peaks
as Function of FDL Average and BFI Average

o

™
Qo

10 30~ sQ 70

ROD(Prof62_Peaks)
(inches/year)

Average BFI

— Average FDL= 6 (inches) 12 18

(@)

8 For Left Profile ROD peak data points, average of BFI Left and BFI cerdeff@h Left and FDL center
was used. For Right Profile ROD peak data points, average of BFI Right and BFI center and FDL Right
and FDL center was used. This gave a total of 250 data points for the regression analysis
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Figure4.3: Rateof Degradation (ROD) Profile (peak) vs. Ground Penetrating Radar
(GPR) Parameter8FI (a) and FDL (b)combined data set

In order to test the validity of the models, several observations can be made from
MultivariateLinear Regression Results Output which can be fonrfdgure4.4and Table
4.2 as follow. The rest ahe MLR model outputs can be found Appendix C
A Expected results are intuitive
- All models have low AIC valug but the combined model is peafed ove
amother model since it has the lowest AIC value484.2. Note that the
absolute value of the AIC value does not matter.
- In terms of accuracy as Model 4.3 has the least RMSE value as shown in
Table 4.2 below, so it outperforms other models
- Rate ofdegradation increases as a function of increasing BFI
A BFI right more significant than BFI center

- The ate ofdegradation decreases with increasing Ballast Thickness (FDL

right)
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- Results are not random
A The lower pvalue (p = 0 < 0.05) and a highevalue (t = 4.56 > 2) suggest that

FDL Averageis a very significant variable in predicting thete ofdegradation
while BFI Averagein this model seems to be insignificant with (p = 0.09 > 0.05).
This appears to be countetuitive and maybe suggests aed for additional
analysis. Thus, uk to the limitation of this approach, the other machine learning
algorithm such as Logistic Regression and Bayesian Linear Regressibrdm
employed in the following sections.

Table4:2: Root Mean Square Errors for Each Model

Models RMSE
MLR 4.1 0.065
MLR 4.2 0.068
MLR 4.3 0.048
OLS Regression Results
Dep. Variable: v R-squared: 2.837
Model: oLs Adj. R-squared: e.832
Method: Least sSquares F-statistic: 18.31
Date: Tue, 2@ Apr 221 Prob (F-statistic): 2.81e-28
Time: 16:85:28 Log-Likelihood: 245.1@
Moe. Observations: 342 AIC: -484.2
Df Residuals: 229 BIC: -472.7
Df Model: 2
Covariance Type: nonrobust
coef std err t P>|t] [@.e25 2.975]
const -8.1798 e.828 34 8.a22 -8.251 -8.1e39
X1 -2.877& 2.248 1.82@ 8.e22 -@,168 e.8132
®2 8.1956 2.e43 562 e.eee @.111 9.28@
omnibus: 279,578 purbin-watson: 1.588
Precb(omnibus): a.228 Jargque-Bera (JB): 3964 .82
Skew: -3,4867 Prob(JB}: a.82
Kurtosis: 18.171 cond. N 12.2

Figure4.4: Multivariate Linear Regression Model 4.3 Result
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4.3 Summary of Multivariate Linear Regression (MLR) Model

On a major US Class 1 railroad, six significant test sites were studied, comprising
four vast research zones in the midwest United States. Ballast conditions ranged from clean
and weltdefined layers tdouled ballast with low depths of clean, wdHaining ballast
considered in this study. More than two yéarsrth of tracking of the track geometry
parameters were performed on an almoasteekly basisGPR measurements were also

carried out on the railay during this perio@Zarembski et at., 2021).

Using Multivariate Linear RegressionMiLR) approab, a correlation between
severe geometry deterioration and GfBasured ballast metrissich aBallast Fouling
Index and Fouling Depth Layer was establisttedugh moded 4.1, 4.2 and}.3. Model
4.3is chosen to be the best model sinceutperforms modsl4.1 and 4.2n terns of

having the Root Mean Square Error of 0.048 which is less than 0.058 and 0.065.

Equation4.7 and statistical validationf the modeWl.3 show that there is a strong
correlation between degradation rates and subsurface conditiohsag-ouling Depth
Layer (FDL) and Ballast Fouling Index (BFI), but BFI is to be considessl significant
based on the validation outputtbe model, while FDL ia strong influence ttheratesof
degradationTo sum uptrack with good ballast condition, i.e. with low BFI values or high
FDL values, i.e., have lower rates of profile degradation, thus taking longer for the track to

degrade
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Chapter 5
LOGISTIC REGRESSION (LR) ANALYSIS

5.1 Introduction

The underlying goal of this portion of the research was to create a machine learning
model that would predict the probability that a given site within 300 feet will exhibit poor
performancebased on a certain threshold. The previous step, EDA, showed some potential
correlation relationships between the parameters of the different inspections. The logistic
regression (LR) analysis approach is a foHomvanalysis to the EDA perfoed in Chapter
4. The Logistic Regression analysis focused on the Track Geometry (profile) and GPR data
inspections parameters that emerged from the EDA analysis. Logistic Regression is
considered a useful technique to develop a probability relationshvwed®ain independent
variable, in this case, track profile, and multiple dependent variables, in this case, GPR
measured values
5.1.1 Logistic Regression Analysis Method

