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ABSTRACT

Railroad infrastructure Reliability, Availdly, Maintainability, and Safety
(RAMS) is crucial in rail traffic operation. One of the approaches for improving the
RAMS of railroad track assets is by enhancing either: inspection methods, or analysis
methods followed by proper éime action. Late, oinappropriate action will reduce
RAMS by a reoccurrence of old defects and amplification (escalation) of new
occurred defects. Besides, it will make maintenance works expensive, ineffitient
unavailablerack and less safe for the users and thosendrthe track.

This dissertatiorwas basednresearctsponsoredby the Federal Railroad
Administration (FRA), which seeks to improve the interrelated analysis of track
superstructure and substructure. Thus, it aims to find and develop relationships
between inspection parameters of track geometry as measured by €cackiRy
Vehicle (TRV) and track substructure as measured by the Ground Penetration Radar
(GPR). Those relationships haveen widely discussed the literature, but neither
defined nor confirmed. The satisfactory results will allow the Infrastructurealytas
(IM) to extract knowledge and learn from their massive multivariable inspection
datasets and to act in preventative maintenance. Preventative maintenance is essential
especially in track locations where there is a potential for development, growith, a
propagation of track geometry defects due to the subsurface condition. The research
was performed using emerging multivariate comprehensive analytical methods
combined with track engineering insight. The data include Class 1 US Railroad

c omp ani etien8. The vagigbles thatere analyzeth the research include;
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Ballast Foulingand Ballast LayeThicknessfrom GPR inspection and Profile
(measured over @62-foot chord from Geometry Inspectiolhe track engineers chose
those parametets evaluatehe condition of the track most effectively

The desired outcome is to develop a research methodology including a
provisional empiric model that predicts the probability clbcgurrencef deviations
of track geometryassociated witlgiven substructure cdlitions. Ultimately the
objective is to allow the maintenance manager to take advantage of the existing
massiveamount ofdata ando make better decisiorisr thecarying outof
preventative maintenance. After analysis, the results showed that theign#reant
relationships between geometry deviatiand poor subsurface condititmat were
validated statisticallyThe subsurface conditismveredefinedby the GPR inspection
parameters, such as Ballast Fouling Index (BFI) and Ballast Layer ThiqiBieBs
Furthermore, the research results include several predictive models of the probability

of a profile deviation as a function of the mentioned GPR parameters.
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Chapter 1
INTRODUCTION

National and international awareness and demand for rail transport age risin
rapidly both for passenger and freight operagidrhis demand islue to road
congestion, lack of alternatives for mass public transportation systems, awareness of
thebenefits of rail transport as mass and social mover of goods and passemgers,
convenience

By comparing the rail passenger transportation mode with other passenge
transportation modes, additionatal advantages of rail transpamerge Figures 1.1
and 1.2below, present a monetagomparson of various external costs fifferent

transportation modes.

m ACCIDENTS m OTHER COSTS
m AIR POLLUTION m CLIMATE CHANGE
h 33.8€ m NOISE m UP&ZDOWN
A STREAM PROCESSES

/1,000 pkm
RAIL PASSENGER BUS/COACH

57.1€ 64.7€

/1,000 pkm /1,000 pkm
AIR CAR

Figurel.l: ExternalCostsfor DifferentModes ofTransportation Systems
(INTERNATIONAL UNION OF RAILWAYS 2015)



Figure 1.1 includeaspectsuch asaccidents, air pollution, contribution to
climate dhvange andnoiseper the 1,00passenger km. In all of thegiteria rail

transport is leading.

43.1 UTER
), PRIMARY ENERGY
93.0 KGCO?
31.5 UTER
Q PRIMARY ENERGY
67 .4 KGCO?

6.0 LITER = ENERGY
g PRIMARY ENERGY CONSUMPTION
8.1KGco2 = CARBON DIOXIDE

Figurel.2: FuelCostsand CO2 Emissiofor Different Modes ofTransportation
SystemgINTERNATIONAL UNION OF RAILWAYS 2015)

Furthermore, Figure 1.2 presents fuel costs consumptionS@AdEmission
results for the three primary passenger transportation modes; likewise, in afieof the
criteria rail transport hahe best results.

Moreover, the importance of rail transport has increased because of its role in
city sustainability, national and international economic growth, as well as the need for
moving increased volumed goods and peopl&hisis further seems the world
becomsa global villageandthis growing importance of rai$ seerin international
mega projects that are rising around the gléloe.examplecrosscountry

transnational transgrojectsin countries such & U, China, Russigandindia



Developed countries lean toward the enhancement of current fiaffiand
infrastructure while developing couigs focus orbuilding an entirely new and

modern rail networkThisincludes commuter trains, intercity, transit, local and
international freght lines, and higfspeed lines. For example, as seen in the following
Figure 1.3, there is a constamtd a rapidncrease in higtspeed networks all over the

world.
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Figurel.3: Development of th&Vorld High-SpeedNetwork INTERNATIONAL
UNION OF RAILWAYS 2015)

The following Figure 1.4 for the US Rail Intermodal Freight traffic shows,
likewise, an increasing trend for freight railraatermodal traffic oranalready

developed freight raihetwork



Rail Freight Intermodal Traffic
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Figurel.4: Rail Freight Intermodal Traffi€Transportation 2017)

The railroad industry is continually improving itself, as it seen from Figure 1.5
below,which showsan increase in efficiency of the railroad performainceerms of
increagng traffic (in tonmiles) carried whilenetwork system lengttiecreasesThis
parameter reaffirms rail transport importamcéerms ofail traffic capacity, as shown
in Figure 1.5The improved efficiency is seen tie system mileage declsehile

traffic levels,measured in tomiles, increases over tisame period ofears.
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Figurel.5: Class | Railroad System Mileage and TMdiles of Freight: 1960, 1965,
19702015(U.S. Department of Transportation 2017)

To compete and become more attractrad transportcontinues taeinvent
and improve itselfvith improvements isafety, comfort, energy consumption, higher
operational speed, air pollution, noise, and vibrations.

Furthermore, railroad track Reliability, Availability, Maintainability, and
Safety(RAMS) is crucial in rail traffic operation. Infrastructure Owners (10) and
Infrastructure Managers (IM) seek impesaents td(RAMS on the track assetOne of
the ways to achieve that is by enhanaafetythrougheitherimprovedinspection
methods or argsis methods followed by appropriate-tme action. Moreover, late,
or inappropriatenaintenancactivity will reduce RAMSandmay result in
reoccurrence or amplification of old defedtswill alsomake maintenance works
expensiveandinefficient whilethetrackwill be unavailable and less safe for the

workers, customers, and those around it.



1.1 Problem Statement

Track geometrys measuredyy the Track Geometry Car (TGC)/Track
Recording Vehicle (TRV). It is the most common and frequently used inspection
method for evaluating track condition around the world. Track geometry condition has
a direct influence on the rail wheel interfaséjch makes it the bestway of
measuringrack condition continuously. Moreover, geometry inspection is the most
required ispection from the safety perspective by either: Infrastructure Manager (IM),
or Infrastructure Owner (10), andustryregulatos.

Most of the defects found during geometry inspecéimrepresenteds
geometry deviatiag) It is difficult to identify the symptoms for a geometry defect
since geometry ia symptom rather thaacauseof the deficiency.

Furthermore, based dhe (Zimmermann 194 1heory supported byKerr
2003)and(Thambiratnam and Zhuge 1996)allasted track structureuch as shown
Figure 1.6can be represented as a beam on elastic foundaticranredastic
pavement. Therefore, trackagaetry, by and largés notstable and prone to
relatively rapid change and deteridoat under traffic loadingGuler et al. 2011)This
is especiallytrue after correction works such as tampiMpreover, differential
settlemen{Nielsen and Li 201 7pllowed by Million Gross Ton (MGT) of passing
traffic over it,results indeformation of the trackihus, track geometry quality
strongly influencedy the trainload and the number of train pagsiguyen et al.

2014)



Track Superstructure

Track Substructure

 SUBBALLAST
SUBGRADE

Figurel.6: Track Structur€Dingqing Li et al. 2015)

A thorough evaluation and prediction of track geometry condition, as well as,
its deterioration solely by geometry condition is difficult if not impossible.
Furthermoreinadequate olate treatnent of geometry degradatissues may
significantly shorterthetrack structurdifespan e.g., by developing into subgrade
failures, which a& very expensive to repdiBussmann et al. 2017ay everto safety
issues.

The condition of the substructure, whishmadeof interrelated base layers
under the track superstructure, shown in Figure 1.6, has a direct impact on the
roughness and condition of the track superstructure, which defines the track geometry.
Thus, the sbistructure musdbe considereébr evaluation and prediction of track
geometry condition. In other words, for understanding and predicting precisely the
deterioration of the condition, stdbructure condition has to be taken into account and
be representeid the model.

Substructure, i.e., the formation of the traska civil engineeringstructure. It

brings complexity to the prediction model mainly due to its inhomogenetuse It



is alsochallenging to measure since the layershégiden from the inspctor's eyes and
alsounderoccupancypy thetrain traffic. Furthermore, the variety tfackbedayers,
including different layerghickness, depth, as well as, changing moisture content
during the changing seasons make it much more complicated tosaddres

Nevertheless, development of the Ground Penetration Radar (GPR) inspection
technologyallows the track engineers to estimate track formation condition. Section
2.2.4.1discusses GPR inspection of railroad track in greater detail.

In comparison to TRV inspection, the GPR inspection is a less frequently used
method. That is due thelow rate of change in theackbedcondition and its
underlying components conditioRurthermore, its inspection data interpretation is
more complicagd, less accurate ar@PR inspectiomlemands a substantial amount of
track time occupancy. GPR inspection by itsklés noteflect a complete picture of
theoverall track condition or its degradation rate.

Statedabove highlightshe importance of understanditige physical
relationships between both track geometry and substructure cond#imhsas by
using empirical daté&Such a relationship for track settlement and deformdussn
been widely investigated and discusses irfdhewing works(Dingging Li et al.

2015; Lichtberger 2005; Nielsen and Li 2017; Satyal et al. 2018; Selig and Waters
1994; Tejada et al. 2017r short term and long terdegradation behavipas well as
for such substructure parameterslepth under the tr&ctype of material, undulation
and norhomogeneous subgrade and soil materials and dt@skermore, numerical
studieswere donen the field of geometry and substructure conditions including
vibration,such as reported {{Gallego et al. 2013; Kouroussis et al. 2013; Moormann

et al. 2016; Ngo and Indraratna 2016; Saya®tl Shahin 2016)



After performing that irdepth and thorough literature review, afsthle
analysis of all GPR and Geometry inspections data varial@esaccomplisheby

utilizing emerging statistical data analysis techniques and algorithms.

