Derail ment Prediction Model

TAVIA WING TUNG CHOW

A THESIS SUBMITTEDTO
THE FACULTY OF GRADUATE STUDIES
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR THE DEGREE OF
MASTER OF APPLIED SCIENCE IN CIVIIENGINEERING

GRADUATE PROGRAM INCIVIL ENGINEERING
YORK UNIVERSITY
TORONTO, ONTARIO

March 2020

© Tavia Wing Tung Chow, 2020

S

f

or



Abstract

Train related accidents, particularly derailments, can lead to severe consequences eshenially
theyinvolveinjuries or fatalities or involvdangerous goodlatmight result in environmental impacts.
literature reviewfound that rail safety assesemt and derailment prediction moddiave often been
constrained by aggregated dataich mayyield inaccurate assesments ofhe safety performance of a rail
network by for examplefailing to consider segmetevel characteristics.

This study focused on the developmergegmenievel derailment prediction models for Canada
rail networkusing negative binomiahal logistic regressiomodellingmethodsThe study used a network
screening process to identify key segments of derailment canddhorough quantitative review of the
model s6 results and perfor mance wa sesandapplicatidne d
of the models in derailment predictionhe anatical approach and findings in thiudy have strong
implications foradvancing research on rail safety in North America

Keywords:rail safety,track segmentnetwork screening, safeperformance function, derailmestisk prediction,
negative binomial regression,distic regression
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CHAPTER 1. INTRODUCTION

This chapter providesaoverviewof the research topic and a description of the safety network screening

process. The researsbope researclobjectivesandstructure of thehesisare also presented

1.1. Research Overview

Rail transportation is pivotal tdlorth Americad s e ¢ asnitdanilijates efficient movement aboth
commodities and passengetzanada has ovet6,000 kilometresof rail infrastructure suppting the
transrtation of goods and passengéfsansport Canada, 2019\ majority of these rail lines are
classified as Clask such as the transcontinerftalight railway systems owned by Canadian National and
Canadian Pacifiandtheintercity pasenger rail line®wned byVIA Rail (Transport Canada, 2011he
remaining regional and shorter railways are classified as ClaBsdllfreight rail sector is responsible for
transportingcommoditiesoverlong distances whilthe passenger rail sectprovides commuter nitercity

and tourist transportation sereg In 2017, the traffic levels, measured in tranies for freight and
passenger trains were 65 and 12 million respectively.

In contrast the United StateshereafteiiuSo) has approximately4D,000 miles (or 225,308 km)
of rail infrastructureoperated § over 650 rail companiesupporting the delivery of goodsd passenger
transporation servicegAssociation of American Railroad2019).As freight rail infrastructure is privately
owned railroadcompanies areesponsible for their own maintenance angrovementRail tracks in the
US are defined from Class 1@ass9. The Classs based on construction detadind geometric variables
anddeterminsthe maximum allowablspeed limitsSeven Class | raitoadsaccount for nearly 68%#77
million train-miles) of freight rail mileage connecting multiple stat&naller, norClass lIrail tracks
operateaail lines with shorter mileage anoMWerfrequenciesPassenger ragervices in the US are maged
by theNational Railroad Passeng€prporation also known as AmtralPassenger radlervicesecordech
train mileageof 38 million in 2017 through the provision wfedium and longdistancs intercity service
(Bureau of Transportation Statistic917).

1.1.1. Derailment Trends

Figure 1 showsthe 10-yeartrendfor maintrack derailmens for Canada anthe US between2009and
2018. The Canadian data was retrieved ftbelransportation Safety Board of Cana@BSB) whilst the

1 The seven Class | freight railroads are: BNSF Railway, CSX Transportation, Grand Trunk Corporation, Kansas City Southern
Railway, Norfolk Souther€ombined Railroad Subsidiaries, Soo Line Railroad, and Union Pacific RailFéa4, 2019)

2TSB (2019). Table 1. Railway occurrences and casualties; 2008 Retrieved from
https://www.tsb.gc.ca/eng/stats/rail/2018/ssem62018.htmi#3.0



US data was published by from the Federal Railroad Administration OffiféRA). For comparison
purposs, the numbers of derailments were normalized by millibas-milestraveled, a common measure
for rail activity. The solid lines represéthe numbeof maintrack derailments per million train miles and
the dashed lineepresenthe linear trend associated witiredata points.

—O— Derailment Rate (US) —O— Derailment Rate (CA)
- - - - Linear Trendline (US) - - - - Linear Trendline (CA)

2.50

2.00

1.50

y =0.0139x + 1.1976

1.00

Derailment Rate
per Million Train Miles

0.50

0.00
2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

Year

Figurel: Derailment Rate per Million Train Miles in Canada and the United States

The US hd aconsstently higher derailment rateandid Canadal . 85 compar d8 t o Ca
over the teryear periodThe number of derailments in both countries fluctuated eacheatS shows
an overall decreasing tren@spite the increase @f8% from 2009to 2010 followed by an 8.3% increase
the year aftelCanadahows an overall increasing trend with higtectuationsthan in the USDerailment
rates in Canadaangeal from 1.19to 153. For example, drailment rategsompared to the previousar
increasd by 28%in 2011, declined by 40% in 2012nd decreased by 10862016

Although the derailment rates may appear tedsg lowfor both countries, derailmentire often
associated with severe consequentesecognizing this, governing agees and rail comgnies put
significant effortinto ensuing the safety of rail transportatioffhe currentrail safety improvement

procedure involves eeportandrespondsystemwhere trainrelated accidents are se#ported by rail

3 FHWA (2019).Ten Year Accident/Incident Overview. Retrieved from
https://safetydata.fra.dot.gov/OfficeofSafety/publicsite/Query/TenYearAccidentincidentOverview.aspx
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operators Transport gencieghenresmnd through investigations, maintenance and/or implementation of

mitigation measures

In Canadaa rail operator fils a report tathe Transportation Safety Board ©@anadaTSB) for
review after araccident has occurredhe TSB then reiews the reporttranscribes information to their
central rail occurrence database and initiates appropriate actions according to the gravity of the situation.
In certain situations, accidents may waramnvestigdion in whichthe TSBis deployed to th occurrence
siteto conduct a detailed assessment (TSB, 2019). In ageke, the field investigators and/mgameers
examine the site, identify safety deficiencaslprovide recommendations which may include eelial
actions andafety countermeasuwselhus thecurrent safety network screening appro&heactive rather
than proactivesince itlacks an ability to identify and predictireas okafetyconcernprior to accidents.

This studyrecognizsthelimitations of the current systemndappliesa network screeng method
which involves the development of derailment prediction models to identify specific rail segments
(hereafter fisegmentso) of safety concenayhelptle Canad
government, transport auttities and railcompanésto identify, evaluag, and implement cosdffective

risk mitigation strategies.

Train related accidents haweajorimplicationsfor the safety of the publjcheenvironmeniand
service interruptions. As suchpramitment to safy is crucial toboth CanadaantheUS 6s r ai | i ndu s
Derailmentsand other riain accidentsoften lead to severe consequensash as injuriegnd casualties
when people are involvedand damage to thenvironmentwhen dangerous goodsre involved
Derailments can oag onmaintracksor non mairtracks. Maintracks arghe continuous maitine tracks
used for throughrainswhile norrmain tracksare thediscontinuous sections of tracks that requirangr#o
travel at reduced speed (Transport Cana@a8a). Normaintracksincludespurs rail yards, crossoves,
etc. (seeChapter 3.2.1for moreinformation on track classificationJhis thesis focuses on mairack

derailmentdollowing the rationale discusdén Chapter 2.1.2

1.1.2. Derailment Causes

Derailments are very rare events and the factors that contribute to this type of accident can be complex.
Some derailments might involve a combination of factors and cdusgsneral, theause ofideralment

can bebroadlycategorizedstrack, equipment, human factors, sigaaldmiscellaneous. Eadiroadgroup

can bedivided into more specific cause3able 1 presents the top 10 common causasaintrack
derailments in the US. Broken rails and welds are noted as the most frequent derailmentacduses
attributed to 15.3% of maitrack derailments between 2001 aiid @ (Liu et al., 2012).



Tablel: Top 10Common Cause®r Main-track Degilments in US, 2002010 (Liu et al., 2012)

Rank Common Causes Percentage
1 Broken Rails or Welds 15.3%
2 Track Geometry (excl. Wide Gaugt  7.3%
3 Bearing Failure (Car) 5.9%
4 Broken Wheels (Car) 5.2%
5 Train Handling (excl. Brakes) 4.6%
6 Wide Gaug 3.9%
7 Obstructions 3.5%
8 Buckled Track 3.4%
9 TrackTrain Interaction 3.4%
10  Other Axle/Journal Defects (Car) 3.3%

In Canada, theredominate causes for manack derailments arail, joint bar and rail anchoring
(10.8%)closel followed by tack geometry(9.7%).Table 2 presents the top 10 common causes for main

track derailments in Canadaegjshman, 2017)

Table2: Top 10Common Cause®r Main-track Derailmentin Canada, 2002014 (Leishman, 2017)

Rank Common Causes Percentage
1 Rail, joint bar and rail anchoring 10.8%
2 Track Geometry (excl. Wide Gaug: 9.7%
3 Environmental conditions 6.9%
4 Wheels 6.8%
5 Train handling 6.6%
6 Miscellaneous 6.2%
7 Axles and journabearings 5.3%
8 General switching rules 5.0%
9 Switches 4.8%
10 Brakes 3.%

Research has found théie cause of derailmentmay be affectetby the seasonal. For example,
wheel and rail failures are more prevalent inwlireter maths between Deoeber and MarchEnglish and
Moynihan 2007). Broken rail islsoa seasonal variaticasrails are more prone to thermal expansion and
stresses due to overheating in the summer months (Liu et al, 2012; Leishman, 2017). Deteoidratk
conditions carbe related to train traffic since track degradation may be more severe along segments with
high train volumes, heavy train loadsd/or high operating speeds. Causes related to track geometry and
components can often be mitigatsy inspection and maintence.

1.1.3. Derailmentimpacts

As previously mentioned, derailments can interrupt servicksnage infrastructure, impact the
environmentand lead to injuries and eveasualties. The financial consequences of derailments depend
onthe sevaty (number of rdcars involved) and location. Derailment severity is measured by the number
of railcars involved. More severe derailments, those withmore railcars involved, can lead maoore

damagend highercosts (e.g. locomotive repairack mantenanceetc) and greatereconomic losghrough
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loss in productivity. Derailments that occur in proximity to builp areas can lead to more severe
consequences (e.g. injuriemnd casualtigsand higher recovery costs thalerailmentsin a rural

environnent.

The econom costs incurred by derailments can be significant, particularly if dangerous goods are
involved. The impact on society antthe environment can be exacerbated by fires or@siphsthat may
followed aderailmentin July 2013, a tragitrainaccident occured in LaeMégantt, Quebec where a train
carrying flammable petroleum crude oil was derailed due to operational failure of the braking $g@em (
2013. This accident haked to 63 derailed cars and six million litres of oil leakagéctviturned into a

explosion resulting in 47 deaths.