Logistic regression is a popular approach in statistics, data science, and
engineering. Itis frequently used to categorize data into one of two populations and applies
to both discrete and continuous variables. A discrete variable is often referreddinary
classification variable. Pass or fail, defect or correctness, and yes or no are some examples.
Continuous variables, on the other hand, have an unlimited number of observed values and

are utilized
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in logistic regression to predict the value aiscrete variable. In other words, when the
dependent variable is dichotomous, logistic regression is the proper regression strategy to
use (binary)Logistic Regression, like other regression studies, is a predictive analysis.
Logistic regression is a datanalysis technique that is used to define and explain the
connection between one dependent binary variable and one or more nominal, ordinal,
interval, or ratielevel independent variables. (Afifi et. al., 201Zhe basic form of the

logistic regressiofunction is:

1 \

n o - e 5.1

Where
Pz = probability of occurrence
e = 2.71828 (mathematical constant)
U = logistic regression constant
bn = logistic regression coefficients
Xn = independent variables
5.1.2 Database and Calculation of Logistic Regression
The most important aspect of creating a model is selecting the right collection of
parameters thamhay be related to the model's properties. As a result, the creation of training
datasets is an essential step before constructing the statistical application method. The first
dataset preprocessing steps includes loading inspection data files into Bgbe.on a

knowledge of the tracking behavior and the findings of the EDA, the second step is to

choose particular characteristics from each inspection and time series that are of interest.
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Preprocessing procedures such as aligning the inspections tieg skeaning data files,

and exporting them into the analytic program can be used to build new linked dat&frames
Note that the October 2017 track geometry run sample was chosen out of 18 inspection
runs in Hickman site as a sample for this analystabsge it was a "worst case" profile
condition that has the lowest peak value and the highest SD (standard deviation) value
determined during the EDA. Furthermore, June 2018, December 02, 2018, and December
07 track geometry runs were chosen for woesteprofiles in Roca, Parkvilleand
Waldron Sites respectivelyrack Geometry from November 2017 and the GPR data from
FRA Trackbed Inspection Report were the two main data sets used for Logistic Regression
analysis. The Track Geometry data was represent&dgure5.1 below while the GPR

data representation can be founcChapter 2.4.2

St.Joseph - Hickman Site MP192
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Figure5.1: Right Profile Measurement (62 ft chord) Hickman MP 192
(Inspectionfrom 10/2017)

19 python was used as the analysis safav
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Note, the track geometry data is recorded on foot by foot basis. In order to use the
profile data as part of the LR process, the profile defects are defined as defect values that
exceed a preefined thresholdwhich usually varies with speed and type of traffic (e.g.,
passenger or freigh¢(¥'urlov 2018).The "worst" scenario profile measuremsatnple of
theHickman Siten Figure5.1 was used to designatedefect in the analysis reported in
this part, wher¢he profile valueof RProf62exceeded 0.4 inchésee Table 5.1)A margin
number for the RProf62 conversion was determined by defithiegbsolute valueof

RProf62 since the dependant variable in a Logistic Regression model must be categorical,

l.e. binay.
Table5:1: Defect Definition by Absolute RPRrof62 Value
Criteria with Threshold Interpretation or Value Represent in Datas
Conclusion
>0.4 Defect 1
00. 4 No Defect 0

5.1.4 ROC Curve for Logistic Regression Model Validation

A Receiver Operating Characteristic (ROC) curve that has diagnostic capabilities
of the binary classifier system as its discrimination threshold is adjusted in a graphical
representation. Accompanying AUC analysis ie o the validation procedures utilized
in this study, which examines how near the ROC curve is to the figure's upper left corner.
This also results in a larger AUC, which means that the model is more ac8&iraight

45-degree lines in ROC plots reprasdUC of 0.5, which means that a coin toss has the
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same accuracy of prediction as a ROC plot with the straigbdedfee AUC lingYurlov

2018.

Thereliabilty of the testmay be gauged by looking at the test's area under the curve,
which can range from® 1. Unreliable tests have AUCs less than or equal iovD&reas
accurate tests have AUCs of 1.0. According to Tak?e AUC and diagnostic accuracy

are related in a similar wasimudic 2209).

Table5:2: Relationship Between AUC of ROC and Diagnostic Accuracy
(Simudic 2209) (Yurlov 2018)

Area Diagnostic
Accuracy

0.97 1.0 excellent

0.87 0.9 Very good

0.71 0.8 good

0.67 0.7 sufficient

0.57 0.6 bad

<0.5 test not useful

sensitivity
\
\
5
\

1-specificity 1

Figure5.2: ROC Curve Interpretation (Simudic 2009) ( Yurlov 2018)
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Using the "Confusion Matrix" approach, the validation procedure works as follows
Models are initially built using the complete training dataseickvis subsequently divided
up into smaller sections. Finally, the model is applied to the datasets that have been
partitioned. Finally, a 2x2 matrix is formed by comparing expected and actual observations.
As shown in Figure 4.4, the resultant table digpl the number of right and wrong
predictions made using the reference d@anudic 2209) (Yurlov 2018).