1.2 Motivation to the Research

The motivations for this studyrepresented in three parts as is illustrated in
Figure 1.7 belowidt is furtherdescribedn the following three section$he frst
motivation was from thehysicalrailroad track engineering consideraso8econd
motivation comes from the neéal this research due to tlaecident and derailment
statistics due to failure in ¢htrackstructure particularlyassociated with track
geometry cause Lastly, the motivatr is thepotential forimprovemenin safety

following the satisfactory results, if they woudé found

Existing Relationship

Need in the research due Possitive influence of
to accidental statistics successful results

Figurel.7: Research Motivation Triangle

1.2.1 Motivation from Physical/ Structural Engineering Relationship
Theprimary motivation for conductinghis relation$ip analysisstudyis the

possibility of the existence of relatiobetween subsurface parameters and track



geometry degradatiomn other words, before researching with data analysisuntb
a relationship, it is crucial to assess whether thest from the track engineering
point of view i.e., from the structuré physical behavior.

By exploring the structure of the track, as illustrated in the Figures1.B6
and 19, it is evident that there are direct relationships. Those relationshipsdaig
discussed in the literature, as was presented in the Problem Statement subdiapter. T
track superstructure that defines track geometry and the subsurface are interrelated
adjacent structures. Each layer that constititeveralttrack formationyeceives,
absorbs, transfers, and spreads the load down hierarchically from the rolling stocks
wheels. The distribution of the loads is vertically from the wiaiklcontact point to

the soil, as shown in Figure 1.8.
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Figurel.8: LoadDistributionin Track Stucture(Lichtberger2005)
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Figurel.9: Wheel LoadDistribution from theContactPoint to theSubgructure
(Selig and Waters 1994)

The ballast and suballast deterioration process that irghce track geometry
is furtherdescribed i{Tzanakakis 2013)

Due to stoneeorientationthe ballast and suballast layergxperience
differentialsettlementThis leads to wear of the ballast stones. Fines produced by this
wear together with possible other material (ballast fouling),ecdegadeddrainage
conditions. The subgrade mthenbe exposetb settlement. Varying settlement along
the track (resulting idifferential settlemenjsare directly visible as track geometry
quality variationg Tzanakakis 2013

Also, the complicated relationship between all track components due to
reduced track support will lead to failure or degradation of entire superstructure

componentgNielsen and Li 2017Sussmanmt al. 2017a)Furthermore, the presence

12



of A e xoadsandexcessive track movement influesdeack integrity, rail

joints, welds, ties and fastener systengduding tie plates, pads, insulators and clips,
and ballast. For concrete ties, the risks include tie bottom abrasion, rail seat abrasion,
cracking and structural failure, as well as deterioration of the elastic fastener

(Sussmanmet al. 2017a)

1.2.2 Motivation from Accidents Statistics

A strongmotivation for performing this research and analgsisies from the
large numbeof accidentsassociated witlrack structure failure, both superstructure
and substructure artidr a ¢ k g sharenie thaseyagcidents.

In the USA for example, railroad companies are obligated to report significant
accidents to the FRA. Thdistribution of the those reported accidents data for the
2016 fiscal years illustratedn the Figure 1.10 below. The data shows that ~71%,
which is 1413 reported accidents, of all reported accidents were derailments. A
significant part of those deraibnts, 29% to be exact, was due to track defects. The
bottom piefigure of Figure 1.10 shows that 4% of the derailments were reported as
track substructure related defects, while 38% are deradrassbciatedvith track
geometry defects. Both categoriegdther represent the most substantial part of

railroad track reasons for derailments.
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TOTAL TRAIN ACCIDENTS IN 2016 PRIMARY CAUSES OF TRAIN DERAILMENTS

- 6%
Otherza;;ldents Track defects
] 29%

A
Miscellaneous
causes
15%

Human factors
39%

Equipment
defects
15%

Derailments
71%

DERAILMENT DUE: TRACK, ROADBED AND
STRUCTURES

Turnout defetc
22%

Track geom.
Defcts
38%

Figurel1.10: US 2016 Accident Dat&tatistics(Federal Railroad Administration 2017)

Furthermore, although, FRA 2016 Accident Data suggest Track Subsurface
share is fAonlyo for 4%hidieoénlydseadiedttaosse,nt s as t
since the formatiomnfluencesothercauses For instance, other derailment reasons
such as Track geometry defects (38%), Turnout defects (22%), and Rail defects (34%)
may be considered as an outgrowth of poor track support as mentiq@egamann
etal.201l7ajia vari ety of probl ems -tuppertedtes art de\
due to increased tie load, rail stress, and vibration.

These problems cdre avoidedf proper track suppois uniformly provided
and maintainedSussmann et al. 201 70therwise it will lead toincreasedoading

on track superstructure components. Furthermore, acceleeterioration othe
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overall track condition and the ballgStussmann et al. 2017is)associated with and
contributedto by poor subsurface condition. Eventually, the apparent reason for the
failure or derailment was due to one reason, but the cause igaresbon leading to

other components deteriorations.

1.2.3 RAMS as Operational Motivator in the Research

As was mentioned previously, from the operational point of view Reliability,
Avalilability, Maintainability, and SafetfRAMS) is a motivator for thistudyas it
may contributeéo improving all these aspectd’he RAMSis usedas aconceptual
motivator to the proposed research, rather than a calculated example.

This RAMS approachthasbeen activelyappliedto railroadsystemssuchasin
(British Standards 200/butits methodologywasoriginally developedn the 1960s
in aircraft safety. Penetration intioe railway industry sarted with signaling and
rolling stock systems and lately to civil engineering infrastructure.

TheRAMS method is a common practice and widely used ik &
standardhs shown iriiRailway applications The specification and demonstration of
Reliability, Availability, Maintainability, andSafety (RAMSY (British Standards
1999, 2007, 2008RAMS is also usedo measure the performance of assieis a
guantitative method for evaluating the numerical impact and influence on the system

in the following wa.

1 European Union which governs railroad standards for all of the EU countries

15



Safetyi freedom from unacceptable risk of ha@ne of the approaches to
guantitively present safety & presented i(British Standard European Norm 50126
1999)wheretherisk of harmconcepts calculatedoy a combination of two elements

- The probabilityof occurrencef an event or combinatioof events to a

hazardor thefrequency of such occurrences.

- The consequence of thazard

Avalilability (technical)i the ability of a product to be in a state to perform a

required functiorat a given time.

| me MTBF

Avail tal mTTR) 2.1

Reliability i the probability that an item can perfoemrequired function under
given condi ti o#ailufecate).a gi ven ti me (@&

Mean Time to Failuré MTTF

Yo Q- 2.2

When:

2.3

—
O

L
m

Reliability describes the conditional probability that an item which has

survived umil time t will fail in the following periodad.
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Maintainability T the probability that a given active maintenance action, can
be carried outvithin a given time interval when the maintenarsctulfilled.

MTTR 1T Mean Time to Repair Guepair rate)

0 "YYY- 2.4

Improvement of RAMS is always a motivator for suebearchFirstly,
successful results will improve the safety level of the infrastructure caledter
understandingf the interaction of the track structure layers with given conditions.
Secondly, correct action will improve the maintenance activities by making it more
reliable and thus available for the traffic. Correct maintenance action dugetter
evaluation ofhe condition will be preventativ&herefore the time to repair will be

longer, while the repair rate will be lower.

1.3 Objectives of the Study

The primary objectives of this study are to apply emerging data analysis
techniquedo find an empiric relationspibetween track geometry and track
substructure conditions by determining and underlying the-yiaieable correlations
between thaifferentinspections variables duringe most significant part in the

t r a lifdspamg, i.e., the service life of thmack illustrated in Figure 1.8 below.
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Figurel.11 Track Life Span(Dingqing Li et al. 2015)

The developed methodology feucha model will contribute to the railroad
engineemg professional community and mbg usedis a decisiomaking tool as
part of track maintenance. Those main objectives of this researdbeveitthieved
through the following swobjectives:
1 To develop a methodology of research for creating an empiataeship
between track inspection data.
1 To find amathematical expression, i.e., formulate a model of such a
relationship using emerging data analysishniques
1 To conduct analysis and evaluate those relationships and relate them to the
track engineerigrationalsense and understanding.

1 To validate found relationships statistically.
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1.4 Research Approach

The approach in the research is, in general, an application of various emerging
data analysis methods supervised by Track Engineering domain knovwéahgeze
multivariable datasets, which represent railroad track conditions from different
possiblesourcesare analyzed. Track conditions represented by Geometry and GPR
inspections variablegre analyzeih order toreveal patterns in the data.

The study was performed constitutively in four stages, iaslitistratedin the
Research Approach Diagram see Figure 1.12 below.

The starting step is a crucial part of the analysis, as well as the fundamental
step. The following step pressmn advaned analysis. In it, Logistic Regression (LR)
algorithmsareapplied iteratively to create the optimal model of the relationships
between inspections parameters. The following step, i.e., the thirdisiEgdes in
depth, emerging data analysis methodss Btage is a Hybrid of Hierarchical
Clustering Analysis and Symbolic Data Analysis (SDA). Furtherntbedigher
Degree Polynomial methad usedon the clustered variabldsastly, in the fourth
stage, an LR model is used to develop a model on tde@tage 3 results.

Overall, each stage has three main tasks, including preparation, execution of

the analysis and results interpretation, as described in the Figure 1.12.
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g Analysis Stage 1 Exploratory Data » Data Collection and Definition
O Analysis » EDA and Visualization
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8 Data 7> Results Interpretation
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> Application of . )
o Analysis Stage 4 Logistic » Database Creation
= Regression on » LR Model Calculation
CB Step 3 Results » Results Interpretation

Figurel.12: Research Approach Diagram

1.5 Dissertation Structure

This research proposal ftis dissertation consists of the following main
chapters and hdseen organizeth a specific order tprovideinsightto the reader into
the topic and foa betterunderstandingf the work thatvasperformed Starting with
the introductory chaptevhich providesnecessarpbackground knowledg®r the
following main chapters. Theext fourchapters describe chronologically the work
thatwas doneTheHIERARCHICAL CLUSTERING ANALYSIS OF
HISTOGRAM-VALUED DATA (Chapters) is the closingartof thisresearctdone

andrepresenting thenostadvanced analysisconducted herein. The dissertataso

20



includes a thorough description of the references, uisedseparated chapter, as well
asAppendces which provide supplemental support information

The chpters are as follows:

Chapter 1: INTRODUCTION

Chapter 2: BACKGROUND

Chapter 3: EXPLORATORY DATA ANALYSIS (EDA)

Chapter 4: LOGISTIC REGRESSIONR) ANALYSIS

Chapter 5HIERARCHICAL CLUSTERING ANALYSIS OF HISTOGRAM
VALUED DATA

Chapter 6SUMMARY AND CONCLUSIONS

Chapter7: REFERENCES

APPENDIX

1.6 Contributions of the Dissertation and Summary of Publications, and
Conferences

Portions of thiglissertation studwerepublishedandor presentedn the

following peerreview papers and conferences.