Table 3 provides a higHevel costbreakdown for thé.ac-Mégantt accidentusing data retrieved
from an economic assessment report on accidents relatatsmrting crude by ail. The estimate fathe
environmental cleanup was $200 million in additiorotber recoveryosts of $500 mlilon. Thesecosts
could be substantially higher if a derailment of similar scale s@icar more populated arda.some cases
the environmerat cleanup costs can be partially funded by the federal and/or provincial governments. Even
with insurance covege and financial assistance from governments, the financial liability associated with

severe derailmentaaybe too substantidor responsiblgarties to bear.

Table3: Estimated Economic Codisr Lac-Mégantt Derailment (Goodman and Rowan, 2013)

Item Cost Estimates ($)
Decontamination $200to $500million
Town reconstruction, economic recovery and .

: S - . $500 million
compensationfordt i ms 6 f ami | i
Total $1 billion or more

Other indirectoss of derailments includil servicedisruptions whicttan be difficult to quantify
and not part of the scope of this thesis. At a Héylel, such costs could lassociated withdss in freight
activities and the increase in travel times for passengaspprtation services. For example, Northeast
Corridor Commi ssion6és (NEC) annual report has &est

translate to $1@million for theeconomy due to loss in productivity (NEC, 2017).

The safety impact andost implicationsof derailmentemphasize the needs for a more proactive
methodfor mitigating derailment risks. Network screening is a systematic approach tdyioherikey areas

of concern that may warrant consideration for safety improvements.



1.2. Safay Network Screening

Network screening is a common technique used for analyzing and comjsarisgortatiorfacilities in
accordancevith safety performancélhe Highway Safety Maual (HSM)(AASHTO, 2010 defines the
safety etwork screenings a systematic processr analyzing a transportation network to identify and
prioritize sites based on the potential for safety improvement

This process is widely used ihe transportatiorengineering industry to evaluate the safety
performance of transportation facilitiess part of the process, prediction models are developpktict
the average number of derailmebésed ora set of baracteristicsiidependent vaables) associateavith
a segment. Tése predictiomodek arealso referred to as Safety Performance Functions (SPFs) argich

further explained irfChapter 2.3.1
A network screening process typically consigtive major steg, as outlined below.

1. Establish focusDescribe the goal for network screening.
2. Identify network and establish reference populatiddentify the area of focus for screenjng

for example, derailments alomggin tracks

3. Select performanceneasures Select appropriate performance measures for reducing the
frequency and severity of accidemrsd evaluating safety risks. Fexample a performance

measurenight be thdrequency of derailments

4. Select screening methoBelecta screening metbd. Thescreeningnethodmay,for example,
involve therankingof segment®ased orthe expected frequecy of derailments

5. Screen and evaluate resul@arry outthe network screeningrocess andvaluate the results

and rankingproduced
The networkingscreening resultkelp transportation authorities to predict potential safety risks
allocate resourceand implemenappropriatemitigation measuresoreeffectivelyandstrategically
1.3. Research Goaknd Objectives

The primary goalof this research is to delop a network areening toolto identify segments with

derailment risk (also referred ésh o t simptietrasl Bejwork.



The studyhasthe following key objectives:

1. Provide aliterature review on statef-the-art methodologies, tools and practices ffail risk

managenentassociated with derailment

2. Conduct a descriptive analysigo gain anunderstanding of historical trends and patterns of
derailments in Canaga

3. Develop segmemevel derailment prediction nodels using negative binomial and logistic

regressiormodelling methods
4. Carry outnetwork screening aridentify derailmentprone segmertand

5. Compare andliscussthe model performancef the negative binomial and logistic regression
modellingtechniques.

1.4. Scopeand Structure of Thesis

The scope fothis thesis cosists ofconductingsafety network screenimgn Canad a 6 switraa i |
focus on maintrack derailmentsinvolving freight and passenger traimdain-track derailments are any
occurrence where the wheels of the trains come off the-traaiks, excludig collisions. A crucial
component of the network screening process includes the development of sleyelederailment

prediction models by employgmegative binomial and logistic regression modelling techniques.

At the outset of the stly, it is important to gain an irdepth understanding of the research topic
and data. This primarilinvolvesa literature reviewas documenteth Chapter 2. It alsoinvolvesdata
collection datavalidationandatrendanalysisasdocumentedn Chapter 3. The subsequenaskspertain
to the development grediction models anthe identification of segments with derailment riskhese
issuesare discussed i€@hapters 4through7. Chapter 8 then provides acomprehensiveeview ofthe
results of thenalysisand themodelperformancesChapter9d i s ¢ u s s e sresealtcleontsbutiord y 6 s

andlimitations and makesuggestiongor futureresearch

1.5. Chapter Summary

Rail transportation is a crucial component of the overall transportation systeoommodities ad
passengeri both the US and Canaddt is important to ensure the safety of the rail infrastructare
minimize safety risks and loss in productivifirain accidentsderailments in particulahave strong

implicationsfor the safety of the publiand may beassociatd with very substantial costs in terms of



environmental impact and disruption $ervices. Canadéd s ¢ uail sagety thanagemensystemis
reactive rather than proactiv®afety measures are often considered and implemenigdfter an accident
has ocurred. Thus, the current approdabks a predictive ability for identifying future hotspot locations

prior to accidents.

To overcomethis limitation, this studyappliesa safety network screening procdesvaluate the
safety performage of C a n a d ibn@te/orkr Sacha processnvolves the development segmemnievel
derailment prediction modebnd identification of segments with dénaént risk An ability to predict
derailment risksvould allow governing agencies and rail comparniesystematicajl evaluatethe safety

performance of the netwargerform maintenance and take remedial actions in a proactive manner.

The research methodology dfirilingsin thisthesishave benefits fatransportation agencies, ralil
companies angiafey practitionersThe studyinvolves the development segmenievel prediction models
for estimating derailment riskghich helpto identify the key segmentghatwarrant special attention for

further investigation and/or implementation of preventive nress



CHAPTER 2. LITERATURE REVIEW

This chaptepresentsa literature review of statef-the-art methodologies andmergingpracticedor rail
safdy management, particularly fgrediction of derailmentisks. It providesinsights ino the use of
scientific methoddo evaluatethe safety performancef rail infrastructure Note that afair amount of
research has been damederailmentpredictionin the United State$ut the relevartbpics havenot been
extensively explored in Canada.

2.1. Railway Safety

The following ®ctions provide a overview of historical trends and patterns of derailment occurrences in
theUS and Canada.

2.1.1. Derailmentsin the United Sates

Figure 2 showsthe number oflerailmens and millionstrain-milestravekd in the US usig data retrieved
from FRA (2019)for 2009to 2018 The number of traimilesis acommon measuref rail activity. It is
calculated bymultiplying the number of trains operated in a given ybgrthe distance travelledThe
number ofderalmentsremairedfairly consistentor the 10year period Thehighest number of derailments
wasobserved in 201IThenumber oftrain mileswas alsdairly consistent
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Figure2: Number of Derailmentand Total Train Milesn theUS (20092018)

In theUS, extensive researdtes focused orderailmentgisk analyss. The analyses and findings

have been used to address a variety of rail risk analysis and management quéatigre. the studies
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analyzed derailment potential basedsystem charactestics sich as track classeRail tracks in the US
are classified from 1 to 9 according to the geometrical requirements and speed limafiowable speed
increases athetrack class number increases; the speed limit€lmss 1 anClass 9 are 10 nitpand 10
mph respectively (FRA, 2019). Nayak et al. (1988(eda strong statistical correlation between trelelss
andthe number oflerailmenswith higher FRA track classes statistically associated feitterderailmens.
Other studks found the sameelationship(Treichel and Barkan, 1993; Liu et al., 201P)e findingis not
surprising as higher FRA track classewly highertrain speeds andiighertrain which in turn imply

stringentengineering and maintenance standandmnsuresafe operatios

Derailment causes hawso been analyzed to quantify derailment risks and determine areas for
further safety improvement®ther than using tabular data, anottead thatwas introduced by researchers
to assess the risk level of denadints is calledmiso-car line graphFigure 3 presents two samplso-car
line graphs. This graphical technique can be used to compare and assess the risk levels of different
derailment causebased on severity {gxis) andfrequency (xaxis). The measure of severity for
derailments is the number Hilcars involvedThe isecarline represents the equal level of risk based on
the number of derailechrs, an inverse function of the average hemofderailedcars, and the numberfo
derailments\\Vanget al, 2017)Theisolines and isecar numbers represent risk levels based on the distance
from theg r a prigid.s

In Figure 3(a), for example, the bottom left quadrampreents derailmentghat occur less
frequenly and that ardess sever (lower number of derailed carsyhe top right quadrant represents
derailments thatoccur more frequently and thate more severdigher number oflerailed cars)This is

the quadrant ith thegreatestisks.

Figure 3(b) is based on the same principles and sh@as data from 2006 to 201%he Figure
shows that broken rails or welds were the most frequent and sewesef derailment This paternis
consistech wi th anot her st uBdked mils bweldsikialsodhs ca(se associated With 5 ) .
the highest is@ar level of 850therstudieshave shown thatack defects and mechanical failures are the
most prevalent casual factaissociated witlderailmentqLiu et al., 2012 Liu, 2015 Leishman, 201}
Nonetheless, the idme technique can be useful for gaining an understaradirfgstorical derailmentnd

potential causes
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Figure3: Iso-line Graphs for Derailments (Wang et al., 2017, p. 822)

2.1.2. Derailments in Canada

In Canada the TSB maintains accident records for all federaigulated railwaysThe recordsare
published onfSB6 snline datgportal. Railway companies also manage and maintain their own accident
databases which may or may not contain more information than the TSB records (access towhis data
not available for this studylrigure 4 presentghe annual statistider derailmens in Canaday millions-
train-milestraveled between 2009 and 201BheFigure shows a positive relationship between the number

of derailments anttain activity leves except for 2012
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4 Retrieved fromRail transportation occurrences in 20T@ble 1. Railway occurrences andsualties, 2002018
(TSB, 2018)
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A comparison of mautrack and non mairackderailments in Canadar the same time peridd
presentedn Figure 5. The rumber of mairtrack and non mairack derailments fluctuated from year to
year with a slight upward trend over theyiéar period There are consistently over 500 derailments of non
maintrack derailments recorded ovitie analysis periodn general, lhere is a steady trend over the-10
year period with an average of 100 maisck derailments annuall¥reight trains acamted for 98%

and 99.8%of derailments omaintracks and non maitracks respectively.
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Figure5: Main-track andNon-main-track Derailmentdn Canada (2002018)

The TSBpublishes rail safety datdor reportableaccidens. Thesénclude derailments, collisiorts
crossing accidents and other (g.gccidents involving track units, employeesheagers, firg, and
explosion$. Figure 6 showsl0years (2002018) ofreportableaccidens of which55% werederailments
Non-maintrack derailmentvasthe most common type of accidemtd accounted fa¥7% of al accidents.
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Main-Track Train Derailments
Main-Track Train Collisions
®m Non-Main-Track Train Derailment
Non-Main-Track Train Collisions
m Crossing Accidents

Other

Figure6: Train Accidents by TypeZ0092018

SACol lisiond means an impact, other than an i mpact al®sociated
rolling stock and a person or vehicle; or (c) rolling stock and an object or animal,rillihg stock isdamaged or derailed.
(Transportation Safety Board Regulations SOR/2248, s. 4 (6), 2014)
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In terms of severitymaintrack derailments typically involved a higher numberrailcars
compares to nemaintrack derailmentgzigure 7 comparesthe number of cars involved maintrack and
non-maintrack derailments in Canad&SB, 2019) Derailmentsalong mainrtracksinvolved morerailcars
than those occurring onnon-maintracks. Severe mairtrack derailments could involveore than 40

railcars.The number ofailcarsinvolvedin non-maintrack derailmentsvasgenerallyless than 20.
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Figure7: Distribution ofRailcars Involved in Derailrents(20092018)

As previously mentionedierailments cahawe a verysignificantsafety and environmentahpact
in addition toleading toservicedisruptions Despite the higher proportion of namain track derailments
(e.g, aderailmenin a rail yard) this type ofaccidenbften involvedess than two railcarlow-speed and
relatively minor consequencedereasnainttrack derailments am@tenassociated with much more serious
conseguences due to higher train spegditrain traffic. TransportCanada (2018) noted that mdrack
collisions and derailmentsathe most seriasitrain accidentdn terms of potential risk to the public and

economg loss.