Table5:3: ConfusionMatrix Validation Example (Yurlov 2018)

Reference
Predicted Event No Event
Event A B
No Event C D

5.1.5 Positive Predictive Value (PPV) and Negative Predictive Value (NPV) for
Logistic Regression Models Behavior Comparison

The Positive Predictive Value (PPV) and the Negative Predictive Value (NPV)
both describe the prediction behavior of the models. This is due to the fact that the
calculations are being completed using the validation process data of the Cokfaisign

The PPV and NPV present statistics and diagnostic tesite ohodelgYurlov 2018).

Equationss.2to 5.5 below define PPV and NPV, as well as theitculations and

their differences between the compared models.

Positive Predictive Value (PPV)§= 52

aPPV =PPV ¢ oot PiR ¥ra 5.3
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NegativePredictive Value (PPV) % 54

NPV = NPV ¢ oot NP ¥oa 5.5

5.2 Logistic Regression Models Results

This activity is based on advanced approach that includes analytics in the form
of logistic regression to develop relationships within multiple data dedgistic
Regression mod& included herein to provide a direct comparison to the previous research
(Yurlov 2018) before further inclusion of additional data, and application of more
advanced analytic approachésn awareness and study odilroad track engineering
influencedthe selection of the variables utilized in thmodel in addition tothe EDA

findings

When more than anexplanatory variable is present, odds ratios can be calculated
using logistic regression. The approach is quite similar to multiple linear regression, except
that a response variable is a binomial numi§8perandei 2014)n this way it can be
observedow each variable affecteechance of seeing a certain outcome. The key benefit
is the elimination of confounding effects by a comprehensive examination of the

relationships between all variablg&perandei 2014).

5.2.1 Logistic Regression ModeP(abs(Rprof62)>0.4 = f (BFI R, BFI C, FDL R)

This section illustrates the complete application of the Logistic Regression
approach to track geometry and GPR data collected from sites in St. Joseph Subdivision
Class 1 BNSF freight railroad such as Hickmate,3MP 192.5 to 193, Roca Site, MP 196

to 196.5, Parklle, MP9.6 to MP10.10 and Waldron Site, MP16.95 to MP 17.45. The
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metrics included in the GPR inspection data were the Ballast Fouling Index (BFI) Center
and Right, as well as the Fouling Depth LayeDi) Right Theanalysisconsisted of the
following six parts:
1. Data preparation.
2. Logistic Regression model results and interpretation.
3. Logistic Regression model results: Receiver Operating Characteristics (ROC) curve
4. LogisticRegression model results: Confusion Statistic
5. Model sensitivity analysis.
6. Model validation.
5.21.1 Data Preparation

From August 2017 to January 2019, a total of 1373 inspection files on two railroad
subdivisionssuch as St.Joseph and Crest@necompiled, resulting in 18 inspection runs.
In all, 17 inspection files from two separate inspection runs were included in the GPR data
(Stark2019)The analysis used the Aworst caseo tr
measured over a @dot chordfrom the track geometry inspection data) as mentioned in
section 5.1.2The final independent variable parameters selected from thanspéttion
data were; BFI Center (BFI C), BFI Right (BFI R) and FDL Right (FDL R) which does not
only show the strong correlations to track geometry data but also used from previous
research. By matching mileposts and taking into account varied datairgamgies, a

common dataset used in logistic regressiascreated.

As previously stated, the GPR data was received as an image file and was manually

digitalized for examination. The BFI and FDL data were sampled at a rate of 16.7 feet for
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each measuremgnso each needl to be split intoa foot by foot measurement
corresponding to foot by foot data measurement from track geometry data. &his is
important step in settingp the Logistic Regression since missing values can cause the
model to behave impperly.

As shown in the Logistic Regression Model graphical formula Equation 5.6 below,
the resultant Logistic Regression model is forghebabilitythat the RProf62 exceeded a

value of 0.4 inches ("defetitireshold) as a function of BFI C and BFI R aiR®L R.

5.21.2 Logistic Regression Model Results and Interpretation
As noted, Logistic regression is a binary classification algorithm that develops a
probabilistic relationship o& binary event as a function of one or more independent
variables. This analysis defined the probabilistic binary event (dependent variable), and
independent variables, as follows:
1 Probabilistic binary event (dependent variable)
o Right profile 62
A 1 if Right Profile 6200 . 4 0
A 0 if Right Profile 62<0 . 4 0
1 Independent variables
o BFI Right, BFI Center, FDIRight
Thus, for the data within the fouled Hickman site, a relationship is sought according to the
following relationship:

P(abs(RProf62) > .4) #BFlcenter,BFIright,FDLright] 5.6
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Utilizing the data and the conditions defined above results in the following logistic equation

which returns the probability of a Right P

P e AT m8ruzt &ai o X &t FW P& Soeceo
J Yo AT 18zt &a o X7 &)ce® #& Speceo

The particulars of the analytic results are showhahle 5.4 below:

5.7

Table5:4: Logistic regression results

Logit Regression Results- Threshold >0.4

i Ne.
Dep. Variable: v Observathons: 2641
Maodel: Logit D Residuals: 2637
Method: MLE Df Model: 3
Time: 16:0344 Log-Likelilwood: -836.56