1.6.1 Conferences ad Presentations
- Zarembski, AM., Yurlov, D., Palese.JV., Attoh-Okine N, and
Thompson, H, fARelationship between Tr
Subsurface Condition as Measured by @RRnerican Railway
Engineering Association Annual ConferenceChicago, IL,United
StatesSeptembeR018(accepted for publication and presentation)
- Zarembski, A. M, Yurlov, D., andAttoh-Okine N,PosterPresentation of

the work dondnithertoii Re | at i onshi p between Track
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Degradation and Subsurface Condito as Meas uAnawhl by GPRO
Delaware Center for Transportation Conference Newark, DE United

StatesMay 2017.

A Research Showcase to highlight current projects funded by the Delaware
Department of Transportation and the U.S. Department of Transpoytation

such as the University Transportation Center awards.

Zarembski, A. M, Yurlov, D.,andAttoh-Okine N,PosterPresentation of

the work dondiithertofi Rel ati onshi p between Track
Degradation and Subsurfacéamecamdi ti on
Railway Engineering Association Annual ConferenceRailway

Interchange Student Poster Competitipimdianapolis United States

2017

AREMA provided an opportunity for students to presentateaking

results, orgoing research projects, and speculative or innovative works in
progress.

Zarembski, AM., Yurlov, D., andAttoh-Okine N,PosterPresentation of

the work dondiithertofi Re | at i o n sTtadk beome&try we e n
Degradation and SubsurfacéigDataidi ti on
in Railroad Maintenance Planning 2017 Newark, DE United States,

2017.

Zarembski, A. M, Yurlov, D., andAttoh-Okine N,PosterPresentation of

the work dondnithertofi R @idnship between Track Geometry

Degradation and Subsurface Condition
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Transportation Research Board 97th Annual Meeting Poster Session at

Rail UTC ReceptionWashington D.C, United StateX)18.

1.6.2 Submission for Publications

- Yurlov, D., Zarembski, A. M., AttokOkine, N, and Palese, J. W.,
ACombinati onal Hybrid Anal ysis Approa
Probability Model for Development of Track Geometry Defects as a
Function of Ground Penetrating Radar Measurenseftsirnal of
Transportation Infrastructure Geotechnology, June 2018(In Progress)

- Zarembski, AM., Yurlov, D., Palesd. W., AttokROkine N, and
Thompson,HAb st r a ct D@tarimination of @rdbalility of a
Track Geometry Defect based on GPR Measured Subsurface Conditions
Using Data Analyticd World Congress of Railroad ResearctAnnual

Conference Tokyo, Japan, 2019In Progress)
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Chapter 2
BACKGROUND

2.1 Introduction

The research aims to explore and enhance the perception of the complicated
relationship between different inspectijparameters representing the track geometry
and substructure conditiomhis achieved by the application of emerging statistical
techniques of data analysis in conjunction with traditional railroad engineering.

The studywas doneas part of an ongoingsearch project funded by the
Federal Railroad Administration (FRA) no. DTFRH6-C-00021. Inspection data
analyzed in this research was measured and delivered by several major US Class 1
Railroad companies.

The results presented were achieved by usimgdeatory Data Analysis
(EDA) and application of Logistic Regression (Lieghniquesas shown in their
respective chapters. Moreovéreuseof hybrid emerging data analysis methods such
as Hierarchical Clustering Analysis (HCA) with Symbolic Data AnalySDA)was
also demonstrateahd implemented

A detailed look at the engineering and data science usdekcseerin the
BACKGROUND AND LITERATURE REVIEW subchapter. Research results may
shed light on the complex interrelationship of track geometbatdisted track and
ground conditionsThiswill improve the understandingf the influencing parameters

on geometry degradation and eventually will allow for the identification of track
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locations with potential for development, growth, and propagatitrack geometry
defects given a subsurface condition.

The primary data used in this reseanas providedy The National Railroad
Passenger Corporation (AMTRAK), as welllasCSX Transportation. It includes
multiple and repeated track geometry inspections, as well as, Ground Penetration
Radar (GPR) inspection data. This dates consolidatedexplored, preprocessed,
analyzed, posprocessed and run through a machine learriggyighm using a
combination othe softwaresMS Excel, MS Access, and ®ftware

The results of this research generate a relationship between the variable
datasets because of the underlying engineering relationship between the track
geometry and its syorting substructure layers. Those relationshigsvidely
discussed in the literature, as described in the following BACKGROUND AND
LITERATURE REVIEW chapter. Although there have been attempts to physically, or
numerically model these relationshipg, ntil now they are not well accepted and
validated. A primary objective of this study is the findofa statistically valid and
physically meaningful relationship using the multiple years of inspection and

maintenance data.

2.2 The Railroad Track

The railroadrack system is a complex civil engineering structure comprising
several essential parts and elements allowing it to function during its lifespan. Railroad
trackd primary purpose is to support and guide the rolling stock safely, as well as, to

provide exellent ride quality.
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The following Figure 2.1 illustrates in detail the systems of the track, including

its components and their location in the structure, the inspections used, and possible

defects.
. . Track in onr r
Rail corridor asset ckbed inspection report
mapping
O Switch wear
Surface i Structure clearance
U Track 5
mud -
geometry
Ballast
particle size
Ballast
deficit
Sleeper
spacing
Sleeper O Ballast
Sty surplus

Track drainage

Free draining

layer Wet bed

Ballast
fouling

Ballast thickness

Ballast pockets

Figure2.1: Track Structure Systems, InspectioasgdDefect (Zeticarail 2017)
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The track is being divided, for engineering pases into two main parts; the
superstructure and the substructure, as presented in Eigagove Those part will

be discusseth the following sections.

2.2.1 Track Superstructure

The superstructure of the track includes the main load supporting elements,
swch as rails, ties, and the fastening system. Its purposes are to support the rolling
stock wheels, guide them and transfer the loads into the track substructure. Generally
saying, it is the visual structure of the track if the balsicluded

Track superstructure defines the geometry of the traitk its geometry
guality being measurements by taking the measures pfitharyparameters such as
gauge, alignment, surfacand superelevatiomas well as their variatiomhe gauge is
the distace between the railmeasured % of an inch under the top of the railhead.
The alignment isiorizontalstraightness of the rails. Itleing measureith the center
of thechordfor three different universal length cords, e.g., 31, 62, andd@&4cords.
The surface, or the profile of the rails, likewisameasured in similar length cords but
it presents theertical straightnessf the rails, i.e., vertical rail alignmerRoor track

profile, as evidenced ba profile defectis shown in Figure2.2 below
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Figure2.2: Profile Defect

The superelevation presents the vertical difference between the top of the rails

on the same tie, or track location.
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Figure2.3: Load Distribution and Accumulated Settlement per(Nielsen and Li
2017)

The Figure ZB above is an examplef load distribution and accumulated
differential settlement of the raik a specifidie (sleeper) Thischartillustrates the

potential forthedeterioration of thgeometry of the track, i.e., of the superstructure.

2.2.2 Track Sub-Structure/Formation
The substructure, illustrated in Figures 2.4 and 2.5 below, includes the
foundation layers of the track suabkthe ballast, the suballast, and the subgrade. It
is also known as either: the Formation, Tmackbed or the subsurface of the tka@&
few of the many purposes of the substructure are to support the track superstructure

and allow drainage of the structure.
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Figure2.5: Track Structure Components, Longitudinal Secfi®alig and Waters
1994)
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TheFormationis a combinatn of several geotechnical layensade of
granular materials. Thieormation conditiorand qualityarebeing measureby its:
layer thickness, ballast contamination, or fouling, and moisture content. Also, other
measures include voids in the layers, thiéitgltio drain the track, the stiffness of the
track, which depends on tik®rmationelasticity, and layers intersection undulation.
Formationconditionand quality requirérequentinspection and measuremeniné
the substructure does not often change due to traffic cycle laadhspectedn a

lower rate comparing to superstructure inspection.

2.2.3 Defect Development

This study concentrated on the bottomdegradation direction. In other
words, concentratioan defects initiated in theormationand propagatiom and
degradtionof the superstructure. The study does not include the opposite direction
where poor geometrgausesiegradhg of the substructure, i.e., poor geometry
generates dynamic loads thatlileince and disturb the foundation structure.

Bottom Up degradation is where defects initiate insihlesurfaceballast or
soil layer, and propagate tioe surface degradinthetrack geometry. The resint
defects may bandividual, or combination of théollowing:

- Deflectioni temporarysettlementinder a load.

- Settlemeni permanensettlementf the track.

- Formationof waves (undulation)

- Water and drainage

- Consolidatiorof subgrade layers

- Shearfailure.

- Longitudinal crackinghe track bed substructure
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- Frost heaving

- Pumping

- Poorconstructione.g, poorly compacted fill material

- Slope failure

- Erosion

- Migrationin groundwater

Poor subsurface, i.@porsupportof the sleepergties)or settlement of the
subgrade and rdéed are the leading causes of the geometry deterio(&timsmann
and Selig 2000)Thisresults in rapid degradation of track surface, i.e., track geometry,
which may result in high deflection, or settlement of the track.

Moreover, this mechanismay lead to high dynamic forces. Those forces will
damage all the related elements of the track, both in the superstructure and
substructure. Examples for such damage are: frequent and increased rail fiapigue,
degradatiorof the ballastor exampleballast fouling, sleeper cracking and fracture,
deterioration of the fastening system. Also, alldbevementionedsubgrade
conditionscan lead to poor drainage, and track moduthsngs due to a change in
the Formation Other elements in the track suah turnouts will deteriorate due to
mentioned increasing high dynamic forces over many loading wheel cycles.

The substructure is a critical element since its failure caigeificant

interruption to traffic flow and require heavy, as well as expensaiatenance.

2 Track modulus is a measure of the vertical stiffness of the track structure
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The following set of figures illustrate several type$-ofmationdefects. The
Figure 2.6 below preseit of fouledballast,where accordingo (Selig and Waters

1994) 76% of the fouling material in the ballazimes from the ballast itself.

Figure2.6: BallastFouling

Figure 2.7below,shows drainage issues since the water is standing in the

culverts.
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Figure2.7: PoorDrainagelssue

In Figure 2.8severe mud present in the track structsrehown the defects

known asaMud Spot.
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Figure2.8: Mud Spot

Due to inadequate drainage systems, erosion of theRmokationcould take
place,asin Figure 2.9which shows several erosioexample of the track
substructureThis may happen in places withsufficiert drainage, thuthe need for
properrunoff of water.In thechart the washout migrates the granular partielethe

end of andunder the ties.
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Figure2.9: Track Embankmerirosion

Furthermore, diaage system failure, as presented in Figure Zaf0result in

full track floodng.

Figure2.10: Flooding onTrack
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2.2.4 Track Inspection

As noted this study concentrated oratk geometry and substructure. Thus,
the continuous inspection technologies trat presentefibr evaluation of their
conditions are th&rack Geometry inspection and the Ground PenetratioraRad
(GPR). Table 2.1 presented a list of the measured parameters for those inspections.
The parameters presented are an interpretation of the measurements, rather than

directly sampled from th&ackstructure.