The number of dtalities or injuriesis relatively low in train related accidentBlone of the
derailments involving passenger trains resulted in injuries bat@@ and 20181owever, the potential
release of dangerous goods or hazardous matsresajorconcernIn 2018, 135 train accidents involved
dangerous good and 65%thE 135were due to derailmen(¥SB, 2019) The release of dangerous goods
or haardous materialganresult in toxic chemical exposure that is harmful to train sramdpeople in

close proximityto the accidentWhen explosionsoccur, there may béatalities, as occurred irLac
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Mégantc. Due to thescale and naturef train accidentsit is importantto considerthe application of

prediction models$o estimatingthe number oflerailments.

2.2. Derailment Prediction Models and Factors

Two types oprediction modedire relevant testimatingand predictinglerailmentsexposureonly models,
andmultivariatemodels Exposure models consist of one input variable whereas multivariate model include
more than onéndependent variabl®ther factors crual to derailment prediction include regresston
the-mean biasthetrack segmentatiomethod andthelengthof the periods ofnalysis.

2.2.1. ExposureBased Models

Accident predictiorhasstrongimplications forrail safetypolicies operating practicg risk management
and resource allocatiolt. was also recognized that mitigation strategies camipeoved by havig the
ability to identify safety deficiencies befoaeconcern or issue ariséSnglish andvioynihan 2007)

In general, safetgstimation candexpressed as the number of accisifrequeng) orasaccident
rate.Accident ratés the number oficcidentsiormalized bya metric of traffic exposursuch agrain-miles,
railcarmiles or gross tomiles. These metricsepresentotal distance traveled multiplied by number of

trains,number ofrailcars andweight(e.g, tonnageyesgectively.

Schafe and Barkan (2008) investigated traaccidents (incluishg derailments, collisions and
highwayvrail crossing accidents) lmpnsidering @in-miles andailcarmiles as measures of exposure. The
studyusedUS train accidentdatafrom 1990to 2005. Using exosure as the only inpuchafer and Barkan
developed the following modé@tquation 1) to predict the number of accidents @ass 1 freghtrail lines.
Equation 1 shows a positiveelationshipbetween the likelihood dfain acident awl traffic exposue.

Aexp=1.05 x 10 8 Mc+ 8.62 x 10 "Mr (Eq1)
where:

Aexp= expected number ofacddents,

Mc= number of rail car miles, and

Mt = number of train miles

In this modelnumber ofaccidens is estimated by taking the sum tbie railcar mile acédent rate
multiplied by thenumber ofrailcar miles and the sum of train mile accident rate multipliethepumber
of train miles. Tle modé suggests that a single train will experieradggher number of accidegwvith an

increase in the number ddilcar miles SeeFigure 8a.
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ConverselyFigure 8b shows thatonger trains would result in fewer accidentsuassgthatthe
number ofrailcars remains constant. Thigding is based o the assumption that more trains are required
to transport the same numberraflcars and thisincreases the possibility of acciderdue tothe higher

level oftraffic exposurei(e., anincrease in traimiles).

However,exposurebasel mocels are of Imited value as thelack explanatoryfactors whichmay
influence the likelihood adiccidents. For examplEquation 1 does not account for tliecreasedisk that

areassociated with longer traifs.g.,train handlingssuesandbraking.
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Figure8: ExpectedAccidents Relative to Train Length
(a) for a single train and (b) for a fixed amount of traffcharfer and Barkan, 2008, p. 74)

In Canada, English and Moynihan (2007) indicéteat derailment rateanbe ugd as aneasure
for rail network screeningThey suggested thatonnagemiles might be more suitable than distance
traveled forcalculatingderailment rates bnnagemiles captureghetrain activity level (e.g, how much
cargo beings by the trainYEnglish and Moynihan, 2007If. tonnagemilesis usedas an exposure measure,
an increase in axle loads would redtleederailment rate given the increasgmductivity level.English
and Moynihanalso noted thait is appropriate t@valuate rail op@tors that carry similacommodites
Since heavyrtin loads are likely to cause more track damage and inalesgiément potentiatonnage

miles appeared to be appropriateexposurevariable

The approach could, howevée biasedvhendifferent ralways carrya widerange of producter
when the poduct types change over tinféincetrain load datavasnot availablefor our study, we used

train trafficasthe exposurevariable for derailment prediction

Exposurebasedmodelsmay provide anestimaton of average riskbut most risk management
decisions require greater precisidmfortunately, &ck of cataoften constrains analysid. more detailed
data is availablée.g. finer differentiation of the data categoriespecially fottraffic density a more robust

statistich estimationcan be carried oub provide greater resolution in the resiligi, et al., 2016).
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2.2.2. Multivariate-BasedModels

As more complex questiomavearisa, researcherbave developedlternative approadsin prediction

moddling, for example, apaches thatonsider multipléndependent variabéeof interestli(iu et al., 2016;
Fienberg, 1980; Agresti, 2007)In our context, this type ofipproachconsidersthe total number of
derailments and ambinatiors of different independent variabls. The following variableshave been
commonlyusedin derailment predictiomodelling FRA track class, operation (signal, reignaled)and

traffic density

In derailment prediction modelacommon statisti@l methodused tadevelopmultivariate models

is negative binomia{NB) distributiors.

The NB distribution estimateshe numberof derailmentsusing historical datsuch astraffic
exposuremethod of train operation and traclassification(Liu et al.,2012, 2015, 2016)Equations 2
through4 show the model form of negative binomial regression to estithataumber oflerailmens on
USClass 1 railroasl

9 01 EODI 1 (Eq2)
o

VAT A (Eq3)

i QpB A 8 - (Eq4)

where:

Y= observed number of derailments

m = estimated number of derailments

bp= pt parameter coefficient,

Xp= pthindependent variable,

M = traffic exposure (gross tonmiles), and

f = inverse dispersion parameter.

The estimated derailment rates by FRA track classes are gitsguation 5, as shown below.

& QwA A 8 A 8 A 8 (Eq5)
where:
Z = estimated derailment rate per gross ton-miles,
Xrk = FRA track class (1 to 5)
Xmoo = method of operation (1 for signaled, 0 for nonsignaled),
Xeen AT T OA1 OOAEEEA AAT OEOU 1 AénAI p A&l O qm

b = parameter coefficierts.
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Agresti (2007) used a maximum likelihaod methodin a NB model to estimate parameter
coefficiens whereall three variables were statistically significantbjated tothe number of derailments.
Individual railcar derailment was also calculatédepresergdthe likelihood tlat an individuakailcar is
involved in a derailmerdnd wasneasuredby calculatingthe number ofailcars derailed per unit of traffic
exposureAgrestinoted acorrelation between higher track clasandfewerderailmens. Thisis corsistent

with previous studies.

In a differentstudy, another influential factofor derailmentsvas the type of ratrack operation
method (signal or nerignaled track)Usinglikelihood ratio tests, neeignaled trackwerefound to have

agreater riskhat than signald trackof deraiments causedytbroken rails (Liu et al, 2013).

2.2.3. Regressiorto-the-Mean Bias

Liu and Rodriguez (2016) have shown that derailnestimatesnay be vulnerable to the statistical error
known asregressiorto-themean (R™) bias.RTM is a statitical phenomenonn the casef safety
researchwhere &cidentsoccur asrandom events that fluctuate over timeund a longerm average
selecting an individual year is unlikely to provide an appropriate represemntatieof actual safety and
does not provide esugh informatbn to draw conclusions abothanges ithe number ohccidentsWhen

evaluating derailment riskRTM bias mayoccurwhena study fails taonsiderthe long term mean value

for the number of derailments

Figure 9 illustratesthe effects of RTM. Accident rates in this figure represent the number of
accidents normalized by train traffimillion carmiles). The solid and dotted lines represehe average
accident rates for railway liseA and Brespedtely, andthe dotsshowthe observedaccidentrates.

1.2
% 1.0 a A
m A Ta fay
e 0.8 A Ae A °
- E . S S I .« ... 5
‘G 0.6 5] ® o) e A A
&J [ ] ] ¥y ¥y ] L] Fa [ ]
< 04 o A A A ®
= B2 A °
= 02

0.0

2000 2002 2004 2006 2008 2010 2012 2014 2016
Year

Figure9: Sample of RTM effecfLiu and Rodriguez, 2016, p. 4)
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Some empirical accident rates Line A appear to be higher thérose ofLine B for certairyears
(e.g, 2006 and 2012) although theaverageaccident rate of Line A should be lower than Line B. Such
deviation is due to the RTM issue discussed aboveFigwe shows that agrroneous conclusion might
arise if one idendilhaesdaoftatnathatyiegwaer Ocosldbéaanattrene o t
value in a given period of timé is therefore important to consideparticular sit€for a longer period and
to be aware thahe accident ratewill naturally regress towards the lotgrm mean valuever a longer
period (FHWA, 2019.

Consideringthe effecs of RTM in rail safety, eme researchensave predicted and compared
derailment rates against another railroad or the system average to detemnatimersafety variation exists
(Liu and Rodriguez2016). The regarchergdevelomd exposurebased modelsising negative binomial
distribution techniqgueandnotedthat this was &etterapproachthan merely using the observed daia
identify locations of concerndVhile Liu and Rodrigue@ spproachprovidesan indicaton of safety
deviation from the system averagehe approactdoes noteffectively reduceRTM bias asit doesnot

considetthe derailment history

The RTM issue has been intensively studied in road safety studies in wieitghpsaformancéas
been calibated fordifferent types of roadway in different regions and municipalitgrgr{ley, Saito and
Schultz, 2012; Lu. et al., 2014, Tayki and Park, 2017; Farid, Abgeand Lee, 2018). However, RTM
has not received the sanexé| of attentionn rail safey.

2.2.4. Importanceof Segmentation

In road safety analysiSPFsare typically estimated for road segments and for interseclibiesjuality of
the SPFsdepends on howhe entities analyzedare grouped togethdp give a reasomble level of
homogeneityfor eachlocation of interes{Cafiso et al, 208). Segmentsfor exampleare often definedy
theroad function (highway, arterial, collectoor local), characteristics (e.g. number of larssdlane
widths) and exposure (e.traffic volume$. The HighwaySafety Manual (HSM)provides families of SPFs
that can be appéid to segments wittsimilar characteristics tomprove the statistical inference of the

functions.