T nonrobust LLE p-value: 4 28E-36

Type:
coef =ud err z P=|z| [0.025 0.975]
intecepr -2.33 0.473 -1.43 0.133 -1.602 025
BFI center x1 0.079 0.038 -5393 0 0282 -0.131
BFI nght =z 0259 0.007 0.663 0.507 -0.002 0012
FDL center x3 -0.60% 0.008 3.991 0 0.016 0.048

In order to test the validity of the model, several observations can be made from 5.4 as

follows:
A Expected results are intuitive
I Probability of havi ng functignrofontreabinrg f d e f «
BFI
A BFI Right more significant than BRTenter
I Thep obability of having a profile HfAc
Ballast Thickness (FDRight)
A According to the #est, there is a strong likelihood for a relation between BFt righ

and target variable abs (RProf62)>0.4
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A The ®st suggests that BFI right is a very significant variable in predicting the
variable abs(RProf62)>0.4 ( profile defect)
5.21.3 Logistic Regression Model Receiver Operating Characteristic (ROC) curve
Another measure of model validity is the receiver operating characteristic (ROC)
curve shown irFigure 5.3which shows the true positive rate versus the false positive rate.
The blue line is the model result. The red dashed limeismod el t htathaprcedi ct
and as such is not a discriminating mod€he larger the area between the blue line and
the red line, the more accurate and valid the model. This result shows a relatively good

modelwith AUC of 0.81.

Recerwver Operating Characternistic

ve Rate

True Posr

04 1 & o8 ]
False Positive Rate

Figure5.3: ROC Curve for Logistic Regression

5.21.4 Logistic Regression Model Results: Confusion Matrix Statistics

A confusion matrix (Se€able 5.5)can be prepared by applying the model to the
actual input data and comparin@gainst the actual results. While the results show a
relatively high overall accuracy (85.6%), there are a number of false positives and false

negatives. This is due to the highly unbalanced data set, i.e. the majority of the
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measur ement s Handlmg thissuhbalancet data will be addressed

Chapter 6.

Table5:5. Confusion matrix

Predicted 0 | Predicted 1 Accuracy
Actual 0 2044 53 85.6%
Actual 1 280 17

5.21.5 Logistic Regression Model Results: Sensitivity Analysis

TheLogisticRegressiorEquation does, however, provide a valid starting point for
understanding the relationship betwéleaprobability of a right profile 62 measurement
e X c e e d i2hag a iihctidnBFI right, BFI center, and FDL. A sensitivity plot was

generated (& Figureb.4) using the resulting ogisticRegression equation. Since the site

was influenced least by BFI center, the sensitivity graph was generated holding BFI center

constant &t the mean value within the site) varying BFI right and FDL, and determining

the resulting probability. This figure clearly shows the increased probability of a Profile 62

exceedance when BFI right increases and FDL decreases.

20Not e t hat

the equation

i's only

v al

i d

for

developed for other limits, and Task 4 will evaluate developing a more robust equation

with limit as an input.
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Figure5.4: Probability Equation Sensitivity Plot for Hickman

5.21.6 Confusion Matrix Comparison for Sites ( RProf62)

In order to compare this approach to the previous resebatie 5.6 showshe
coefficientsfor the two logistic regression models, one for high speed rail on Amtrak
(previous research study) and one for the current heavy freight rail data (Hickman). Note
that the accuracies are similar and that the coefficients for the FDL (BLT for Amtrak) BFI
Center are also similar. Of particular interest is that the coefficient for BFI Right is more
than two times greater for heavy freight rail than Féglked rail. However, it is not clear,

at this time, if this is due to the difference in GPR measuremstersyg usezil or in fact

21Two different GPR measurement systems werd tmahe two tests, which had notably

different shoulder antennae configurations/analysis algorithms, but similar center antennae
configuration/analysis.

115



the data is suggesting that the effect of ballast fouling on the shoulder is more significant
in the formation of a right profile exceedance when it occurs under heavy axle loading.

Table5:6: Logistic Regression Coefficient Comparison

Threshold > 0.4

Amtrak Hickman MP 192
BFl Center 0.04 0.054
BFI Right 0.18 0.476
BLT Center or FDL Center -0.92 -0.86
Intercept -4 98 -2.144

Accuracy _ 85.60%

A comparison of the output results of the two studies is shownT&ae 5.7)in

the confusion matrix comparison for a localized siteasfmilar length. Note the very low
falsenegative rate for the Hickman site, 4 predictions of negative (0) out of 11 positive
observations.

Table5:7. Confusion matrix comparison

Confusion Matrix
Threshold > 0.4
Testing Prediction

Hickman Predicted O Predicted 1

MP 192 Actual 0 213 29
Actual 1 4 7

Amtrak Actual 0 396 11
Actual 1 54 2

Logistic regression models were developed for all four fouling sites using three

exceedance thresholds (0.406, 0.60, and O0.

with their relative accuracies ifiable 5.8 The correspading confusion matrices are
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presented ifable 5.9 Note that the very high accuracies are associated with models where

no exceedances exist, thus, accurately predicting a negative outcome. In some cases, the

lack of exceedances results in coutitguitiv e

due to the imbalance in the data and its effect on the Logistics Regression analysis

coef fi

ci e

nt s, e .