Table2.1: Inspections Classification and Their Raeders

Inspection Type Parameters of the Inspection
Gauge

Alignment 31/62/124&hord
Surface/Profile 31/62/12¢hord
Superelevation

Warp

Twist 31/62chord

CrossLevel Value Rate
BallastFouling Left/Center/Right
Layer Roughness Left/Center/Right
Ballast Thickness Left/Center/Right
Free Draining Layer Left/Center/Rig
Relative Moisture Left/Center/Right

Track Geometry

Ground Penetration Rad

GR|WIN|IRPINO|O|RWIN|F

Track Geometry inspection performed by the Track Recording Vehicle (TRV)
measures the track condition continuously, foot by foot. The results of the geometry
inspectionarepresented mainly for different wavelengths, including 31, 62 and 124
feet dords.Other crucial parametersreatedrom the previousneasurements include

crosslevel, twist, and warp.

37



TheVertical Defectionnspectionj.e., M-Rail inspectionis basedn Beam
On Elastic Foundation theofi{err 2003) to define the track support condition. It
makes use of deflection of the track under Ilad2008) Thistechniquedevelops a
support parameter, khe track modulugp define the track support condition-Rail
makes use a loaded and unloaded track measurement to determinefarvthkigrack
support condition. The variables of therll inspections are Yrel Left and Right that

stand for relativevertical deflection Yrel

2.2.4.1 Ground Penetrating Radar (GPR)Inspection

Ground Penetrating Radar (GPIR3pectioris presented here as gseate
section due to its importance in the study.

Ground Penetrating Radar (GPR) inspection is a continuous and Non
Destructive Testing (NDT) method. It provides a complete picture of the track
Formationcondition, as well as its quality. Moreover, itesens the iformationon
failure and deformation conditiorislyslip et al. 2005)

The GPR measures, as summarized in Table 2.1 ab@asuretayer
thicknesses and configuration, as well as the moisture content andyfoatidition. It
uses the different reflection of radar waves in the 300 to 400 MHz range to identify
conditions of the substructure layers, i.e., ballastmllast and subgrade. It is the
most common measurement of treckbedsupportcondition. The threenainunits
that make uphe GPR inspectioare:the control unit, receiver and transmitter
antennas, and the survey encoder. The antenna transmitted an electromagnetic signal
into the track and received its reflection. Then the-tveg travel time, as well as the
amplitude of the incoming signal are measured. Knowing the given meainehits

associatedlielectricpermittivity, a screening of the subsurfasenade In other
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words, measuring the change in the returning signal, onmteapretfrom them the
changes in subsurface layers and its condition. The reflections can be used to develop
the layering and material characteristics of the subsurface. The GPR is most suited to
measurement of the condition of the ballast layer. Itcisadlenge to relate the
physical state of the ballast (density, gradation, moisture cori@rgsmaniet al.
2017a) Furthermoreporehole drilling in the track isftenmade to calibrate the GPR
inspectionresults

In the Figure 2.11 below, an exampleadsPR inspection car, as well as its

systemsis presented

Figure2.11 Ground Penetrating Radar (GPR) InspatibystemgHyslip 2017)

The GPR inspection system includes thitraasmitting and receiver antennas,
as shown in the Figure 2.12 belolihese measure the left, center and right sections of

the ballast and subgrade.

39



Figure2.12: GPRSurveyThree Mmtenns

In the Figure 2.13, the upper part shows the radargram of the raw data, i.e.,
pre-processed data of the GPR inspection, as well as layer thicknesses of the different
layers, i.e., ballast, stitmllast and sulgrade. The bottom part of the diagram in an
interpretation, i.e., the raw datathre upper parpostprocesseahto a useful
representationaln it, the thickness and depths of the layanes seenThe resultare
presented continuously by track milealyethe upper right part of thfegure, the
reault of the bore drilling, for calibration purposesn be seenin thefigure, the three
colors; red, green, and yellow stands for the layers; ballashalldst and suigrade

respectivelyThe linesonthefiguresstand for the intersections betweea thyers.
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For both diagrams, theaxis stands for the MPf the track. The yaxis, on the other
hand, varie with measurement parametiius fortheabovediagrams it stands for the
time, i.e., signals delay in seconds, in the bottom diagram it standsth. The y
axisaspreseng¢dfor both diagramancreases as the scale gtmser in the axisin

time for the upper diagram, or depth for the bottom diagram.

i

B SN [ave ] S

Figure2.13: Radargramand PosProcessed DiagrafiSR 2013)

3 Mile Post
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Figure 2.14 shows in one image all the three-postessed signalse., three
sides of the track. Iit, an understanding of the track Formation intersection dosild

made

] | K - |+ Jo'_ [=Msem mmﬂméﬂ

337N Lon: 034'4749.96'E

Figure2.14: GPR Survey Pod®rocessed Result for Three Sides of the T(ER
2013)

2.3 DataAnalysis
This research is intended to develop statistical relationships between inspection
parameters from sutsactureand sperstructurenspection technologie3herefore
data analysis is the crucial paftthis research.
Each following chapter preserdsinique data analysis methothusthey
include a separate introduction and insigi to the used method.
This subchapter gives a background to the data used, includirsgidtisles

structure, as wekls the preparatiagiechniques
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Inspections data analyzed in this reseavasmeasured bywo major US
Class 1 Railroad and the FRkspectionvehicleson freight and passenger lindhe
data specifically came from:

1 CSX Transportatiotracks on thePeninsula Sualivision

0 One set off track geometry,4Rail and GPR datmade of 4/2016.
1 Amtrak on the Northeast Corridor;
o Continuous track geometry data fmpproximately twaniles of
track near Oakington Road Maryland; MP-&2
o0 Thisrepresents monthlyootinuous geometry data from 06/2013 to
09/2016.

The inspection technologies include:

1 Ground Penetrating Radar (GPR) which ubeseflectionof radar waves
in the 300 to 400 MHz range to identify conditions in the ballast, sub
ballast and subgradéAmtrak and CSX)

1 Track geometry data to incluttey parameters, sudssurface, alignment,
and crosdevel data, as recorded from a track geometry(gantrak and
CSX)

1 Vertical Defection measurements {RAil) which make use of dettion of

the track under ad.(CSX)

4 FRA track recording car provided data on the CSX track
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2.3.1 Data Collection and Organization

The range and variability of the data acquired indicates that data processing,
correlation and follow up data analysis are major task activities. The type of data
issues to be addressed include data variabildata dispersion, data diversity, and data
interdependence caused by such factors as:

1 Variable data source.

1 Various type of data, to include raw and processed data.

1 Differing inspection dates.

1 Differing locations to include division, stdivision, track anaxact

location (MP).

1 Misalignment of the inspections and missing data.

2.3.1.1 Ground Penetrating Radar (GPR)
The GPR inspection datgas receivedrom two different sourceshe CSX
and Amtrak. Th&€SX GPR Inspectiowasby the FRA T-18 measuring car, for

exampe, andincluded the main following variables.

2.3.1.1.1 Ballast Fouling Index (BFI)

The Ballast Fouling Index (BFI) results, as was described in Subchapter 1.2.4,
have been calibrated to the Selig Fouling In@@bkoeft and Selig 2002)sing data
and ballast samples acquired in the USA in 2014. The BFI values of are classified as

shown in Table 2.2 below indicating track Formation ballast condition.
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Table2.2: Ballast Fouling Indexes (BFJSX Classification Table

BFI Category| Description ModeledFouling Index
\ Clean 0to <5
. 4 | Moderately Clean 5to <10
I 3 | Moderately Foulec 10 to <25
Fouled 25 to <30
Highly Fouled >30
Unavailable n/a

2.3.1.1.2 Layer Roughness Index (LRI)

The Layer Roughness Index (LRI) provides a classificatioraamudication
of Trackbedayers variation levellt is designedo emphasizé h e lirdeyfaze 0 s
locations thahaveirregulaities Suchregionsimply a poor Trackbedcondition for
instance eithemballast pumping, webedFormation, oisubgrade erosionf-or
example; categorthree i.e., good LRI condition indicates less than 2 inches of depth

variance over 66 fe€see Table 2.3),

Table2.3: Layer Roughness Indexes (LRIBX Classification Table

Category| Description | Variance (inch
Good <2
Poor 2-4
Very Poor > 4
Unavailable n/a
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2.3.1.1.3 Ballast Thickness Index (BTI)
The Ballast Thickness Index (BTdategorizdracklocations thatleviatefrom
a definedj.e., standargballastdesign thicknesNote: he categaesare relative to

thetop of thetie (see Table 2.4)

Table2.4: Ballast Thickness Indexes (BTOSX Classification Table

Category| Description Thickness (inch
Positive Exceedance Level > 23
PositiveExceedance Level 1 17-23
No Exceedance 11-17

Negative Exceedance Level 5-11
Negative Exceedance Level <5
Unavailable n/a

2.3.1.2 Track Geometry

As noted, tackgeometry data files hadeeen obtaineffom severamajor
Class 1 Railroad companijespecifically Amtrak and CSX-or examplefrom Amtrak
data was obtained fartrackon the Northeast Corridor of Oakington Rpad
specifically Track 2MP 62-64 between Philadelphia and Washington DC. This data

is continuousasshown in the Figure 2.15 below.
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AMTRAK Oakington Rd. 12.2013 Right Profile 62, MP 62.6-64
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Figure2.15: AMTRAK ContinuousTrack GeometryDatg Oakington Road2.2013
MP62.6 to 64

2.3.1.2.1 Geometry in Track Quality Index (TQI) Representation

In this study, a representation of track geomktrgwnas Track Quality Index
(TQI) wasused TQI is a transformation of the raw geometry data, as a single or as a
set of parameters, into an alternate engineering quality value. This way a consolidation
of the geometry inspection observations is presented for analysis convenience and
better epresentations, for example eliminating the negative values. The aQl is
commonengineering practice, and this research considers their use.

The consolidation ibeing dondoy applications of calculations on the raw
data. The TQapproachesuch as: Runng (RR), Standard Deviation (SD), and Root

Mean Square (RMS) were used mainly during the EDA (Chapter 3). The formulas and
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cal cul at i o rare preséntelielove andi@thesEDA (Chapter 3) before
being applied in the corresponding sections.

TQI as Running Roughness (RR)

A commonway todefineTQI is using theRunningRoughness (RR)TheRR
calculationis basedn the following equation:

v o2 2.2

di i MeanChordOffset (MCO)deviationin window i.

n - thenumberof measurements in the length of trackhe window.