Although segmentation and its effects on accident predictiane been studig there is no
definitive agreement on the most appropriate segment lengths for safety analysisst&disshave
indicated thaboth veryshortand verylong segmentsvould crate bias in the identification of hotspots
(Miaou and Lum, 193; Ogle et aJ2011; Cafiso ad Di Silvestro, 2011)Shorter segments are prone to

inaccurate identification of accident locatio@u{n and Wellner, 2012)ndanoverabundance of segments
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with zero observations. Botspects of short segmeutsuld yieldunreliable resus in predicton models
Longer segmentsould mitigate thesshort segmenissues.Cafiso et al (208) found that segmentation
often depened on data availability and qualityAlthough no standard minimum segment lendtas
emergedfor predictive modehg, a segment legth of at least0.10 miles(0.16 kilometre) has been
recommendedCafiso et al, 208). These research findings are usafulrelation tothe segmentation

analysis discussed hapter 3.24.

Thereare currentlyno studies that have considered nor discussed the best practice fackail tr

segmentation. For roadway SPFs, segments in roadway network are generally defined by the midblock link

between two adjacent intersections. Howetar a railway etwork, thed t an c e

or Anodes of i ntjudaieonsaor agradecrodsinga couldsvanafitorn T0metres up to over

100 kilometres.

Segmentation determines the sample size of the database fotipnegtiodelling ad affects the
assignment of attributes (e.qg. train volumes and speeds) in the rail hedvdatabase with too many short
segmentsould lead taan excessive number of segments with zero derailsnéongersegments might
resolve this isse but would sadice homogenity. Due tothe largevariation in segment lengthsareful

consideration fothe methodological approadb rail track segmeation is required for the development of

a derailment prediction model.

2.2.5. Length of Analysis Periog

The analysis peiod plays a mr role in statisticamodelling Given the rare nature trhin accidentsthe
analysisperiodsin previousstudieshavevaried and someovered manyears. As an exampleTable 4

shows that a numbief studieshatinvolved rail safety assessment have usslysigeriodsranging from

810 36 years fotrend analyseand predictiormodelling

Table4: Summary of Analysis Periods of Rail Safety Research

bet ween

Stud . Analysis No. of
Authors Datg Research Topic Peri></) d vears
Evans 2007 Rail Safety and Rail Privatisation in Britain 19677 2003 36
Moynihan and English 2007  Causes of Accidents and Mitigation Strategies 19991 2006 8
Schafer and Barkan 2008 Train Lengthand Accident Cases andRates 19901 2005 16
Evans 2011 Fatal Train Accidents on Europe's railways 19801 2009 29
Saat and Barkan 2012 Causes of Major Train Derailment 20017 2010 10
Liu 2015  Statistical Analysis of derailment in théS 20007 2012 13
Liu 2016 Collision Risk forFreight Trains irthe US 20007 2014 16
Li and Barkan et al 2018 Analysis of the Derailment Characteristics 20017 2015 15
Khan and Lee 2018 Highway Rail Grade Crossing Prediction Model 20001 2016 17
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The underlying assuaption for usingextended anabis periods is that the characteristics of the rall
network remain the sam&he inclusion of many years of data may presenbérefit of providing more
datafor analysis to compensate for the low frequiea oftrain acciénts However, tle variation in
independent varialdeovera long analysis period (>20 yeatsin be prone to inconsistaard misleading

prediction results

The rail industry experienced an economic downturn during the recession 8nez@ing to
cutbadks in operationand productivly. This resulted in a rapid decline in rail traffic and operating revenues
during the recession period,stsownin Figure 10. The statisticfor both rail productivity and traffic keels
are morecorsistent aftethe recession. Aslocumentedn Chapter 3.3.], the distribution ofderailments
showssimilar patterns over a Iear period beginning in 200€onsidering these factors, this studes

10 years oflata during th posteconomic recession timeframe
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Figurel0: Rail Operating Revensand Million MainTrack TrainMiles, 19992017
(Statistics Canada, 2019SB, 2012 TSB, 2019

2.2.6. Limitationsof Existing Rail Models

Many scienfic studies lmaveexaminedhe statistical relationship between different rail characteristics (e.g.,
rail types and classes) and derailment .ratetudiesinclude analysesundertakenusing aggregated
derailment data (Liu et al., 2012, Z)2016; Wang dl., 2017). h all of these cases, none of these studies
estimated the number of derailments per segment but reitheaggregated data suchdetabased on rail

track classification.

Given the different structure and organization & tdain safety ashtraffic dataand the prblem

of inconsistent spatial informatiosegmerdevelderailment rate analysase not feasibl@_iu et al., 2017).
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Since US railroads are privatized, segrderel information would require proprietary infornaat which
makes i more challeging for regarchers to conduct more detailed statistical analys®sthis reason,
previousUS studies on derailmengse constrained witkystemwide data and have not considered, for
example, individual regions or segntemithin a railsystem.

As arail track may traverse differerdreadnside or outside of Canadad thesareasmay range
from a few kilomettes to hundreds of kilometres in length, safety could vary for different segments of the
rail track (not just fodifferent classe of rail trak). The limiation of using aggregated data is that the
results may distort the actual safety performance of a rail network by failstggersegmenievel safety
issues It is therefore crucial to select a network scregnnethod that caevaluatethe level of safetyof
different segments in the rail network

Theextendedanalysis periods (e.g. > 20 yeaaslopted in a number of studies carvimved as a
limitation in predictivemodelling Thevariation in the input datfmr such longperiodsrequires strong data

assumptions whichouldmake models become unstable anoduceunstableesults

Taking intoconsideationthe economic recessiaf 2008 andthedistribution of derailmentghis

study useshe most receritO yearsof completedatafor predction modelling

2.3. Modelling Methods

This studyappliestwo statistical methods for the purpose of predicting derailmeatgtive binomiahnd
logistic regression models. The former method predicts frequency of derailr#attie latter stimates
the pobability of derailment as a binary outcome (1 = presence of deratiisiert = absence of derailment

risk). Discussion on the applicatisrofthese methodis provided in the next sections.

2.3.1. Highway Safety Manual Approach

TheHighway Saéty Manual (H$) is an industry guideline widely used by transportation engineers and
planners for incorporating quantitative safety assessment in ppbgecting and development processes
(HSM, 2010). It defines scientific methodologies evaluatingthe safety perfomance of highways and
streets to informthe decisionmaking process. This guidance document presents best prabatese
applicable fordifferent life cycles of a projecfrom fundamental principles to countermeasuleci®n

and evalation of desig alternatives.

The guidingprinciples relevant to this study are the applicatiothenetwork screening process

and safety performancerfations (SPFs). SPFs are models that can be used to predict accidents for a
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specificfacility type. Theyare commoly used inroadway safetgtudies to reduce the effect of Rhen
using negative binomial models (Srinivasan and Bauer, 2013). The devatopm8PFs consists of
collecting and analyzingccident, exposure, geometsied oher data for a $®f multiple sitesfor a similar
set of circumstance@-arid, 2018; Stapleton et al, 2018). TBBFsestimatedfunctions can be used to
predict thenumberof accidents for a subject sifeat is similar to the set used to develop the.SPF

The developmerdnd applicattn of SPFs are cruciateps in thesafety network screenimyocess
In the area ofail safety,an SPF is a set afegression modelthat @n be used to predithe number of
derailmentsas a function oexposure tfain volumeg and other ailway attribues (eg. segment length,
segment speed, etclhe HSM approachrecommends th&mpirical Bayes (EB) method to account for
regressiorto-themean (RTM)bias. The EB method synthesizéhe observed and predicted numbers of
derailments to estirate the expeetlsafety performancier asubjectsegmentNote that EB method is only
applicable for existingrail networlks with historical derailment datdt cannot be used for predicting
derailment frequency for a plannesdl network The EB model fan is as follove (Equations 6 and?)

Ow 02 p LU W (Eas)
where:
‘O w represents the EB adjusted number of derailments for segmeunit
represents the predicted number of derailmens for segment/,
 represents the observed number of deailments for segment/, and

0 is the EB weight factor for segment, which isestimated in Equation 7.

p (Ea.7)

where:

| is the dispersion parameter,

‘* is the predicted number of derailments for tran segment or track unit/in year ¢, and
Y= 10 years inthis study.

Figure 11provides an illustration of the EB methddbte that the observed number of derailments

could be lower or higher than the predicted ealu
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Figurell: Empirical Bayedethod

SPFs can be used the network screening process to determivieetherthe observed safety
performance of a segment is higher or lower than aver@gasequently the expected number of
deraiments can be used as a ranking measure for comparing the potential for safety improvements of

differentsegmert.

2.3.2. Logistic Regression Model

A binomial logistic regression predicts the probability thatobservationis classiied asone of two
categories ba dichotomous dependent varigbées a function of one or more independent variables.
Logistic regressiomodellingis often regarded aspmtentially acceptablmethodfor handling data with
excess zerddu, Li and Lee, 2010; Khan and Khan, 20C8genand Fan, 2019; Choi, Chin and Lee, 2019)

In this study, it is expected thaamy segmenti the rail networlcontainzero observationsithin
the analysis periodince derailments areery rare eventsConsideringits sensitivity in handling excess
zeras in a datasefh binomial logit modelcan be applied to identify segmemigh derailment risk The
result isa binary outcoméeither zero or positive Furthermore, since derailments are associated with
severe consequences, a segmtit anypredictedisk of derailment (regardless tife expecteffequency

of the derailmenjsshould warrant consideration for investigation and/or safety improvements.

Little research that hdmen donén applyinglogit modelling techniques in rail safety assessment.
A study undertaken in 2018 involved the usa bihomiallogistic model to predict accident likelihood at
highwayrail gradecrossings in North Dako{&han, 2018) The rail crossing accident data showed patterns

similartoCanadaés der gdréxampled3% of thalocations exhilsted zero crash frequency
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between 2000 and 2016tandard logistic regressianodellingmethodwas employedising theformula
given inEquation 8.

& aé‘ga R (Ea8)

where:

Y = binary dependent variable(1 = Presence of Derailment, 0=Absence of Derailmen})

C

= probability of accident,

C

= probability of no accident,
| ET OAOAADPO
I = estimated vector of parametersand

...= vector independent variables.

The estimged parameters can be interpreted as odd ratios to understand their statistical association

with the dependent variable.

A range ofliteraturehasfocused orpredicting &cident likelihood and determining its contributory
factors in the area of road safetsing logit models (Crocco et al., 2010; Hu et al., 2010; Simoncic, 2000;
Al-Ghamdi, 2002Chen and Fan, 2019) ogit modeling method is particulargommonfor analyzing
accidents involving pedestrians and cyclesshese are rare eventSifhoncic, 200; Chin and Quddus,

2003). Someresearchers have adopted logit modeling techniques for analyzing categorical dependent
variables such as accident severity (e.g. fatal or-fetal accidents). For examplé)-Ghamdi (2002
applieda logit regression apprahto determining statistically significant variables contributing to severe

accidentsThe alds ratio concept was usixthis study to interprahe model results.