Table5:8. Logistic regression coefiients for all four fouling sites
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Threshold
=04
Amtrak|Hickman MP 192 |Roca MP 196 Waldron MP 17 |ParkVille MP 9
BFI center 0.04 0.054 0.08 0.0296 0.15
BFI right 0.18 0.476 0.26 0.05 3.64
BLT center or FDL center| -0.92 -0.86 -0.61 -1.3 -4
Intercept -4.98 -2.44 -2.13 -3.51 -2.82
[ 86.57%] 85.60%  8826%[  osssw[  89.30%
> 0.6
Amtrak|Hickman MP 192 (Roca MP 196 Waldron MP 17 |ParkVille MP 9
BFI center 0.45 0.33 0.09 -0.11
BFI right 0.65 0.21 -0.06 0.13
BLT center or FDL center -0.88 -0.39 -1.266 -3.67
Intercept -4.25 -3.16 -3.2 -4.03
00.03%|  0454%[  07.00%[  0583%
=09
Amtrak|Hickman MP 192 |Roca MP 196 Waldron MP 17 |ParkVille MP 9
BFI center 0.447 0.0733 0.12 -0.11
BFI right 0.614 0.08 -0.27 0.11
BLT center or FDL center -0.155 -1.045 -1.5 -1.5
Intercept -5.04 -4.44 -5.22 -4.25
08.570%]  907.65%|  98.50%| . 98.30%|

g .

f

0]



Table5:9. Confusion matrix for all four fouling sites

Confusion Matrix
Threshold = 0.4 Threshold = 0.6 Threshold = 0.9
Predicted 0 |Predicted 0 |Predicted 0 |Predicted 0 |Predicted 0 |Predicted 0
Hickman |Actual 0 1962 53 2174 18 2279 0
AP 192 |Actual l 280 17 120 0 33 0
Roca Actual 0
MP 196  |Actual 1
Waldron |Actual 0 2222 15| 2381 2444| 0]
MP17  |Actuall 7| 107 44| of
ParkVille |Actual 0
AP O Actual 1

Sensitivity plots for the three remaining fouled sites for a Profile 62 threshold of

0. 46

coefficientsshown inTable 5.8, shovsimilar behavior for each site, with variations in

ar e Appehdxvidd.2 These figures, as expected from the variation in

severity. This is a result of the models currently beingsgeific.Note that the Summary

Output for Models in Walron and Panklle Sites are not presented since GPR Data has
minimal tonoimpacton the probability of track geometry defect in case of threshold 0.4.
In cases with threshadd.6 and 0.9, these sites show the inappropriate behaviors in terms
of increasng BFI cause decreasing to track geometry defect and increasing in FDL cause
increasing to track geometry defethis leads to another analysis method in Chapter 6
that predicts the rate of degradation for all sites instead of focusing on predicting the

probability of track geometry.
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Chapter 6
BAYESIAN LINEAR REGRESSION ANALYSIS

6.1 Introduction

This chapter presents a hybrid analysis of emerging andestalblished data
analysis techniques consisting of Multivariate LinBagression and Bayesian Statistic
together with a corresponding Bayesian Linear Regression (BLR) will be discussed below.
Bayesian Linear Regression is a useful technique to simplify model interpretation and
guantify model uncertainty. This section alsmpdes a Bayesian Linear Regression
technique for spatiotemporal track geometry defect prediction. When compatieel to
accuracy of frequentist models, the experiment indicates that Bayesian Linear Regression
modeling can be trained on tiny data sets tangjfy model uncertainty and anticipate
defect accurately(Mostafi 2021).
6.1.1 Bayesian Statistics Review

Bayesian statistics is a mathematical technique that uses probability to solve
statistical issues. It allows individuals to adjust theaws according to evidence of the
new data. Data and previous knowledge or assumptions about an event or its conditions
are used to calculate the conditional probability of an occurrence. The posterior probability
may be calculated using Bayes' theorenmi¢l is the revised probability of an event
occurring after taking into consideration new information). By recalculating the prior

probability, we arrive at the posterior probability. Probability based on present information

is known as pre&xperiment proability. (Alietal,2 014 ) . Bayesd theorem

Equation 6.2 below:
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P(A|B) =P(BJA) * P(A) P(B)/P(B) 6.2
where;
P(A) is the probability of event A occurringlso known as the prior probability.