Standard Deviation (SD) as TQI
Another commonly used approach for definthg TQIis usingthe standard
deviation (SD) over a constant windowesther100ft or 200ft according to the

following equaion:

vo 2 F 2.1
ofl mean value of theneasurementis thewindow
Xi T measurement point value in the window

n - the umberof observationsn the length of trackn the window
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sectionfor a constant window of 100ft and 200ft, according to the following equation:

TQI as Root-Mean Squared (RMS)

The Root MeanSquare(RMS)is a third TQI approacltalculatedn this

YO Y

&

Xi T measurement point value in the window

ni thenumberof measuring points ithe window

2.3.1.3 Vertical Defection (M-Rail)

M-Rail inspectioris a new, and not fully established, inspection technique that

was examined, on a limited basisthis research. MRail provides continuously

2.3

measured datdepicing theloadeddeflection Yrel of the trackTable 2.5shows an

example thatvas obtainedrom the FRA measuring car that measured CSX tracks.

The CSX data presented was taken from t#i81rom a continuous inspection made

from MP67 to 69 on the Peninsula Subdivision0d/2016.

Table2.5: M-Rail Data from FRA T18 taken on CSX

MP FT Speed| TrackClass| PostedSpee( TrackNum | YRel Left | YRel Right | Latitude | Longit.
Counts| Counts| Mph | Number Mph Number Inches Inches Degrees| Degrees
67 0 49 4 79 5 0.0261 0.15276 37.46 -77.14
67 1 49 4 79 5 0.01618 | 0.14053 37.46 -77.14
67 2 49 4 79 5 0.01222 | 0.13481 37.46 -77.14
67 3 49 4 79 5 0.02503 | 0.10977 37.46 -77.14
67 4 49 4 79 5 0.02046 | 0.10093 37.46 -77.14
67 5 49 4 79 5 0.03794 | 0.12167 37.46 -77.14
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2.3.2 Data Identification and Definition

The followingTables 2.6 to 2.1Mmelowdescribehe primary variables
included in the different data sets includeheaders of the inspectiqrikeir data
structure andvariables. Each railroad company hasoits structure.To understand

theaccompanying analysegarious data elements within each datasetiescribed

Table2.6: CSX Geonetry InspectiorVariableDefinition andCrossReference

Header cod¢ Header Description
1 |MP milepost
2 | GAGE gauge
3 | SUP superelevation
4 | ACCVR vertical acceleration right [g
5 | RCL Right rail cant [in]
6 | RCR Left rail cant [in]
7 | CRV curvature in degrees
8 | ACCVL vertical acceleration left [g]
9 | PRL62ft profile leftchord62
10 | PRR62ft profile rightchord62
11| WP62 warp 62
12| WP31 warp 31
13| Lat GPS latitude coordinates
14| Long GPS longitude coordinates
15| Alt altitude
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Table2.7:

AMTRAK Geonetry InspectiorVariableDefinition andCross

Reference

Header code

Header Description

1 | CrossLevel cross level

2 | CrossLvl Rate| cross level rate of change
3 | Right Profile | Right Profile 31

4 | Right Prof 62 | Right Profile 62

5 | Right Prof 124| Right Profile 124

6 | Left Profile Left Profile 31

7 | Left Prof 62 | Left Profile 62

8 | Left Prof 124 | Left Profile 124

9 | R Alignment | RightAlignment 31

10| R Align 62 Right Alignment 62

11| R Align 124 | Right Alignment 124

12 | L Alignment | Left Alignment 31

13| L Align 62 Left Alignment 62

14| L Align 124 Left Alignment 124

15| Curvature degree of curvature

16| CTS curve delineation marker
17 | Warp62 warp 62

18| LProfSC Left Profile spacehord

19| RProfSC Right Profile spacehord
20 | LAlignsSC Left Alignment spacehord
21| RAlignSC Right Alignment spacehord
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Table2.8: CSX GPR InspectioWariableDefinition andCrossReference

Header code Header Description
BMP beginning milepost
EMP ending milepost

LRI CAT Left Layer Roughness Inde|
LRI _CAT Center | Layer Roughness Inde
LRI_CAT Right Layer Roughness Inde
BTI CAT Left Ballast Thickness Inde
BTI_CAT Center | BallastThickness Inde)
BTI CAT Right Ballast Thickness Inde
FDL Value Left | Free Draining Layer
10| FDL Value Centel Free Draining Layer
11| FDL Value Right | Free Draining Layer
12| FDL CAT Left Free Draining Layer
13| FDL_CAT Center | Free Draining Layer
14| FDL CAT Right | Free Draining Layer
15| BFI Value Left Ballast Fouling Index
16 | BFI Value Center| Ballast Fouling Index
17| BFI Value Right | Ballast Fouling Index
18| BFI_CAT Left Ballast Fouling Index
19| BFI CAT Center | Ballast Fouling Index
20 | BFI_CAT Right Ballast Fouling Index

OO |IN|O|O AR |WIN|F-
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Table2.9: CSX T-18 Geonetry, Mrail, and GPR Inspectioviariable Definition and

CrossReference
Header code | Header Description
1 |ALD automatic location detector
2 | LProf31 Left Profile 31
3 | LProf62 Left Profile 62
4 | LProfl24 Left Profile 124
5 | RProf31 Right Profile 31
6 | RProf62 Right Profile 62
7 | RProfl24 Right Profile 124
8 | LAlign31 Left Alignment 31
9 | LAlign62 Left Alignment 62
10| LAlign124 Left Alignment 124
11| RAlign31 Right Alignment 31
12 | RAIlign62 Right Alignment 62
13| RAlign124 Right Alignment 124
14| LProfSP Left Profile spacehord
15| RProfSP Right Profile spacehord
16 | LAlignSP Left Alignment spacehord
17 | RAlignSP Right Alignment spacehord
18| YRel Left Y relativeleft
19 | YRel Right Y relativeright
20 | AvgVertForce| Average vertical force
21 | TotalLatForce| Total lateral force

2.3.3 Developmentand Consolidationof Data into Data into Common Datasets
Any extensive data analysis demaitiasconstructiorof relevantdatabase
Severakexamplesare presentefibr database construction for use with the subsequent

analysesTheconsolidation and prprocessing of the data intfacommondatasetvas
done using a combination;d¥licrosoft Excel Microsoft Accessand RSoftware
through RStudioDue to the disparate naturetbé data, this step is a time consuming

one. Incorrect data handling at this stage will lead to potential errors during analysis
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since all the data analysis, both basic and advanced are highly depended on the quality
of the data and theatabase
Anotheressential task in thesearch wadata file organiationand
managemergince more than 180 files wereceived The approach tanwasthe
creationof acomprehensivéraceability tableand working according to igs
illustratedin Table2.10. Init, thefileswere organizetby their attributes, such as;

type, location, version.

Table2.10: DataTraceabilityTable

IM | Type Sub MP MP Filename Data Date
of Insp. | division from | to Format
1| BN | M-rail cherokee | 308.1| 271.141| CSV__FT_BY_FT__MID8 _UNK_ | CSV 20160
SF 63 CHEROKEE_0__MP_309_to_268.g 915
v
2| BN | M-rail | cherokee | 268 | 308.999| CSV__FT BY_FT__MID7__UNK_ | CSV | 20160
SF CHEROKEE_0__MP_268_to_309.g 915
v
3| BN | TQI clovis 6550 | 897000.| Clovis_TQI_2009t02015 CsvVv 2009
SF 00 98 2015

In the databaseonstructionMP locationswerethe reference value for the
combination and referencing of different datasets. However, the analysis goes beyond
the simplereference location®.g, such as for relationship development between
variables.

Thedatasethasananalyticalpurpose Thereforeit is oriented by theesearch
problem Thus,theresearchproblem definion outlined the dataet by itspurposeand
the data sewasbuilt for the analysis. The problem statement identifies required data
parameters such as type, variablé®e following steps were appli¢dthe data for

each inspection both separately and together for the database construction:
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1 Creatio, of converting of files to .csv type files

1 Extraction, splitting, combinatiomndgrouping of the data frames
for a specific problem analysis of the data.

1 Aggregating data frames by variables and observation
manipulationg.g, consolidation, cleaning, filtering, aggregating
and processing. Fexampledatabas@er division, defect level
tags, date of collection, defect type, magnitude, track class.

1 Organizing the data frame after simple plotting to find errors,
missing data, airregularities in the data.

1 Alignmentif required of the observations. For some of the larger
data files, this stewvasdonein the following analysis stagas

described irChapter 3 othis dissertation

2.3.3.1 Stiffness (Mrail) file

The Mrail datanspectionis acontinuoudoot by foot data of relative rail
deflectionand is representative of the vertical track stiffnd@$® inspectionvas
originally developedy the University of Mbraskai Lincoln (Palese et al. 2016Jhe
primary database prapations for the Mrail data were: separating between the

right/left rails and aligning the Mrail data longitudinally with other sigretsldefects.

2.3.3.2 Geometry file

The geometry inspection continuous data g utilizedin this activity isa
continuoudoot by foot data gathered from an inertial based track geometry inspection
vehicle. The data includes measured values for each sighiéicanttrack geometry

channels that describe the spatial relationship of the track structure, gathered every
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foot. The Amtrak data was collected at a high frequency (once per month) and
provides the ability to evaluate the track condition/degradation over time.

It is important to note thatequentiainspections result in continuous data that
sometimes must be aligned @tudinally, as the linear identifiers (foot count) may be
off by several sample#\s an example, the geometry data received from AMTRAK
as was described in the Task 2 report, was considepetifically the Right Profile
62 (Rprof62)channelsverechosen as a representatnggiableandweredefinedas a
benchmarkor the alignment of the times series data. A single time series dataset of
Rprof62 was visually examined for each inspection date and aligned accordingly. The

result of the shift of eacimnspection signalk summarizedn Table2.11
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Table2.11: AMTRAK Time Serie€6/2013 to 09/201BataAlignmentSummary

Inspection date
[mm/yyyy]

Add
/Deduct

Relative
shifting
[mile]

Total
Shifting
[mile]

Direction of Shift

X06_2013

+

0.013

X07 2013

0.013

move forward

X07 2013

X08_2013

X09_ 2013

X10_2013

X12 2013

X01_2014

X03_2014

X04 2014

X06_2014

X07_2014

X10_2014

X11 2014

X12 2014

X01 2015

X02_ 2015

X03_2015

X04_2015

X05_2015

X06_2015

X07 2015

X08_2015

X11 2015

OO0 |0O|0|0|0O|0|0|0|0|0O|0|0|0|0|0o|0|O0|Oo|O|Oo|Oo

O|I0|0O|0|0|0O|0|0|0|0|0O|0|0|0|0|0o|0|O0|Oo|O|O|Oo

X12 2015

o
o
o
N

X11 2015

o
o
o
N

move forward

X01 2016

0.003

X12 2015

0.001

move back

X02 2016

X12 2015

0.001

move back

X03_2016

X12_ 2015

0.001

move back

X04 2016

X12 2015

0.001

move back

X05_ 2016

-0.011

X04 2016

-0.01

move forward

X06_2016

0.01

X05_2016

X09 2016

-0.028

X06_2016

-0.028

move forward
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2.3.3.3 GPR files

Raw and posprocessed files of Ground Penetrating Radar (GPR )vazia
receivedirom two different sourcegsmtrak and FRA (CSXyith some differences.
An alignment process, similar to previous processes, was completed for the GPR data.
Threeantennas signals; Left, CentandRight of the Ballast Fouling Index (BFI)

definingMoistureContentand Layer Thicknessere obtained

2.3.4 DataAlignment

Alignmentof the variablesas part oflataset constructipmwasa significant
part of the analysis, whiatlependeentirely onthe dataquality. Data alignmenwvas
doneatdifferent levels such as, the alignment of observations of variables of different
inspections thatvere measuredn the same track MP.