No studiesusinglogit modellingmethodto examire derailmentscould be found in the litature
search In a review of accident prediction modeNiveditha et al(2015) concluded that logit models
produced biter accidentpredictionresultsthandid negative binomial and Poisson distribution methods.
The comparison was conducted based on tmyparameteréR? and Chisquare tesjswhich mightnot
provide sufficient evidence otihe predictive capabilities aneffectiveness of the different modelling
methods Additional goodnessf-fit tests could be adapted to further understand the differemtel

behaviours and performances.

Hosmer and LemeshofkiL) tests for exampleareoften used to evaluate the perf@mee of logit
modek. The HL test involves grouping entities in a datagetdefault is 10 groups of approximately equal
size) and adying thePearson Chsquare test to compare the predicted and observed velossér D.W.
and Lemeshow $1980). Althoughresearcherhavestated that the results greatly depend on the number

of groups no realguidance isavailable forthe choice of tht number (Allison, 2014). The selection of the
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number of groups is completely arbitrary. Another limitabbdhiL tess, thougmot applicable to this stugy
i s t hpoorpowver in sniall dataseForthese reasonsthergoodnessf-fit tests were pplied in this
thesisas appropriate assess the fitting performancettod logit models SeeChapter 7.3,

Giventhe emergingpopularity of logit modelsn accident datanalysis this thesis employed this
mocklling method forpredictingderailmentsThis studyalso evaluats whether or not this type of model
is more sensitive to the ovegpresentation of segments with zero derailments comipatiee NB method.
A guantitativecomparative analysiwas conducia to evaluatehe performances dbgit and NB models

for derailment predictiog

2.4. Chapter Summary

A review ofthe literature revealed that none of the previous studies considered sdguatmirediction
modelsn rail safety Researchergereconstrainedyy systemwide datdimitationsandnot able to consider
for example, individual segments within a maétwork The limitationof aggregated data is that the results
may distort the actual safety performance of a rail network by failing to understgnukntlevel

characteristics.

Since a rail track may traverse differaareasnationally or even internationally and as these
differences may range from a few kilometres to hundreds of kilometres in léngnvel of safetycould
vary by segmentThisissue requirea segmemevel network screening methotdhe goal is taletermine
the levels of safetyof different segmerg by capturingthe variation intraffic exposuresand rail
characteristicsA methodological approacto segmentation islso required for derailment prediction

modek.

One of thecrucial steps in statistical modelling is to define an appropriate anglgsisd. It was
found thata number of rail safetstudies havadopted very long analysis periods with the inclusion of 15
to 36 yeas of data This approach magistortthe performance of predigg modellingdue to variation in
input dataand facilitiesover a longperiod oftime. After consideing the effects othe 2008 economic
recession anthedistribution ofhistoricalderailments,this thesis usefie most receritOyears of complete

datafor prediction modelling.

TheHSM is a guidance document developed for roadway safety assessment. There are currently
no similar industry guidelines for evaluating the safety of rail faglidelopting the HSM approachiis
thesisincludes the development séfety performance futions (SPFsjor C a n a thin@teiorkas part

of thesafety network screeniryocess. The resultsan beused toprioritize segmentdased on expected
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levels of safetyin terms of derailment riskThis studyemploysnegative binomiahnd logistic regressn

modelling method$or derailment prediction

Since segmerlevel data is available for Canadhis studyhas aunique opportunity. Aetwork
screening methotthat can estimatielevels of safetypy segmenproduces greater resolution in derailment
prediction. The results allow the identification of segments thiglgreatest derailment riske most urgent

need forspecial attention and consideration.
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CHAPTER 3. STUDY DATA

Thischaptedescribes the study data including its review and validatioldatabasealelopment process.
Given the varying data sources, structure and formats, substantialedaiang was undertaken to develop
an integrateddatabaseThe integraed databaseontaired unique segmentsf the rail network Datafor

e ach s egyntributedvas used in theredictionmodelling A descriptive data analysis wtsn
conductedo identify patterns antrendsin derailments

3.1. Data Sources

Study datawasobtained fronthreedifferentgovernmenagenciesn CanadaTransport Canada (TC), the
Transportation Safety Board (TSB) and Natural Resources of C&N&{2). Table 5 summarkeseach
datasetThe threesets ofdatawerethoroughly reviewed and validated for the purpose of developing an
integrated derailment database coritgjiboth statistical and spatial information.

Table5: Description ofStudy Data

No. Dataset Description Source
1 Rail Network Shapefilé Junctions, stations, marker posts (indicate Natural Resources of
distance along a rail trackgtc Canada
2 Rail Occurrence Database Historical derailment recordmdgeospatial Transportation Safety
System (RODS) information Board of Canada
(TSB)

3 At-Grade Inventory Databas Crucial traffic information such as daily train  Transport Canada
volumes and train speed

A previous rail safety assessment for Cariddatifiedsomeinconsistencies in the TSB database.
Inconsistenciegcluded missing information(coded as N/As) in the database which made it challenging
to conduct accurate trend analysis arehnt thaaissunptions had to be madenglish and Moyniha (2007)
recommended that TC should be more involveadend analysisndthe comparison of safety performance.
For instance, atandardized reporting procassuldprovide more accurate amibresufficient information

for statistical analysis.

Transport Canada (TC) has since upddterRail Occurrence Database Syst@RODS) with
supplemental dataseasd astandardized data structuihe RODS contains data and statistiesociated

with all reportable train aedents and incidentsn CanadaThe supplemental datasets include train data

6Canadads Open gover nmpsiWdpenanhda.caRlaaren al websit e:
" Transportation Saty Board of Canaal (2018). Retrieved fromttp://www.bsttsb.gc.ca/eng/stats/rail/da24.asp
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(e.g, train type, train control, sighadata etc), rolling stock properties, injuries/fatalities and track
components. ThRODSalsocontainsother variablesuch as environméal conditions, dangerous goods,
on/off train injuries, et¢ butthe availability of such information is not cortsist for all records. As an
example, only870 of 2468(15%) of maintrack derailmentlaveenvironment data. @se omissionsould
bedueto incomplete accident reports or errors in transcribing information to the electronic database.

The TSB also advisd that there is still variability in the characteristics of the data due to changes
in regulations and definiti@over the years (TSB, 201 It was therefore necessary to condaitihorough

review and validation of the various data sourassgjscussedn Section 3.2

3.2. Data Preparation and Validation

Figure 12 showsthe s t u digtadmocessingvorkflow. The integratedderailmentdatabasecreatedin
Microsoft Access (accdby GlS-compatible which allows efficientgstanalysis of model results and
visualization.A series of geoprocessing tools were used in resolving data lgémpsnation from both
RODS andherail network shapefile was used to correct the locations oflikexats in a GIS environment.

A segmentatin analysis wasonductedy spatialy joining the locations of point features (station, junction
and atgrade crossing)The integrated database contains key variables required for predictive modelling

which includes unigue segment IDs, segment lengthf volumes, segment speed and station counts.

Inconsistencies in data structure and format were the key challenges associated widadatg

Cleaning the data involved four steps

Develop a consistemail networkrepresentation
Resolvespatialerrors in rail occurrence database

Data extraction from afrade crossing inventory database

P w0 N PRF

Determine the appropriate traskgmentation method

Details regarding these challenges and how they were addressed atedbitothe next sections.
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Figure12: Dataset Development Process
3.2.1. Rail Networkand Track Classification

The primary spatial data for this studgsthe National Railway NetwoPKNRWN) which is published in

separate datasets classified by province and territory. dh tisére are 1pre-packagedNRWN datasets

covering 9 provinces (BC, AB, SK, MB, ON, QC, NB, NS, and NL) and two territories (YT and NT). The

rail networkdata issupplemented by additional GIS layers includingrade crossings, junctions, marker
postsstatonsand structure | ines. These files were merge
railway systemFigure 13 showsthe maintracks andnon maintracks in the rail network

8 NRWN shapefiles were downloaded frduttp://ftp.maps.canada.ca/pub/nrcan_rncan/vector/geobase _nrwn_rfn/
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Figurel13: Rail Network in Canada

There are eight track classifications in the datiabaseConnecting, Crossover, Ferry Route, Main,

of

Siding, Spur, Wygand Yard There is als@

6 shows the number ééaturesn each classification. Thisgearctincludedonly derailmendthatoccurred

on maintracksegmers.

smal |

number

Table6: Track Classification anNumber of Features

Track Class Number of Features
Connecting 565
Crossover 1,127
Ferry Route 17
Main 11,866
Siding 10,050
Spur 18,080
Wye 363
Yard 22,707
Unknown 17
Total 64,792
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The NRWN datancludes sections withulti-line tracks which share the same characteristich
astrain volumes and locations for raihctions, stations, marker posggc Asthe network screening model
would ultimately treatall rail tracks asa single featurevhen predictingthe probaility of derailments
multi-line tracks were converted &singe linetrack byusing thefiMerge Divided Roadtool in GIS.The
modification proceswas applied tonulti-linetracksthat had thesame subdivision name

This resulted in dase networkhatis represented btherail centrelinesFigure 14 providesan
example Figure 14 (a) is an example athe rail network shapefilshowng multi-line tracksandFigure

14 (b) shows the multline tracks converted tasingleline track for the purposes of the prediction model

(a)
Multi-line Rail Tracks
L
Legend
® Location of Derailment
Rail Station
N / Main-Track Centreline
(b) : Rail Track (All Features)
N.TS

Figurel4: Example of MultiLane Tracks into a Singléénteline Track Conversion
3.2.2. Rail OccurrenceDatabase

TheRODScontainsaccidendatafor the yers 19830 2019 (he2019 data is partially completdhedata
includes31 differenttypes ofreportable train relatedccident This studyusedthe following criteria to

extractthe relevansubset
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1 Most recent 20 years of complete dgit8® to 2018; and

9 Accident types related to mairack derailmens that satisfy the followingriteria:

1.

2
3.
4

Derailmentinvolving track unit;
Derailmentinvolving track unit (no damage);
Main-track derailment; and

Main-track derailment (no damage).

Table 7 shows the number ofaintrack deailments by type and yeaflhere were 2,468

derailmentsn the 20year periodln 2014, it appearthat TC nay have adopted a different classification

that placedierailmens with no damagénto separate categes. This studysimply focused on total annua

derailmens for the prediction modelling.

Table7: AnnualMain-Track Derailment Occurrenc&999 to 2018

Occurrence Der_ailment Dergilment Main-Track Main-_Track To_tal
vear Involvmg_ Track In_volvmg Track Derailment Derailment Derailment
Unit Unit (No Damage) (No Damage) Count
1999 6 119 125
2000 1 122 123
2001 5 132 137
2002 2 124 126
2003 1 156 157
2004 2 160 162
2005 5 198 203
2006 1 139 140
2007 2 160 162
2008 5 129 134
2009 20 66 86
2010 11 82 93
2011 10 110 120
2012 7 67 74
2013 18 84 102
2014 7 7 100 2 116
2015 11 10 75 3 99
2016 7 13 58 6 84
2017 24 5 81 3 113
2018 16 5 87 4 112
Total 147 35 2,280 14 2,468

Figure 15showshe location of derailmentsy province. Ontarig664) andBritish Columbia511)

had the highest numbers of derailments.