P(A|B) is the conditional probability of event A occurring, given that B is true. This is the
posterior probability due to its variable dependency on B. This assumes that event A is not
independent of B.
P(B|A) is tie conditional probability of event B occurring given that A is true.
P(B) is the probability of event B occurring.
Bayesian methods can be a useful tool that helps researchers move beyond hunting for
statistical significance and instead focus on otlsgreets of statistical models such as
prediction, model fit, data visualization, and uncertainty
6.1.2 Bayesian Linear Regression Analysis Method

Bayesian linear regression provides a valuable strategy for dealing with limited
data, or data that is novenly distributed. Priors can be applied to both the coefficients
and the noise, allowing the priors to take precedence in the absence of data. Bayesian linear
regressions usually aske@vhich portions of the data fit it confidently, and which parts are
unsure (perhaps based entirely on the priors). In the Bayesian perspective, probability
distributions are used to formulate linear regression. Assumed to be selected from the
distribution, y is not a single number. Sampled from a normal distribution, apesin
Linear Regression model is given by (Koehrsen 2018)

yDN( BX, 2Dd 6.3
yDN (15X 1+ K€ + BXn, + 20 + 0 6.4
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The equation 6.3 above is generated from a normal distribution characterized by a
mean and variance. Weight matrix transposition multiplied by predictor matrix yields the
mean for linearegression. In order to get the variance, the square of the standard deviation
multiplied by the identity matrix was calculated. by the identity matrix. with the assumption
that the errorgi, are independent and identically distributed as normal randorables
with mean zer o ah(&oelrsem2618)arhig assuraption & the samei
as in the classical inference case for testing and constructing confidence intervals
for Uandb, so equation 6.4 was written in a Rovatrix way for a more uretstandable
approach.

The goal of this machine learning algorithm is to update the distributions of the
unknown parameterg] b, and(?, based on the data,yi,E xnyn, whereU is the
intercept,b is thecoefficientandn is the number obbservations.

For this research, it is assumed that both the response and the model parameters come from
a normal distribution. The model parameters' posterior probabilities depend on the inputs
and outputs of the training procdgoehrser2018)

P(bDyP(XI B, X) * P(b| X935/ P(y]

He r e ; X)Pig the| ppsterior probability distribution of the model parameters
given the inputs and outputs. This is equal
by the prior probkility of the parameters and divided by a normalization constant
(Koehrser2018)

Posterior = (Likelihood Prior)/ Normalization 6.6
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Model parameters can be included in our model if we have a good idea of what they
should be.Norrinformative priors, such as a normal distribution, can be used if no
estimations are available in advance. Regression results in a distribution of model
parameters depending on the data and the prior, and this distribution is called posterior This
enaltes us to quantify the model's uncertainty. The posterior distribution will be more
dispersed if we have fewer data points. As the amount of data points increases, the
likelihood washes out the prior, and in the case of infinite data, the outputs for the
parameters converge to the values obtained from ordinary Least Squares(KokeSjsen
2018)

6.1.3 Bayesian Linear Regression Implementation and SetUp

Specifying priors (Normal family in this analysis) for the model parameter is the
primary method forimplementing Bayesian Linear Regression (BLR). Secondly, the
training inputs and outputs should be mapped out in a model. Finally, BLR is possible to
pull samples from the posterior distributions of the parameters by using a Markov Chain
Monte Carlo techmjue (Ali 2014).

Since the limited data points used for this seatverecollected from 108 segments
(108 data points) for profile and 114 segments (114 data pdonsjrosslevel, the
posterior distribution is more spread out. The taethis implementton is to increase the
number of data points that increase the importance of the data probability over the initial
estimateWhen very large numbers of data points are available, the mean of the posterior
probability distribution for the model parametemverges to the values obtained using

linear regression. For continuous variables, it is intractable to estimate the posterior
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distribution (Mostafi 2021). To overcome this issue, sampling methods like Monte Carlo
Markov Chain (MCMC) are used to draw sde® from the posterior probability
distribution to approximate the posterior. MCMC is conducted usingyNairn Sampler
(NUTS) which is employed in our methods to produce samples from the posterior
distribution. In comparison to the usual Gibbs sampler,NWTS method may explore
high-dimensional distributions, resulting in improved convergence. One of the primary
characteristics of NUTS that makes it a strong choice for our model is its avoidance of the
random walk while samplingAutomated parameter twidag is another significant aspect
of NUTS. When tweaking parameters in NUTS, we must provide two values. The first step
is to determine the step size and the number of steps L in each chain. It is more efficient to
accept and reject generated samples witing step size. NUTS generates samples from a
complex distribution that are enough to estimate the optimal posterior, even though the
rejection rate is larger than that of the Gibbs sampler (Mostafi 2021).
6.2 Bayesian Linear Regression Results

As noted previously explanatory spatiotemporal components can be used in
regressiorbased modeling to predict track geometry defecthe rate of track geometry
degradation as a response variable. Bayesian inference is preferred to the frequentist
techniqe because of its advantageace the Bayesian processing recevee whole
range of inferential solution®Vith the use of Bayesian inference, this work provides an
easyto-understand Bayesian linear regression model for spatiotemporal track geometry
defect and rate of degradation predictightostafi 2021) Furthermore, root mean squared

error (RMSE)is used to evaluate the model. BayediamearRegressioomodeling proved
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that it may be trained oafew data sets to quantify model uncertainty and gdtel the
rate of degradation without sacrificing interpretability and accuracy in cosopdo the
frequentist technique (Mostafi 202BLR considers various plausible explanations for
how the data were generated. It makes predictions using all passibéssion weights,
weighted by their posterior probability