Amtrak OakingtorRoad data,presentedn the sectior?.3.4.1 belowis an
example of alignment of observations of valesof similar inspection typee.,

observations of variables of Geometry Inspection.

2.3.4.1 Similar Inspection Alignment Example for Amtrak Oakington Rd . Data

EDA of the different continuous geometry inspectionéduwitrak Oakington
Roaddatashowed a misalignant between their variable observations. Therefore, the
data frames were carefully and individually examined and thafigement by their
MP. Table 2.12 belowlustratesthe change in MP that was done per variable for each
of the inspectionsime Seriesrom June2013 toSeptembeR016

By examirationand comparison of theameinspection variable®.g, Right
Profile for different inspection dates, it was possible to identify the misalignment and
align itafterward Other variables in the data sets could be aligned using the alignment

shifting valueasseen in Table 2.1.
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A consolidatediatabaséor the analysis required tlewaluation of39 sets of
geometry measuremerdsad their grouping inta singledata framelnitially, all the
files wereconvetedto a common .csv format and reneshto atypical, i.e., easily
recognizablgrogramming identifyinghe name Then all thefiles were loaded into
thesoftware, eitherR softwarepr MS Access by thekey variablesand
observations

Figures 2.16 and 2.17 present an example of four sets of geometry signals
before and after alignment. Thisaghical illustration of the time series data before
and after alignment shows theosscorrelationfor severalvariables. Notefhte

significant increase in correlation after a proper longitudinal alignment of the data.
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Figure2.16: Graphicallllustration of theTIME SERIESof the Variable a Gorrelation
Plot Before Alignment
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Figure2.17: Graphicallllustration of theTIME SERIESof the Variable a Gorrelation
Plot After Alignment

2.3.4.2 Different Inspection Alignment Example for Amtrak Oakington Rd.
Data

As nded, heanalysis involvesariables from different inspectiossich aghe

Time Seriesalignment as presented in sect8.4.1,a multivariable multiinspection
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alignment. Amtherexampleof suchanalignmentwill bepresentedn section

3.3.1.3.3where it isbeing usedor further analysis.

2.4 Remarks
Before conductigthe primary analysis of the possible interrelation between
track geometry and track substructure condition, a preliminary investigation and
literature reviewwere donen this chapterThe fllowing remarks o the Background
chapter cae made
1. The propsedrelationships ppear to bgossible and havieeen widely
discussedn the literature as discussed in this chapter.
2. The optimal Track Geometry condition for development such mutual
structural relationsould be by the representation of the track inegithf
two ways:
1 Usingraw datawith the profile (surfac@ asthe dominant
geometry inspection parametéor such a relations development.
1 UsingTrackQuality Indices(TQIs), suchasStandard Deviation
SD, Running Roughness (RR), and Root Mean Square (RMS).
3. The Track Substructure representai®possible in eitheof two
inspections waydYirail or the GPR. However, GPR inspection provides
the best thorough condition of the tracknfation,i.e., substructure for all
its layers.
4. The feasibility and the importance of the research are due to the three
primarymotivators for theorrelation

1 Engineering examination showed the feasibibtyhis study.
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1 The statistical accidents FRA datainted toward the importance
of this research.
1 The siccessfubutputof the research will benefit the railroad
industry, the passengers, and skakenolders
5. Data preparation, including collection, definition, consolidation, and
alignment of the variabteis a vital part of the data analysis. Thus, dataset
construction is a significant past the processand its quality will have an

enormous impact on the analysis success.
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Chapter 3

EXPLORATORY DATA ANALYSIS (EDA)

3.1 Introduction

Exploratory Data Analysis (EDA) i@n approacthat uses variety of
techniques, most of thegraphica) to allow thefirst insight into a data set. EDA helps
characterize the data in the following ways:

1 Whether there are anomalies in the variables (outlfts)h-Okine 2017)
1 If there are simple relationshipgtwee the variablessuch as patterns

The EDA in this studys presentedh two main parts; initial EDA and
advanced EDA, including data mining.

EDA includes the basic EDA approaches that are used to explore each
inspection/dataset separatéBox 2017)This includesanalysis of aingledata
variable, as well as, a multivariable analysis within an organic dataset. This way
preliminary relationships betwe@mdividual parameters areeing developedEDA of
a single data variable uses, for example, @sdics to understand its behavior.

It alsoidentifies potential relationships between multiple datasets, such as the
track geometryMrail, andGPR data discussed previousin AdvancedEDA
approachs presented in sectid2 of the EDA chapter anequires extensive data
preparation.

The EDA presented in this chapter applies to all data that was received and
presented in the previous Chapt@verall the approach included the following

analysis steps:
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1 Data cleaning a process of removing noise andansistent data.

1 Data integration a process of selection, grouping, combining, matching,
alignment multiple data sources variables and its observation forghgonof
relevant datasets and structures from the existing datéivabe sake ofspecific
analyses.

1 Data description and transformatib@a process to measure data sprami
develop an overall description of a set of data using descriptive statistics and other
methods. Evaluation of dataset: by class, structure, summary, aggregation, and its
sample.

1 Pattern evaluatioh a process to identify patterns based on domain knowtedge
and origin of the data. Develop preliminary relationships between track subsurface
data and track geometry. Identify potential correlation relationships between data
sds such as geometry defects and subsurface measurement data.

9 Data visualization a technique to graphically represent valuable information
regarding the data.

This chapter has been structured to provide insight to the reader regarding the
EDA approach, particularly its applicatiamdimplemenation Thechapteinncludes a

discussion of EDA and Advanced EDA with its all related subsections and ends with a

5Spread measures; the similgrit or t he variety of the vari
spread includes; the range of the quartiles and the interquartile, the variance, and the
SD of its observations.

6 Domain knowledge any specialized discipline or field knowledge that is essential in
performing data analysis
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Prelimnary Observations section, which represents comments and observations

regarding the EDA analysis performed. The chapter includes preliminary results.

3.2 Exploratory Data Analysis (EDA) Results

The EDA presented here was performed on available data provideddnal
majorClassl US Railroad and the FRAo includerailroad companies such as CSX,
and AMTRAK.

Thecentralpart of the analysis presented in this subchapter (3.2) was applied
on theCSX Peninsula Subdivision MP &®B data as was measured by the FRA using

theT-18track inspection vehicle

3.2.1 Dataset Description

EDA in particularanddata analysisn general, requisgthe constructiorof an
appropriateelational databaséefore any sigificant statistical analysesanbe
performed Performingfundamentastatistical analyses for each variable allows for
the exploration and measurement of the following: quartiles and interquartile range,
spread/dispersioanddistribution of dataTheseanalyseslescribehe variability in
thedatasamplelt also measures the central tendmscsuch as the mean atige
median

Table 3.1 presents by rows, the following:

1 Number of columns thaachdata typeas storedin

1 Relation of the inspectioio theright/left side, or not related to side
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3.2.2 Descriptive Statistics

Descriptive statisticeneasurd the raw and processed datéormation such as
its: spreadyariance andStandard Deviatioby describing data summary
observations.

Table 3.2 below providedefinitions for the descriptive statistics output
samples presented in Table 3.2 and Table 3.3. Note that the descriptive stetigtics

determind using R, an open source software package for advanced statistical analysis.

Table3.1: VariablesSummaryOutputand RowsDescription

Row number InformationAbout theVariable
1 Variable name
Number of observation and min value
Class of the variable and its 1st Quartilalue
Provide the Mode of the character and its Meq
Provide the Mean
Providethe 3rd Quartile value
Provide the Max value

N[OOI WIN

3.2.3 Descriptive Statistics and Software Output

Tables3.2 and3.3 are sampkeof the descriptive statistics for the complete
dataset, including all inspection compiled as part of this activity. The tables give the
descriptive statistics for thH@eometryand Mrail inspections variabléisathad been

collected The data include theisxmary of CSX Peninsula Stihivision MP6769

7 Quartilestands for onef four equal groups that include the population of the dataset
according to its distribution
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track sections. The tables descritoe each variablgits valuesn four equal groups

into which they ardeing divided

Table3.2: Descriptive Statistics CSX PeninsiBabdivisionMP 67-69, Sample 1

LProf31 [in] | LProf62 [in] | LProf124 [in] | RProf31 [in]
Min. -1.263 -1.466 -1.604 -1.086
1st Qu. -0.095 -0.096 -0.148 -0.093
Median 0.006 0.005 -0.002 0.005
Mean 0.000 -0.001 -0.003 0.001
3rd Qu. 0.106 0.103 0.161 0.104
Max. 0.945 0.847 1.365 1.078

Table3.3: Descriptive Statistics CSX PeninsiB8abdivisionMP 6769, Sample2

LAlignSP [in] \ RAIignSP [in] | YRel Left [in] | YRel Right [in]
Min. -0.759 -0.778 -0.263 -0.283
1st Qu. -0.055 -0.061 0.066 0.065
Median 0.000 0.000 0.114 0.111
Mean 0.005 0.006 0.123 0.116
3rd Qu. 0.056 0.063 0.167 0.158
Max. 0.811 0.849 1.267 0.620

3.2.4 Dataset Structure and Variable Class
Proper analyses of the data have to include investigation of each variable,

particularly its: type, class, and structure. Thaeablestructure varies betweeaither:
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numerc, double, categorical, or characteNumerical variables are variables that
take numbers, whichre classifieés discrete or continuous. Categorical variables are
variables that present a label from a groufabéls.

For performingspecificanalysesnethod, it isessentiato know thetype of the
variable and data sdbr examplethe class, and the number of variabksiso, the
form of the varial# is necessaryo bedefined such asqualitative, or quanttive.
For instance, in gualitativevariable the frequencyis beingmeasurd, while for
quantitativethemeasures of central tendency and dispersion.

Table3.4 definesthedata structure that wibe usedn Table3.5. Table 3.5
presentan output exampleontainng the dataset structure definitionsdefined by R

for several examples of sampled data.