9 A track unit is defined as a vehicle or machine capable-tfamk operation utilized for track inspection, track work
and other railway activities when artrack. (TranspsotCanada, 2019)
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Figure15: Derailments by Province 929 - 2018

Thereference location of @erailmentis measuredccording to th@rogressive distanadongthe
track each derailment iassociatedvith the linear unitsthatindicateits relative distancdin miles)from
the point of originof thetrack At hough t he derail ments could simply
coordinatesmany derailmentsappeared to be offset from the rail tradky as far as 5o 10 metresTo
eliminate the offsis, the derailment locations wereaalibrated using lineareference attributes in the
database The linear referencing tooln GIS wasused torec al i brate the r @il net
Derailments wereodeda s 6 e v e the teacksBafbreg@opgrocessingwo fields were created within
the derailment databaskhe first was forthe routeidentifier andthe secondwas for therelativedistance

of a derailment evertlong a traclsegmentSeeFigure 16.

In Figure 16, thewhiteand yelow columnsshowthe originalandprocessedttributesespectively
andthe blue columnsprovide the GIS attributes for linear referencifigh e f i el SIB&EL Rouhet he
lag column is a unique identifieof each track segmerthat concatenates the sididion name
(6SUBD1NAMEG6) and t he st &SubdStaatMilengeProcessaili huelgnd at t r i
MileageProcessel f i el ds) .
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If AH # 0, then AP = AJ - AH

| !
AF AH Al Al AL AM AP AQ AR
SubdStart | SubdEnd Subd Subd
SUBDIINAME s:;:!s::: i:::::: Msi:;:ie Mileage | Mileage | Mileage | Mileage fRoute_SubSE1
Processed | Processed | Adjusted | to Meter
|Aberdeen 0 147.7 7 0 147.7 7| 11,265.4 |Aberdeen; 0-147.7
ADIRONDACK 200 491 45.4 0 49.1 25.4| 40,877.3 [ADIRONDACK; 0-49.1
ADIRONDACK 20 49.1 35.1 0 49.1 15.1| 24,301.1 |ADIRONDACK; 0-49.1
ADIRONDACK 20 49.1 45.5 0 49.1 25.5| 41,038.3 |ADIRONDACK; 0-49.1
ADIRONDACK 20 49.1 34.9 0 49.1 14.9| 23,979.2 |ADIRONDACK; 0-49.1
ADIRONDACK 20 49.1 41.9 0 49.1 21.9| 35,244.6 |ADIRONDACK; 0-49.1
ADIRONDACK 20 49.1 45.4 0 49.1 25.4| 40,877.3 |ADIRONDACK; 0-49.1
ADIRONDACK 20 49.1 42.02 0 49.1| 22.02| 35,437.8 |ADIRONDACK; 0-49.1
ALBREDA 0 132.3 7.9 0 132.3 7.9| 12,713.8 |ALBREDA; 0-132.3
ALBREDA 0| 1323 8.5 0 132.3 8.5| 13,679.4 |ALBREDA; 0-132.3
ALBREDA 0| 1323 6 0 132.3 6| 9,656.1 |ALBREDA; 0-132.3
ALBREDA 0 132.3 69 0 132.3 69| 111,044.7 |ALBREDA; 0-132.3
ALBREDA 0 132.3 114.02 0 132.3| 114.02| 183,497.4 |ALBREDA; 0-132.3
ALBREDA 0| 1323 103 0 132.3 103| 165,762.4 |ALBREDA; 0-132.3
ALBREDA 0| 1323 47.8 0 132.3 47.8| 76,926.6 |ALBREDA; 0-132.3
ALBREDA 0| 1323 437 0 132.3 43.7| 70,328.3 |ALBREDA; 0-132.3
ALBREDA 0| 132.3] 12825 0 132.3| 128.25| 206,398.4 |ALBREDA; 0-132.3
ALBREDA 0| 1323 103 0 132.3 103| 165,762.4 |ALBREDA; 0-132.3
ALBREDA 0 132.3 51.8 0 132.3 51.8| 83,364.0 |ALBREDA; 0-132.3
ALBREDA 0 132.3 116.5 0 132.3 116.5| 187,488.6 |ALBREDA; 0-132.3
\ i
“Subd Start Mileage”
calibrated to start at 0
Figure16: Excerptfrom Derailments Table
The ASubd Mil eage o tarce of desadgment svent itk respextl taa tiack e

segmentSince the original distance unit is in miles, the distance has been adjusted ® (hetée =

1609.344 meters) T h

e converted

di s MileageteMeit se r At the ASeHdStEhit n

Mileaged started at Othe conversion was straightforward.the iSubdStarMileaged did not start at 0, the

0 SuNdidl e a g e \aldegwassused fdraconversion

Using the linear referencingechnique a route layer was then developéal represet the rail
centeline anda erailment Event Poibtayer. This geoprocessingechniquesuccessfully eliminated the
offsets issueFigure 17 provides an example afdividual derailmenpoints properly referenced the rail

centdlines.
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Figurel7: Derailmens Geocoded in Referent®the RailTrack Centreline
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3.2.3. At-Grade Crossindgnventory Database

The third dataset used in this studgisthe atgrade crossing inventogublishedby Transmrt Canad#
(TC). This dataset containgormationsuch aglaily train traffic, maximum train speed, number of tracks,

urban or rural environment, etc

Table 8 is a snapshmf the data available in this datadesily train volume, for examplés importantas
it canto be used as the exposure variable in pregiathodelling Relevant attributes from thet-grade
crossing datasetere added to the integrated database Hyadly joining the atgrade crossing layer to the

rail centreline network.

10 Grade Crossings Inventgryransport Canada, 2019. Data retrieved from
https://open.canada.ca/data/en/dataset/d0f54¢QB4e5aaa04eald63cfof4c
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Table8: A Screenshodf Grade Crossing Inventory Database

A B F H | L M N Q R 5 T u v w X Y Z
Train
Total . Road
TC . . . . B . . B . |vehicles| Max Urban
Rank Access | Mile Subdivision Location Latitude | Longitude |Accident | Fatality [ Injury [ Trains . Speed | Lanes |Tracks
MNumber . Daily | Speed ¥/N
Daily (km/h)

1 (mph)
6 5 7902|Public 17.52|Kingston - CN Woodland Avenue 45.42742| -73.88558| 1 1 0 54 2700 100 50 2 2 Y
7 6 4861|Public 117.22|Drummondville Rang Ste-Charlotte 45.6983 -72.775 1 2 0 27 5900 95 90 2 1 N
8 7 4856|Public 109.1|Drummondville Rang De L'Eglise 45.7784 -72.6532| 2 2 0 27 1130 95 90 2 1 N
9 8 8180|Public 263.45|Kingston - CN D'Arcy St 43.96909| -78.15882 1 1 0 40 5000 95 30 2 3 Y
10 9 8008|Public 146.7|Kingston - CN Prince St (Cnty 3) 44.40324| -76.01808 1 0 0 40 3500 100 50 2 3 Y
1 10 43840|Public 90.89|Drummondville Route 122 45.9602 -72.3918 1 0 0 27 3900 95 90 2 1 N
12 11 7994|Public 124.88|Kingston - CN Bartholomew St 44.6 -75.6816, 2 0 1] 40 2300 35 50 2 2 Y
13 12 9079|Public 18.51|Chatham - CN Melbourne Rd - Cnty 9 42.8402 -81.58338 2 3 0 11 2333 95 20 2 1 N
14 13 10200|Public 13.23|Deux-Montagnes - (11Th Avenue 45.5084 -73.8058 1 0 0 50 11650 65 50 2 2 Y
15 14 8130|Public 221.14|Kingston - CN Moira St 44,1763 -77.3828| 1 0 0 40 3000 95 50 2 2 N
16 15 13971|Public 69.51|St-Hyacinthe Rue 5t-Gearges 45.5034 -73.4936 1 0 0 55 6020 95 50 2 4 Y
17 16 5034|Public 76.44|Dundas Egerton 5t 42.9862 -81.2147| 1 0 0 52 11000 70 50 2 7 N
18 17 249|Public 67.98|Alexandria - VIA Russell Rd 26 45.3751 -75.4968| 1 1 0 17.5 3800 95 80 2 1 N
19 18 35213|Public 4.54|Emerson Bishop Grandin Boulevy 49.84083| -97.07645 5 0 0 4 39984 25 80 2 1 Y

Figure 18 provides an indication dbtal daily traintraffic in an urban arean thewest side of

Toronto. Note that train traffic is measured as theaximum number of traingfreight or passengér

traversingthe atgrade crossig each dg.

NTS

/\

Legend

Total Daily Train Traffic
at Grade Crossing

e (-5
® 6-10
/. ® w0-50
L
/ ® 5010
. > 100
. Rail Station
"";QE / Main-Track Centreline

Rail Track (All Features)

N

Figure18 Sample Grade Crossing Loaats with Total Daily Train Traffic

3.2.4. Track SegmentatiorMethod

As discussed ihapter 2.2.4 amethodological approachasneededo determineanappropriate track
segmentatiomethodfor the study The NationalRailway Network (NRWN)shapefilewasdeveloped by
Natural Resources of CanaféRC). The NRWNdatais segmentetdy ending a segment when therais
change in attributes such as subdivision name, start and end mileage ansteadiomareas (NRC, 2012).

Each segment is associated with linear reference identifiers that correspond to the location attributes of
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derailments (refer t€hapter 3.2.2. The NWRNalsoincludes data obasicrail networkfeaturessuch as

statiors, junctiors andat-gradecrossingsTable 9 provides he description ofhese threéeatures.

Table9: Description of Rail Network FeaturédRC, 2012)

Feature Description Source
Station Designatedocatiors for trainarrivals and { Point geometry by NRC
departures 9 Subdivision name and mileage by CN and VI
Junction Locations wheréwo or more tracks 1 Point geometry by NRC
diverge or converge 9 Junction type and administration aredaday
Transport @nada
At-grade Locatiors along rail network where a tracl § Geometry and attribute biransport Canada
Crossing crosses another netwofit-grade only).

Using multiple iterations of spatial join in Gl&he railcentrelins were segmentelly stationspy

junctionsand byat-grade crossingand compareavith existingsegmentsThe results weranalyged by

reviewing segmeriengths andthedistributionof derailment®y segmentFigure 19showsthe dstribution

of segment lengths ampiovidestatisticsfor thefour different segmentation approaches.