6.2.1 Bayesian Linear Regression Modefor Rate of Degradation of
Profile_Peak_Rate

This section presents the full application of the Bayesian Linear Regression method
on trackgeometryfocusing onthe rate of degradation datReaklast measurementand
GPR data fronClass 1BNSF freight railroad.The GPR inspection data included the
parameters: Ballast Fouling Index (BFI) Centaaft, andRight andFouling Depth Layer
(FDL) Center, Left and RightThe analysis consisted of the followifige parts:

1. Data preparation.

2. Bayesian Linear Regression Model 6.1 Posterior Probability Distribution
3. Bayesian Linear Regression Model Results: Sensitivity Analysis

4. BayesiarLinear Regression Model 6.1 Test Observations

5. Forecastingf Future Maintenance Events

6.2.1.1 Data Preparation

Similar to the data preparation in Chapter 4, the TQI and peak calculation segments
from 4 major zones for the profile were reducenhtividual segement lengths bétween
45 and 65 feet with a total of 103 analysis segments. In addition, this clelq@erito

accounftcrosslevel (using ClviRate?) which has TQI and Peak calculation segments that

22 clvIRate data is calculated based on the Cross-level data subtracting its mean (mean removed)
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were also reduced to between 65 feet in length with the total number of study segments
being 108 shown in Table 6.Each dataset is divided into the trami(v5% data) and

testing (25% data) sets. The training and testing datasets are generated at random using a
random state generator?88The model runs on Google Colaboratory using 12 GB Ram in
Intel(R) Xeron(R). Note that changing the random state didaffett the result of the

model. The parameters used for two modetsummarized irmable 6.2 below.

Table6:1: Expanded Analysis Segments for Profile and ClviRate

MNumber of analysis |Number of analvsis

Zone segments Profile segments Crosslevel
Parlcville MPS (2904 feet) (20 23
AT 2 r
aldron MP17 (2904 30 32
feet)
Hicloman MP192 (2640 26 11
feet)
Foca MP196 (2640 feet) |27 33
Total (11 088 feet) 103 119

Table6:2: Parameters Used in Bayesian Linear Regression Models

Used Parameters

Profile ChiBate
Dependent Independent Dependent Independent

Peak Last Measure Peak Last Measure

FDL_LAYER LEFT RIGHT FDL_LAYER _LEFT

. : Rate of -

Rate of Degradation |FDL_LAYER_CENTRE 5. aa:ﬁm FDL LAYER_CENTRE

Profile_Peakk_Rate |[BFI LEFT RIGHT = FDL LAYER RIGHT
CrosslevelRate

BFI_CENTRE BFI_INDEX_LEFT
BFI INDEX CENTRE
BFI_INDEX RIGHT

23 The random state assures the reproducibility of the splits prdd@gthon- Scikit-learn generates the
splitsusing random permutationShanging the random state did not affect the result of the model.
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As shown in Table 6.2 above, the resultant Bayesian Linear Regression models
are for the rate of degradation (Profile_Peak Rapeyoximatessa Normal
Distribution ofa function of FDL_LAYER_LEFT, FDL_LAYER_CENTRE,
BFI_LEFT_RIGHT, and BFI CENTRE and the rate of degradation (CrosslevelRate)
approximateas aNormal Distribution of dunction of FDL_LAYER,

FDL_LAYER_CENTRE, FDL_LAYER_RIGHT, BFI_INDEX_LEFT,
BFI_INDEX_CENTRE, and BFI_INDEX_RIGHT. The model parameter will be
discussed in the sections below.

6.2.1.2 Bayesian Linear Regression Model 6.1 Posterior Probability Distribution

Figure 6.1 below shosithe approximations of the posterior distributions of model
parameters in estimating the dependent parameters such as Profile_Peak Rate. These are
the result of 4000 steps of NUTS, meaning the algorithm drew 4000 steps from the
posterior distribution. Th&uning steps are specified as 1500. Thenmunicatingchains
(2 chains)executing theNUTS method have the potential to explore the parameter space
better, and conceivably accelerate the convergence to the final distribution as well as
reduce the bias th#te linear regression model encounters.

The Peak FDL and BFI numbers represent the Ordinary Least Square (OLS) that
was used to estimate parameters in a linear regression model. Unlike Linear or Logistic
Regessiom Approaches. there is a range of poténtidues for the model parameters in
addition to the mean, which is used as a single point estimate. There will be a decrease in
this range as the number of data points increases, showing that the predictions of models

are more accurate.
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In Figure 6.1,Thelower bound is the value on the normal curve's horizontal axis that is
farthest to the left where the coefficient of intercept eqifals while the upper bound is
the rightmost number on the nor mal curvebod
interceot equals 0The mean of a posterior probability distribution is considered as the best
estimate of that parameter in the model.