Table3.4. VariablesDataStructureOutput,RowsDescription

Row number | Informationis givenabout the variable:
1 Name of the dataset and teriables that will present below
2 Classes of the dataset, number of observations and number of variab
Name of the variables, value of the, five samples of the variable
3 observations
Name of the variables, value of the, five samples oféniable
4 observations
Name of the variables, value of the, five samples of the variable
5 observations
Name of the variables, value of the, five samples of the variable
6 observations

8 In Computer Sciencepdibleis a numericzariablethatcan holdmany Bi t s 6

9 In Computer Sciencés avariabletype which can hold any type of data
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3.2.4.1 DatasetStructure and Variable Class R SoftwareOutput Rows, Sample
The datapresented in this sectioma s

caron the CSX track sectionk includesGeometryandMrail inspection parameters.

me as ur ed -1B pspdctiom

Table3.5: CSX Peninsul&ubdivisionDataStructure Sample
Cl asses thidt minddf @,at @ . dbs ad Mheatiables:
LProf31 [in] num | 0.011 | 0.002 | -0.015 | -0.038 | -0.057
LProf62 [in] num | -0.070 | -0.079 | -0.087 | -0.096 | -0.105
LProf124 [in] num | 0.233 | 0.221 | 0.204 | 0.184 | 0.161
RProf31 [in] num | -0.095| -0.089 | -0.087 | -0.084 | -0.075
LAlignSP [in] num| 0.733 | 0.718 | 0.711 | 0.712 | 0.713
RAIlignSP [in] num | 0.665 | 0.680 | 0.690 | 0.696 | 0.700
YRel Left [in] num | 0.026 | 0.016 | 0.012 | 0.025 | 0.021
YRel Right [in] num| 0.153 | 0.141 | 0.135 | 0.110 | 0.101

3.2.4.2 TheHeadand Tail of a Dataset

FRAOS

For extensive dataseta useful tool for describing the datasets is the head and

tail function, which identifies the first five and last five observations of the variables in

the dataset. Tabl&6 is a sample dataset providing the results of the head sétlata

observations for each variable. The sample generated on CSX Peninsula Subdivision

datais presente@s an example. Head of the data, in this case, describes the

perspective on the variable; type, magnitude, or scale of the variables observations.

For presentation convenience, the data in the table is reyérsedeen rowsnd

columns.
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Table3.6:

Variable

Headof the Dataset

Observation number

2

3

4

LProf31 [in]

0.011

0.002

-0.015

-0.038

-0.057

LProf62 [in]

-0.070

-0.079

-0.087

-0.096

-0.105

LProf124 [in]

0.233

0.221

0.204

0.184

0.161

RProf31 [in]

-0.095

-0.089

-0.087

-0.084

-0.075

RProf62 [in]

-0.181

-0.162

-0.143

-0.134

-0.129

RProf124 [in]

-0.084

-0.084

-0.090

-0.096

-0.101

LAlign31 [in]

0.017

0.002

-0.002

0.002

0.009

LAlign62 [in]

-0.108

-0.119

-0.122

-0.115

-0.102

LAlign124 [in]

-0.009

-0.040

-0.070

-0.098

-0.119

RAlign31 [in]

-0.012

0.013

0.037

0.055

0.070

RAIign62 [in]

-0.155

-0.143

-0.137

-0.129

-0.114

RAlign124 [in]

-0.206

-0.197

-0.182

-0.163

-0.140

Gage [in]

56.7

56.7

56.7

56.6

56.6

Crosslevel [in]

0.807

0.793

0.782

0.770

0.752

LProfSP [in]

0.655

0.632

0.605

0.576

0.546

RProfSP [in]

0.454

0.446

0.432

0.420

0.410

LAlignSP [in]

0.733

0.718

0.711

0.712

0.713

RAIignSP [in]

0.665

0.680

0.690

0.696

0.700

Yrel Left [in]

0.026

0.016

0.012

0.025

0.020

Yrel Right [in]

0.153

0.141

0.135

0.110

0.101

the EDA in this activity.

3.2.4.3 Use ofVisualization Techniques
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Visualization and graphical analysis play a significant role in finding
relationships and patterns in the data. In the EDA, several basic visualization
approaches have been used to examine a doe&lationbetween the variables tife
inspection datasets, without any substantial modification to the data. Visualization
may point to relationship and patterns, as well as guithe@nalystowards
advanced analyséschniques, which ithe primary purpose of the EDA.

Thesectionpresentshe applicationof several visualization techniquased in




3.2.4.3.1 Base and Exploratory Graphics

Thebase plotting systent the data visualizatiorand representaticare shown

belowapplying the following tools on the data taken frdra CSX Peninsula

Subdivision MP 67 to 69.

3.2.4.3.2 Bivariable Visualization
Bivariable visualization is the simplest method of finding patterns between two

variables. Figure 3.1 below shows the relationship of two variables of the CSX
Peninsula Subdivisiodatasetor MP 67 to 69; Yrel Right (from Mrail) and Right

Profile 31 (from the track geometry car), and the possible correlation between them. A

predominant decreasing linear relationship band appears to exist.

Yrel R[in]

Rprof31 [in]

Figure3.1: CSX Peninsul&ubdivisionMP67-69; Yrel Rightand Right Profile 31
CorrelationPlot
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3.2.4.3.3 Multivariable Visualization

Figure 3.2 belowllustrates the graphical relationship between five variables in
this dataset. Thishartis an illustrative example, the full set\adriabless presented
in the AppendixA.1.2. Eachfigure contains a different combination of variables,
evaluate patterns, and identify changes and behaviors. The first variable ahagch
is MP-Mile Post. The rest of the variables are usually unioeeverin some cases,
variables ee intentionally repeatee,g.,to find patterns between the right, and left
measurements. For example, thappearto be inverseorrelations relationships

between Lprof31, Lprof62, Lprofl24 and Yrel L, particularly with Lprof31.

Figure3.2: CSX Peninsul&ubdivisionMP67-69 MultivariableScatter Plot, Sample
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3.2.4.3.4 Box and Whisker Plot

Box and whisker plots, which are part of the EDA analysis, explicitly depict
the shape of the data distribution as well as its central value and variability.

Due to either high vaability of the samples, or an error in the inspection
some ofthe observationsanbeidentifiedas outlies. In other words, the outlier is a
distant observation from the others. Furthermore, an outlier may cause a misleading
understanding of the patteimthe data and unreliable predictive mod&subbs
1969) Thus, the outliers give perspective on the variables variety and have to be
considered and either: ignoredusedin specific cases from trdata

Figure3.3 below is an example for a Box and Whisker plot of the CSX
Peninsula Subdivision MP&39, to include the Mrail and the Geometry inspection
results for four variables such as LProf31, LProf62, LProf124, and ‘éfel The rest
of Box-Plotfiguresarepresentedn the AppendixA.1.3. The box plot variables show
the most extensive spread for LProf124, while the smallest sigréadyrel L. By
thesefigures, it seems to be that dlie geometry variables thare pesentedire
highly spreadwhich characterize track geometry. Thussthoutliersvill not be
deleted and wilbe incorporatethto the analysis. The same conclusiamse reached

on the Mrail inspection variablerel).
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Figure3.3: Box and Whisker Plot CSX RansulaSubdivisionMP67-69 data
Sample

3.2.4.3.5 Combination of Box-Whisker Plot and Scatter Graphical
Representation

Figure3.4 below presents the Yrel Lefbne of the variables presented in
Figure 33, asafunctionof the MP. The opportunity of such a graphicambination
of theBox andWhisker plot andhebivariable scatter platis in its visualizationlt
provides to the analyst a tool and the abflitydeegr understanding of the variable
behavior For example,in Figure 34 three abnormal observations of tfes| Left

variable ofthe Mrail inspectioncan be seen together witheir location in the track.

One of them isdistinctoutlier.
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Figure3.4: Box-Whiskerplot and Scatter CSX data; Yrel Left and MP

3.2.4.3.6 Histograms

A histogram is presented for one variable and provides an accurate
visualization of the distribution and the frequency, or density of a continuous
numerical variable im specifiedinterval, therefore it is an integral part of the EDA.
Moreover, due to iteature it shows the probability distributiohus it is used to
estimate the probability density function and possibly find the distribution that will fit
the variable.

Figure3.5 showsa YrelLeft variable, whichappears to be mormal

distribution, that fact will b@roven or disproved the QQ Plot analysis.

76



1200 M

1000

Frequency
(=]
=
o
|
J

400

200

T T T T T 1
02 0.0 02 04 06 0.8

YREL L VAL

Figure3.5: Histogram, CSX PeninsutBubdivisionMP67-69

3.2.4.3.7 Combination of aHistogram and Kernel Density Estimation (KDE)

A combination of Histogram and Kernel Density Estimation (KP)Ereates a
useful illustration of th@ptimally smoothed distribution of random variables in the
histogram with high bin numbers. All the variables in the CSX Peninsula Subdivision
MP67-69 inspedbn datawere plottecandare presenteth the AppendixA.1.4. Figure
3.6 presents a sample plot of this data combinafitve.chartshow KDE of the

RProf311, the line in red color, on top of a histogram of that variable fiGjoee, in

10 A nonparametridensityestimationline that makeestimation of a probability

density function(Parzen 1962) i n addi ti on, used to Aasses

skewness, or any other st r(Baevetal210) n t

11 eft rail profile measured over a 3aot chord
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particular the KDE line,illustrates a behavior whiclappears to ba normal
distribution. Thisnormalbehavior of the variable, as well as the otrarables will

be examineadh the following section.

Density
[\%]
I

| T T T |
-1.0 05 0.0 0.5 1.0

p1_R_other$'RProf31 [in]’

Figure3.6: Histogram and KDE of CSX PeninsufaibdivisionMP67-69 inspection
RProf31 Sample

3.2.4.3.8 Quantile-Quantile (QQ) Plot

The QuantileQuantile (QQ) probability plot is a subsidiary graphical
technique for EDA, whiclcompareswo probability distributions by their quantiles
against one another. The two probability digttibns may bef two variables, an
ordered variableanda reference, or a variable and a theoretical distribution.

A typical QQ plot of the variable observations would suggest thataiteey
normally distributedf the observation points in tHgure would create an
approximately straight line passing through fing andthird quartiles, as shown
below. Thus, the QQ plots are used to measure whether variable obseraions

normally distributedFigure 37 preserg a sample of th@Q plot for the same
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LProf31variable shown in Figure @above. Figure 3.remove all doubts and clearly
show that LRrof31s not normally distributed
The rest of the QQ plots for the other variables of the dadasgiresenteth

AppendixA.1.5.

LProf31 [in]

Sample Quantiles

Theoretical Quantiles

Figure3.7: Q-Q Plot, CSX Peninsul8ubdivision MP6769 Inspectiorn_prof31,
Sample

3.2.4.3.9 Multivariable Scatter Plot

A related EDA approach allows for a graphical presentation that allows for
analysis of the behavior of two different parameters with different distribufans.
example, consider the BR, BFI C, and BFI L signals as a function thie Beginning
of Mile Post(BMP). For the FRA GPkhspectioneach sample has Beginninghdile
Post(BMP) and End oMile Post(EMP) since each one of its valuespreserga long

segment (15.84 ft) of a track.
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EDA is not a data analysis tool by itself this dissertationputa principal
subsidiaryandvaluable tool for examining data for further data analysisitaisc
non-detachable part of iEorexamplethe EDA hep us to identify the most useful
variables in the dataset. In the GPR inspection of CSX Peninsula SubdMB&®aA
69, it was found that thBFI Right variable in this dataset mbhg corrupteds it seen
in the Multivariable Scatter Plot, Figure8Baandthe Box and Whisker Plot, Figure$3.