Distribution of Segment Length (km) by Existing
Segments

20000 -

15000 -

10000

Frequency

5000 A

0 \-_V_-l-\

0 10 20 30 40 50 60 70 80 90 100 More

Length (km)

Distribution of Segment Length (km) by At-grade
Crossing

20000 -

15000 -

10000 +

Frequency

5000 -

50 60 70 90 100 More

Length (km)

0 10 20 30 40 80

Frequency

Frequency

Distribution of Segment Length (km) by Junction

20000 -

15000 -

10000

5000 -

0 T T T T T T T T T T 1
0 10 20 30 40 50 60 70 80 90 100 More

Length (km)

Distribution of Segment Length (km) by Station

20000 —
15000 -+
10000 -+

5000 -

0 \._l_-\ T T T T T T T T 1

0 10 20 30 40 50 60 70 80 90 100 More
Length (km)

Figure19: Distribution of Segmernitength by Segment Method

Table 10provides t@irther detailincluding the number of derailments on the segments.
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Table10: Segmentation Method Analysis Results and Comparison

Segment Length km) No. Of Segments  No. of Derailments Pros Cons
Method Min  Max Mean SD  <100m >10km Max Mean
- low variationin length - Over half of the segments
- least numbers of very shol havezero derailment (63%;
segment length (<100m)
- contains measure values
Existing 073 1526 145 113 0 1,897 19 o  (startand end pointéhat
correspondo derailment
locations
- lowest proportion of
segmentsvith zero
derailments
- More distributed locations: -Highest nurber of shorter
junctionsare present segments (e.g. <10km)
Junction 0.01 199.7 35 7.8 3,305 7 11 2 throughout the network evel - Large proportion of
in rural areaswith no segments have zero
station or crossing) derailment (88%)
- Less numbers of very shor - Very long segmentis
segments compared to the rural areas
junction method - Two segments with large
At-Grade number ofderailments due
Crossing 0.10 4172 26 79 26 17 37 2 to excessively long
segments (> 150km)
- Large proportion of
segments have zero
derailment (91%)
- Resulted in reasonable - Larger variation in
number of segments (3,231 segmentength
- Smaller propoibn of - Somesegmentsre very
segments with nderailment long (>10km) due to
Station 005 4172 147 28.1 58 53 65 2 compared to junction and  dispersedtatiorsin rural

crossing methods

areas (e.g. Provincial
parks, intercity/regional rail
lines)

- Over half of thesegments
have zero derailment (66%

Notes:The analysis is based @0 yeas of derailment data

Existing segmentation (first row of Table) is based on the modified base rail network as documented irBChapter
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Table 10 shows thathe split by junctiormethod hd the largest number ofery shortsegments
(less than 100mgnd 88% of the segments have no derail@ggmentation bytayrade crossings resatt
in an overabutance of segments with zero derailme®#). Segmentation by stati@howsa smaller
percentage (66%) afegments with no derailment (66%) dedier short segmentshis resultedn high
variability in segment lengttith certain entitiedeingvery long dueto dispersedntercity/regional rail
line statiorsin rural areasndprovincial parksSegmentation by ajrade crossing or station also produced
very long segments (>400km) which may sacrifice homogeneity as variables are forcedjtpduzated

onthese entities.

T h e NRa&XNtihigsegmerg hadthe lowestnumber of very short segments (less than 00m
whichis important atongersegmenttave been found more appropritiedevelopingsafety performance
functions (Cafiso et al, 201)7 The existing segmentatioralso ha the smallest proportion (63%) of
segments with no derailments.addition, andmportantly,existingsegmentsre associated with start and
end points that correspond the location attributes of derailmeat This information is cucial for
geocodingderailmentausinga linear referenimg technique, apreviouslydiscussedn Chapter 3.2.2 In
view of the pros and cons of eattethod the existing segmentatiavasselected as the most appriate
for model developmerin this study.

3.2.5. Data Limitations

The study data hadsgeral limitationsFirstly, the RODSrelies on reports provided by thighrty sources
Thetype and amount of information providey these sourcesiisconsistent. Tis cauld bedueto different
rail operatorausingdifferent policies or standarder their reporting. The RODSdatabase coains many
fields with missing or incomplete data (engissingweather, lighor track curvature information)n some

casesinformatian for these fieldsvasmissing for over 50% dhe derailment records.

Secondly, mce accident reports are providdidectly by third-party sourcegheinformationmay
not havebeen validated (TSB, 2019heTSB conducts investigations on a small petage of the reported
accidents on an aweded basifODSis beingcontinuously updated dlseseinvestigations take place.

Thirdly, althougheach segment in the integrated database is associatéts$ alithracteristicée.g,
track characteristicandtrain specifications), many of the fields are poorly populated and do not provide
sufficient samp#s sizes for prediction modellingrack segmentelated ariablessuch as train weights,
track geometry and type of signal operatieasinot be included ithe prediction models despite their

potential effects on derailments.
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3.3. Descriptive Data Analysis

This section provides a comprehensive descriptive analyshe@f,468 maintrack derailmens (hereafter
i drailments) that occurred in Canadeerthe20-yea study period1999to 2018). The analysisncludes
annual, monthlyseasonal, dailyand hourly trendinaly®s andanalysisof derailmentseveriy and track
characteristics (e.g. length, ownership, voluisiedspeed)

3.3.1. Annual Trend

Figure 20 shows the number aferailmens from 199 to 2018. Only severof the 2,468 derailmeni¢ess
than 0.3%) involved passenger trains. None optssenger traiderailmentgesulted in injuries.

On average, theneere123.8 derdimentsannually.The highest number afierailments occurred
in 2005,accounting for approximately 8% (203) alf derailmentsecorded in Canadduring thestudy
period With the exception of 2002, the Figure showsrameasing trendfom 1999to 2005with a bebw

averagenumber of derailmentsom 2009to 2018
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Figure20: AnnualNumberof Main-Track Derailments 199-2018
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3.3.2. Monthly and Seasonal Trersl

Figure 21 showsthe number of derailnmts by monthThe highest number occud@ July (259 or 10%)
closely followed bythe winter monthdrom Januaryto March. It is likely that winterderailmentswere
associated with weather conditions such as snow or ice accumu@timber(153or 6%) and November
(1520r 6%) had the lowest number
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Figure21: Numberof Main-Track Derailmentby Month, 199-2018

Figure 22 showsthe seasonal distribution of derailmerifte highest numbewasin winter (694
or 28%), but spring(641 or 26%) and summe(637 or 26%) had nearly as many as wintéiall had the
lowestnumber ofderailmentg496 or 20 %).
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Figure22: Numberof Main-Track Derailment®y Season199-2018
3.3.3. Weeklyand Hourly Trends

Figure 23 showsthe numberof derailmentdy day of the weekFridays hadthe highestnumber(385 or
16%) followed by Tuesday (361 or 15%) and Wednesdag349 or 14%) derailments Saturdayhad the
lowest numbe(324 or 13%).
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Figure23: Derailments by Day of the Week

Figure 24 showsthe numberof derailmentdy time of the day Derailmentsoccurred throughout
the daywith the highest numbefrom around noon to arourdpm.
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Figure24: Hourly and Daily Trend of Derailments199-2018
3.3.4. Distribution of Railcars in Deralments

The ®verity of derailmentss typically measured by the number of railcamgolved. Table 11 showsthe
numberof railcarsinvolvedin derailmentdrom 1999to 2018.Figure 25 presets the same information.
Almost half (1,163 or 47%)of the derailmats involvad only one railcarand the great ajority (93%)
involvedone to20 railcars. The most sevaterailmentsnvolved more than 40 railcarsut accourgdfor
only 1% oftotal derailments
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Table11: Number ofRailcars Involvel in Derailments19992018

Number of Railcars Frequency Distribution
1 1,163 47%
2-3 346 14%
4-5 180 7%
6-10 349 14%
11-20 270 11%
12-30 101 4%
31-40 43 2%
>40 16 1%
Total 2,468 100%
1,400
1200 L1163
a
c
E 1,000
o
é) 800
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Figure25: Distributionof Number ofRailcas Involved in Derailmentd9992018

3.3.5. Derailmentsby Provinceand Track Length

Figure 26 showsthe number ofderailmentdy province(blue barsandtrack length(black line) Ontario
had the highest number of derailmen§64or 27%) andhighest number of kilometres il track British
Columbia hd the secondhighernumber ofderailmentg511 or 21%) followed by Alberta (425 or 17%).
The lowest numbers of derailments were noted for northenadza(Yukon, Northwest Territory and
Nunavuj attributable tahe lack ofrail infrastructure

In most cases, theumber ofderailmentsvasproportional to track lengttsaskatchewawas an
exception as it had the second highest of kilometresldfad, but arelativelylow number of derailments.

The flat topography oSaskatchewamay help toexplainthis. Mountainous provinces such as British
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Columbia, havenore challenging opating conditions due tchanges in elevation (steep slopes) and sharp

curvatures.
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Figure26: Number ofDerailments by Province and Territp9932018

Figure 27 providesa more accurate representation of the datderailments by Province and
Territory as he number of derailmenis normalized by track length. British ColumMiadthe highest
deralment rate per kilometref track followed by Ontario and Albert@he derailment rate per kilometre
of trackfor Saskatchewawas clearly lowethe national avege, but not as low as the averaige New
Brunswick, theNorthwest Territoriesr the YukonThe length of a track segment has a direct relationship
with derailments and should be included as one of the independent variables in prediction modelling.
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Figure 27: Derailment Rate per Kilometre Track by Provint8992018
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3.3.6. Derailmentsand Track Ownership

Table 12shows the number derailmentswith respect to track ownershiganada Nationall(2690r 51%)
andCanadian PacifidRailways (888 or 36%)accounted fomost of thederailmentsThese two companies

alsoownmostofthega r ack i n Canadads rail net wor k

Table12: Derailmentsy Track Owner199-2018

No. Rail Company Derailment
1 CN- Canadian National Railway Co. 1,257
2  CP- Canadian Pacific Railway Co. 898
3 Quebec North Shore and Labrador Railway Co 73
4  Hudson Bay Railway 64
5  Montreal, MaineandAtlantic Railway 23
6 Ottawa Valley Railway 22
7  MackenzieNorthern 21
8 Okanagan Valley Railway 15
9 GoderichExeter Railway Company Ltd. 11
10 St. LawrencendAtlantic (Quebec) Inc. 9
11 Chemin De Fer De La Matapedia Et Du Golf In 8
12 Ottawa Central Railway 8
13 Via Rail Canada Inc. 6
14 Burlington Nathern Santa Fe Company 5
15 CSX Transportation 5
16 Kelowna Pacific Railway Ltd. 5
17 Tshiuetin Rail Transportation Inc. 5
18 Essex Terminal Railway Company 4
19 Algoma Central Railway 3
20 Canadian American Railroad Company 3
21 Capital Railway 3
22 Corporation Des Chemins De Fer De La Gaspe 3
23 Southern Ontario Railway 3
24 Baie Des Chaleurs 2
25 Sydney Coal Railway 2
26 Arnaud Railway 1
27 GO- Metrolinx 1
28 Knob LakeandTimmins Railway Company Inc 1
29 New Brunswick Southern Railwa 1
30 Nipissing Central Railway (Ontc) 1
31 Ontario Northland Railway 1
32 Southern Railway oBC 1
33 Toronto Terminals Railway Company 1
34 White PasaindYukon 1
35 WindsorandHansport Railway Company Limite 2

Total

N
N
o
(o]
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3.3.7. Derailments by Tram Volume

Daily trainvolumeswereestimatedrom the atgrade crossingventory databasas mentionedn Chapter
3.2.3 Figure 28 shows the numberof derailmens andnumber ofsegment$or seven levels oflaily train
volume.The Figure shows that mosegments have dailyain volumes ofup to 10 trains per dayThe
Figure also shows that and mdstailmentg2,405 or 97%pccurredon segments witlup to40trains per
day. Less than ongercent of derailrants (12 or 0.5%) occurred along segments witiigh daily train
volume @1 trains or more) Train volume is an exposure variable that is critical for predicting the
probability of derailment along segments

® Number of Derailments ONumber of Segments
2500

2000
1500

1000

TN .