Posterior probability distributions of model parameters are shown in Table 6.3. For
each associated parameter, the mean vafypessent the most reliable estimates. In terms
of data probability, Standard Deviation SD reflects the degree of uncertainty in predicting
the rate of degradatiofMostafi 2021).The uncertainty of the model will be reduced if
sample size igcreasd. The highest Posterior Density (HPD) interval® @ercent and®
percentare used to describe the model's most plausible ranges of parameter values. Model
parameters may be gauged by looking at the upper and lower bounds of HPD limits and
standard deviatioote that the coefficient for the Peak Last _Measure is bigger tean th
rest of the coefficients of other paremrs. It shows that the Peak _Last Measurment has a
strong influenceon the rate of degradationTo forecastthe Profile Peak Rate of
degradation in this research, the Peak Last Measurement is set to 0, toefisettiod

GPR Dataonthe track geometry rate of degradation.
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Figure6.1: Posterior Probability Distribution With The Mean Estimation Result

6.2.1.3 Bayesian Linear Regression Model ResultSensitivity Analysis
As noted previously, the Bayesian Linear Regression analysis was used to develop
rate ofdegradation distributions for both Profile (peak) and Ctaseel (peak) for the 110

segment¥ across four test zones. These distributions were then used to map both the

ntercept
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24 For the case of profile, left and right profileere used separately to give the equivalent of 250

segments, since the model does not show relationship between the GPR data to the rate of degradation,

the choice of 103 best segments were used for this analysis

128




ifimeano rate of di stribution and theancorres

The resulting equation for the rate of profile (peak) degradation was

y = R(Profile Peak_Rate) ~ N(0.3885* Peak_Last Measure
+0.0019*FDL_LEFT_RIGHT+ 0.008*FDL_CENTERD.0017*BFI_LEFT_RIGHT +
0.0034*BFI_CENTREO.152*Intercept + 0.0086* SD) 6.8

where

y = Profile (peak) rate of degradation

Peak Last Measure = last measured peak value, either Left or Right profile
FDL_LEFT_RIGHT = Free Drainage Layer, either Left or Right (but consistethtadli

other leftright parameters)

FDL_CENTER = Foulig Depth Layer, as measured by the center antennae
BFI_LEFT_RIGHT = Ballast Fouling Index, either Left or Right (but consistent will all
other leftright parameters)

BFI_CENTRE = Ballast Fouling Index, as measured by the center antennae

SD = Standard deviain in the data likelihood that shows uncertaintytlie rate of
degradation

Figures 6.2 a and 6.2 b show the results of this model and the sensitivity of the profile
(peak) rate of degradation to the two key GPR paramBgdiast Fouling Index (BFI) and
Fouling Depth Layer (FDL). These figures are based on a 0 inch Peak Last Measurement,

i.e. no immediately previous profile deviations.
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Profile Rate Sensitivity With Last Measurement = 0
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Figure6.2: Profile Rate of Degradation as Function of BFI and FDL
(Peak last measure =@y 2D plot(a) and3D plot(b)
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6.21.4Bayesian Linear Regression Model 6.1 Test Observations
In order to show the effectiveness of the BLR model, a few simulatiensun.
The acticipated valug from the results of simulatioase then compared to actual values
To construct the probability density function for Profile_Peak_ Rate, the actuas\ailue
the model parameters of a test observation were applied in EqGatidintest observation
in the testing dataset is represented by a collection of values that corresponds to the value

for each attribute as depicted in Equation 6.8.

Figures 6.3(a) ah6.3(b) show that the estimation of model value is quite close to
the actual value. For the worst case scenario, the predicted Profile_Peak Rate has a value
of -0.95 inchesl/year that is close to the actual valud.dfinches/year (86% accuracy in
this ase). While for the moderate case scenario, the predicted Profile_Peak Rate has a
value of-0.3 inches/year that is close to the actual value @B8 inches/year ( 79 %
accuracy in this case). The model seems to predict the severe rate of degradasion cas
better than non_severe casks.support the model's accuracy, the model's predicaon
provide a range of values other than the mean. It is also shown in Figuteatthe
accuracy of the modelnbe estimated using various percentages such as®3% and
50%. (the mean estimate). Since the accura@®% and the RMSE is determined to be
0.063, this shows that the model workffectively. BLR outperforms MLR in terms of

accuracy and simplicitgnd flexibility, thus it's a wirwin situation.
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6.2.1.5Forecastingof Future Maintenance Events

Figure 6.5gresents the results of a projection of the profile (peak) degradation to
a defined threshold (profile peak threshold-®finches) for a track segment with low
moderate ballast fouling condition and a good clean ballast (8ydr= 13.5, FDL = 10
incheg. Starting from a 0 profile condition, this Figure shows that it takes approximately
10 years to reach the threshold based on the mean rate of degradation, as determined from
the Bayesian Linear Regression (blue line). If the 95% confidence level araregé
line) is used, it takes approximately 6 years to reach the maintenance threshold.
However, if the ballast was more significantly fouled with a reduced clean ballast layer, as
illustrated in Figure 6.5b (BFI = 20, FDL = 6.5 inchatjakes approxirately 2 1/2 years
to reach the threshold based on the mean rate of degradation, as determined from the
Bayesian Linear Regression (blue line). If the 95% confidence level curve (orange line) is
used, it takes approximately 2 years to reach that maintertaresholdNguyenet al.,
2022).Note that the facasting models applied the constant rate of degradation instead of
usingthe inconstant rate of degradation which calculates changing of rate of degradation
for next days througtherecursive methodl'he recursive method could not be used here
since models results ithe new unrealistic rate of degradations and Last Profile

Measurement.
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Figure6.5: Projection of Profile rate of Degradatiorr allast Conditions with Variance
Moderate (a) Worst (b)
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