Thus,BFI R wasexcludedrom further analysis.
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Figure3.8: Multivariable BFland BMPCorrelationScatterPlot on CSX Peninsula
Subdivision MP 6769
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Figure3.9: Box and Whisker Pladf the BFI signals and BMRESX Peninsula
SubdivisionMP67-69 data

Thenexttwo figures, the Figure 30land the Figure 31lpresenthe BFI left
andBFI centersignalsseparadly, while the Figure 33 putsthem together in the
samefigure aligned by the MP. The variables in the three figure$aarboth MP,i.e.,
BMP and EMP.
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Figure3.10: BFI Left vs. MP, include (BMP & EMP) Plot, CSX Peninsula
Subdivision MP 6769
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Figure3.11: BFI Centervs. MP, include (BMP & EMP) Plot, CSX Peninsula
Subdivision MP 6769
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In theFigure 3.12, the blue color stands for Left signal, while the orange color
stands for the Center signal. Tetmmbined Figure allows for the identification of

suspicouslocationsfor further analysis.
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Figure3.12: BFI L BFI Cvs. MP, include (BMP & EMP) Plot, CSX Peninsul
Subdivision MP 6769

3.3 Advanced EDA

Advanced EDA includea more extensive analgthat carbe performed
before movingorwardto the more formal data analysis techniques. These analyses
were conductedn the same datasets as the previous EDA analyses.

The primary focus of Advanced EDA is arploratoryanalysis of
multivariable inspection parameters, such as from the different subsurface and surface
inspection technologies data presented previously. The intent is to eékpbgilen

features of the datmainly when visualizing multivariable high dimensional data.
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The advanced EDA techniques include the following:
1 Frequency Multivariable Analysis.
1 Advanced graphics to include:
U Multivariable inspection correlation.
U Threesignals in one 2@igure.
U Correlation plot with Linear model fit.
U Correlation plot with linear and parabolic model fit.
U Cumulative PDF/histogram.
0 Track Quality Index (TQI) analyses and visualization were used in
this subchapter tdescribethe variables.
Also, Advanced EDA adds kmdedge about thgivendata by extracting from
it patterninformation UsingAdvanced EDAtogether withintelligert data analysis
methodshiddenpatterns andelationshipsn large quantities of datzanbe identified
such as talevelop relationships beeen geometry dai@ includeTrack Quality
Indices orTQIs) and other inspection data
The analyses included derived or analytical parameters such as Track Quality
Index (TQI) from theprimarydataseti.e., raw (track geometry parameters). These
parameterslescribehe geometry data. Additional outcomes of these anafyséise
identification of otherwise unsuspected relationships and summaries of the railway
data in forms and ways that are both understaledad practically useful.
For each of the key identifigghrameters, preliminary relationshipsre
developeddetween the different technologmased inspection parameters. Thus, for
example, is there a potential relationship between ballast foulingasined by GPR

and vertical track modulus as measured by MFaitthermore, this relationship
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affecsthe track geometry degradation parameters as measured by the track geometry
system.

Figure 313 describes the path that the data must go through in DAst&sk.

[ Railway Data ]

* Selection of Appropriate Data
* Removal and Analyses of Outliers

* Preprocessing
* Exploratory Data Analysis

[ Pre-Processed Data ]

* Transformation

A 4

[ Transformed Data ]

* Data Mining

A 4

[ Patterns ]

Figure3.13: The EDA Path of Datélitherto (Attoh-Okine 2017)

3.3.1 Track Quality Index (TQI) Analysis
The different Track Quality Indes (TQI) used in this studyeredefinedin
Chapter 2 Background. There are different numerical techniques used to calculate TQI

which include: Running Roughness (RR), Root Mean Square (RMS), and Standard
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Deviation (SD). Often different TQI analyses are used for different track geometry
parameters. Thus, for example, Standard Deviation is often used for Profile data, such
as used in thidissertation
In some cases, TQlcdmeuseda s an alternative to fArawbo
outputs for more detailed analysis of track degradation trendssednavior.
As noted previously, the primary data sources used in these analyses were data
from the CSX Peninsula Subdivision MR69 and AMTRAK Oakington Road
Track2 MP 6264. The resultingxaminatiorfocused orgenerating metrics in the
form of TQIs, paticularly for profile/surfaceand to comparéhem to the various
inspection data parameters, to identify potential relationships thaecasedor the

morein-depthanalyses.

3.3.1.1 Raw Data Signal Figures, Without TQI

The primary variables evaluated as pérthe TQI analyses presented hare
1 LProf3l1
1 LProf62.
1 LProfl24
1 BFIC.
1 BFIL.

1 YrellL.

Among the different crossorrelation combinations are MraiGeometry
[Delta(Yrel L-Lprof31), Delta(Yrel L-Lprof62), and delta(Yrel Lprof124)].

As a first step, the relationship between the CSX Penii@&ibidivision
geometry raw data and thalkastFouling Index (BFl)inspection datés evaluategdas

shown in Figure3.14 through Figure3.18. For example, in Figure 3#41the xaxis is
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theMile Pog (MP), the yaxis is LProf62andthe secondary-gxis (right side of the
graph) is theBFI L. Note the BFI, which follows th8elig Fouling IndeXSelig and
Waters 1994)starts at th@alue16, which represers Moderately Fouled ballasAs

BFI increases, it goes frofouled to ahighly fouled ballast.

ZE o

il A._MMM)% 1 ik A hb *JMW\M

Lprof62 [in]

5 MIA

67 67.2 67.4 67.6 67.8 68 68.2 68.4 68.6
MP

LProf62 [in]

BFI_Value_Left

Figure3.14: Lprof62 & BFI L vs MP, CSX Peninsul&ubdivisionMP67-69

TheFigure3.14, above shows a goodorrelation between the peaksBf| L
and Lprd62 variablesln thefigure, there areabout tersites whereorrelationseens
to occur, corresponding tobservegeak matching behavior.

Figure 3.5 below, showsimilar parameters, but witBFI C instead oBFI L;

It likewise showsgyood pealcorrelation butata muchlower ratej.e., five matching

peaks.
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Figure3.15: Lprof62 & BFI C vs MP, CSX Peninsul8ubdivisionMP67-69

The following three figures, Figure 3.19 to 3.21, pre&#itC from GPR

LProf62 [in]

——BFI_Value_Center
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68.4 68.6

96
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76

66

56

46

36

26

16

inspection and aew calculated parametBelta TheDeltais the difference between

the Profile and YrelThis parametewas observeduring the EDA wherethere was

possible correlation between the geometry inspection Profile variabtbalail

BFIC

inspection Yrel variableThus thefiguresexamine the difference between the Profile

and Yrel The Figures3.16, 3.17 and3.18 presenthe Delta parameter as the
difference between Yrel L and Lprofl124, Lprof62 and Lprof31 respectively.

Figure3.19examine the behavior &FI C and the Delta paraster calculated

by subtracting_prof124 from Yrel L. Theeis some correlation, but it is nas good

as inthe previoud=igures
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Figure3.16: DeltaYrel L-Lprofl124) & BFI C vs MP, CSX Peninsul8ubdivision
MP67-69

Figure 3.7 repeats exactly the Figure 8, but theDelta used prof62 instead
of theLprofl24variable, thus changing the measurenafiordfrom 124foot to 62-
foot chord The correlation seems to improve in ttiimrtascompared to the previous

chartparticularly for values of Delta greater tha andBFI C greater than 46.
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Figure3.17: DeltaYrel L-Lprof62) & BFI C vs MP, CSX Peninsul8ubdivision

MP67-69

Figure 318 usesLprof31 for Delta calculation. The correlation also seems to

improve in thisfigure, as compared to Figurel3d.and 316. This relationship of

profile variable with 62Xoot chordBFI C is another sign of preferring it over other

profile variables.
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Figure3.18: DeltaYrel L-Lprof31) & BFI C vs MP, CSX Peninsul8ubdivision
MP67-69

Overall, using the Delta parameter illustrates ssfjgle improvement in the

correlation between Profile and Ballast Fouling Index.

3.3.1.1.1 AMTRAK Oakington R oad Track 2

This section presents the raw data signal andiigsisesfor the Amtrak track
site near Oakington Road, Maryland. These are presented in$=gjL®¢o0 3.4,
without application of Track Quality Index (TQI). Eachartbelow uses different
variable for they-axis

The variablesised in this analyssre Rprof62, abs(Rprof6 23FI C, BFI R,
BLT C andBLT R. Thegeometry inspection variables., Rprof62,or abs(Rprof62
arepresents 22 individual time serigeom June 2013 to September 2q%6elegend
of the figures).

The relationship between the raw geometry dataBidCenteris shown in

Figure3.19 which present8FI C andthe 22 diferenttime series of Rprof62 as a
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function of MP. NoteBFI C has two values for each MBne is for theBeginning
Mile Post(BMP), andthe other one is fdEnding Mile Post (EMP)Thisis due tathe
postprocessedamplerateof AMTRAK GPR inspection variables. it each GPR
samplehas dengthof 16.67 ft. The EMP and BMP tiie BFI are presentedstwo

red lines shows the beginning and the end of the fouling index location.
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——X08_2015 ——X11_2015 Center (B/E MP) Center (B/E MP)

Figure3.19: AMTRAK Oakington Rd Trk2 Rprof62 anBFI Centervs. MP that
includes BMP & EMP

All the following Figures in this subchaptee., Figures 3.2 to 3.24 have the
absolute values of the Rprof62 time series as the venjieali§). Thisis because the
profile has positive or negative values, but it is the magnitude which determines the

defect, so absolute valadows for more naturatorrelation with either positive or
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negative defects. Moreovet can beseenn Figure 319, that the negative and the
positive are inthe sameéocation and with about the same opposite magnithidée,
the isolated defects are represented by the amplitude from zero to the peak, as defined
in the European Norr{British Standard European Norm 13848003+A1:2008
2008)
In Figures 3.21 t03.23, the BFI is represented separately in the secondary y
axis(right-handside of thechar) andranges betweethe indexvaluesl6 to 33,as per
the Selig Fouling Indexvhich isdefined in Tble3.7 andreflects ModeratelyFouled

to Fouled ballast locations.

Table3.7: SeligFouling Index(Selig and Waters 19949r the Ballast

Category Fouling index [%0]
Clean <1

Moderately Clean| 1 to <10
Moderately Fouleq 10 to <20
Fouled 20 to <40

Highly Fouled 040
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Figure3.20: AMTRAK Oakington Rd TrkZabsRprof62 andBFI Centervs.
BMP&EMP
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