1-10 11-20 21-30 31-40 41-50 51-60 > 60
Daily Train Volumes

Frequency

Figure28: Derailment and Train Volumes Segment§19992018)

3.3.8. Derailments byTrain Speed

Segmentspeed (mph) were estimatedfrom the atgrade crossing inventory database as discussed in
Chapter 3.2.3 Figure 29 showsthe estimated segment speeds in the netwidrk.speeds showare the
maximum train speeds recorded at rail crossin@®19. These speed=presered the speed faach track
segmentThe high speeds (shown in red) arainty for freight routes irthe Greater Toronto Hamilton
Areaand southerOntarioandVl A& s i nt er pacrosg Allmeda, Satkatachewan aadsManitoba

connecting eastern and western Canada
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Figure29: Maximum Train Speesimph)Recorded at AGrade Crossings Canada2019

Figure 30 showsthe number ofderailmentsby train speed alongsegmerd. Most derailments

(1,8550r 83%) occurred orsegments witlrecordedmaximum train speedsf 21 mph to60 mph. The

number of deréinentson lower and higher speed segments was much lddmerClass 1 tracks, the

allowable speed for freight trains and passenger trains is 10 mph and 15 mph respectively. It is clear that

the majority of segment2,615 of 3144 088%) recorded trains o#ing at excessive speeds.

As operating at a speed unsuitable for the design conditions may elevate derailmesegisient

speedvasincluded as aindependent variabli@ the prediction model
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3.4. Chapter Summary

The dudy chta used in this researalaspublished by Natural Resources of Canada, Transport Canada and
the Transportation Safety Board of Cangd&B). Significant effort was sperdn data quality combl,
testing and validation in order to synthedilze different datasetsito an integrated databasghallenges

with the data integration includesbatial datadiscrepancieqresolved through geoprocessibapls),
missingincompletedata (esolved throulg data analysis@nd the absence of an appropriate segmentation
method(alsoresolved througllata analysis)

Theintegrateddatabase conta#al 3,144 segmentdn the case ofulti-line tracks the segments
were represented by tloertreline Each segmerih the database wassociated withkey attributesuch

assegment identifietotal derailmentcount train volume,train speegdand number of stations

Several data limitatiorsrose For example, msing/incomplete informatiofimitedthe number of
independent variabdéavailable for theredictive modellingSome data was inconsistent. For exantpie,
Rail Occurrence Database SystRODS)obtains its data fromaccident reports submitted by individual
rail operatorsAs only a snall portion of theaccidentavarrant investigation by TSBnuch of the RODS
dataRODShas not beenverified.

A descriptive analysis wasonductedo examine patterns artdendsin maintrack derailments.
The analysis oflerailmentsncluded consideratioof the month, the season, the day of the week, the hour
of the day, severity (in terms of the numberaifcars involved), th@rovince track lengthtrack owney

train volumetrain speed

From 1999 to 2018, the total numbemadintrack derailments itanada wag,468 an average
of 123.8per year. Almost all (97%) were freight traifthe number of the derailmenigas higher than
average from 1999 to 2008, and lower thanrage from 2009 to 2018.he number of the derailments
tended to be higher inly and from January to March, higher in winter, higher on Fridays, and from around
noon to aroundt pm The great majority of derailmen{93%) involved one to 20 railcarand47%
involved only one railcarOntarioandBritish Columbiaaccounted for 48%f the derailmentsOntariohad
the most trackSaskatchewahad the second most track (but a relatively low number of derailments).
Canada NationandCanadian Pacific Railwaown most Canadian rail track and had most (87%) of the
derailments. Mst deralments (97%) ocurred onsegments witlfrom one to40 trains per dayMost

derailmentg83%)occurred onasgments witlrecordedmaximum train speedsf 21 mph to 60 mph

The data analysi®vealed that track lengteegment speed atrain volumemay bekey variables

that contribute to derailment potential
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CHAPTER 4. MODEL LING METHODOLOGY

This Chapterdetaik the steps taken prior to model developmélite main issuesvere input dat
preparationoutlier detectionmodel descriptionsgnodel formmodelcalibration &ad validation, goodness
of-tests and variable selectiomhe analysis period for model development is 10 yeadisgsissedn
Chapter 2.2.5

4.1. Input Data Preparation

This section provides a description of thpuhdataset andutlier detectiormethods

4.1.1. Descriptive Statistics

The integrated database corsitdf 3,144 segment€Each segment had anique identifier, derailment

count and information on theegmeri attributes Thetotal derailmenteverthe 10year analysis period
wasused as the dependgnesponseyariable In addition to the three variables mentioned in previou
Chapter, two other variables were considered: average train speeds and the number of stations along a
segment. The number of statdomong segment has implications on derailment potential due to variation

in train speed caused by acceleration and/ogldegtion. In total,ie independenfexplanatory variables
wereconsideredor predicting derailmentd able 13 provides descriptions othe modelariables.

Note thatih VL O i n t he s fordviaimuri Dadly Treim Maumes (VL_Count) and
Maximum Train Speed (VL_TrainSpeed) simply refers to thgrade crossing dataset that provided the
daton train volume and speed.

Table13: Model VariableNames andDescriptiors

Variables Description

Dependent

DerailCount Number of Derailments
Independent

Seg_Length Segmentength (km)

VL_Count Maximum Daily Train Volumes
VL_TrainSpeed Maximum Train Speediph)
Avg_Train AverageDaily Train Volumes
Stn_Count Number of Stations on Segment
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4.1.2. Outlier Detection

Anomalies in the database can significantly alter or bias the fit of a prediction miadeémportant to
identify any outliers in the dataset and deternamebust methodor rectifying them.Figure 31is aset of
boxplots forthe five independent variabde (Segment Length (Seg_Length), Maximum Train Speed
(VL_TrainSpeed)Maximum Daily Train Volume(VL_Count), Average Daily Train Volum@Avg_Train),
andStation Coun{Stn_Count)

Outliers were defined as values that were greater than the upper bound and lower lthaerthe
bound of eaclndependent variabl&igure 31 shows a number of outliefar each variable
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Figure31: Box Plotfor eachindependenYariable
Table 14 provides a summary of tretatistics used iigure31 for the five independent variables.

Table14: Summary Statistics fdndependenYariables
Seglength  Train Speed Max Avg Train Station

(km) (mph) Train Vol Vol Count
Minimum 1 0 0 0 0
Quartile 1 (Q1) 5 25 2 2 0
Median 13 35 5 5 0
Quartile 3 (Q1) 20 50 13 12 1
Maximum 153 100 162 126 13
Mean 14.48 37.86 9.47 8.72 0.80
Range 152 100 162 126 13
Interquartile Range (IQR = Q3-Q1) 15 25 11 10 1
Upper Bound (Q3-1.5x IQR) 42.99 87.50 29.50 27.00 2.50
Lower Bound (Q1-1.5x IQR) -17.08 -12.50 -14.50 -13.00 -1.50
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4.2. Model Descriptions

Homogeneity plays an important role in developing derailment prediction mofeils is because
infrastructurewith similar characteristics assumedo havea similar levelof safety performance which
canbe charactered by asetof independent varialde Given theyreat contrasts in trgeographic and track
characteristicef a vast rail system |k e C adeweldpng enenodelfor the whole counyr mightgive
a misleading impression tfie level of safetyof the network Exposure (e.g.daily train volumeg and
segment length are exampteEandependent varialbdghatvary greatlyacross the amtry.

As asinglemodel formis clearlyunlikely to be ableto account for the variation in characteristics
in differentprovinces and territoriesnultiple derailment prediction modelgere developetb capture the
variation in rail network characterists more preciselyDiscussion belowprovides a quanttive

assessment of the number of prediction models to be developed and the justification for each.

Figure 32 shows theaumber ofderailmens that occurred on the netio63s144 segmenstin the
10-yearstudyperiod. Thenumber ofderailmens persegmentangeal from 0 to8 with a mean 00.31and
a variance of0.56 A variancegreaterthan the meatndicatesoverdisperseddata Although the great
majority of segments (#8) had noderailmens, 470 segments had twamd a few segments had three or
mor e. T h statistical utadajyissand model devatmmt was designed to investigate how the

independent varialdamight beassociated with potential derailment risksall 3,144 segmest
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A largenumber of entities (trackegmentsandoutcomeevens (derailments)n a datasets ideal
as itmaximizesthe performance of tharediction modelSmall sample sizemayyield biased estimates of
theregression coefficiensnd compromise the predictive power of the maddet.example, ifve develop
derailmentprediction modelseparately for eagbrovinceterritory, some provinces and territoria®uld
have such small sampletha we cannot develop statistically sound dengiht prediction models~or
example, théNorthwest Territories, Nova Scotia aNéw Brunswickhad onlyl11 derailmentsduring the
study periodTo ensure a good sample size, the sielyelogd models foreasten Canadaand western
CanadaTable 15 andFigure 33 summaize the mairrail systemcharacteristicef Eastern andVestern
CanadaTable 15also provides a breakdown for the provinces and territories.

Table15: Rail SystemCharacteristics of Eastern and Western Canada
Track Length Daily Train Daily Train Millions Derailments

Province and Territories (km) Traffic KM Travelled (20092018)
New Brunswick 1,202 589 0.7 8
Newfoundland and Labrador 287 40 0.0 19
Nova Scotia 745 399 0.3 3
Ontario 10,262 9,416 96.6 230
Quebec 6,540 3,167 20.7 119
Alberta 6,527 3,704 24.2 196
British Columbia 6,705 6,193 41.5 203
Manitoba 4,656 2,404 11.2 80
Northwest Territories 120 4 0.0 -
Saskatchewan 8,374 3,848 32.2 122
Yukon 95 4 0.0 -
Eastern Canada 19,036 13,612 259 379
Western Canada 26,477 16,158 428 601
Canada Total 45,513 29,769 1,354.9 980

Eastern Canada: NeBrunswick, Newfoundland and Labrador, Nova Scotia, Ontario and Quebec.
Western Canaddlberta, British Columbia, Manitoba, Northwest Territories, Saskatchewan and Yukon.

Eastern Canada = Western Canada

19,036 13,612

Track Length (km) Daily Train Traffic Number of Derailments (10 Yrs)

Figure33: System Characteristics for Eastern atielstern Canaal

52



Western Canada hasore rail trackhigher train traffic andi higher numbeof derailmentghan
does Estern Canada. Both regiom®vide enoughlerailments and segmeifior predictionmodelling

Since the rail ngvork in Canada is primdyiowned by @\ and CP, this study developed prediction
models for these two railway compani€sgure 34 shows the maps ofail track ownership irCanada
Approximately 86% of the derailments occurred on CN (U@PACP (39%)owned tracks during th&o-
year analysis periodhese percentages might leadatfalse perception of safety performanceaiimply
taken at face valuderailments can be norieed by track length t@heck whether theroportion of

derailmentgs associadd with track ownership.
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Figure34: Rail Track by Ownership
Figure 35 showsderailmentsnormalizedby track length The Figure shows th&P hadhigher
derailment rates than CM every yeaexcept 2009, and thabth CN and CPhad higher numbes of
derailment ates otherailway companief all 10 years
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As CN and CP are likely to have differgmiliciesand standards for maintenance and operations,
it appeared useftb examine the safety performancetudir rail networls separatelyThe resultsobtained
from the prediction modelsould provide useful information famproving theirsafety impovement

strategies

Consideration of the data and the sample sizes available suggested shadlyisbould develop
five modek:
Canada
EasternCanada
Western Canada
Canadian National Railway

a > wnh e

Canadian PacifiRailway

4.3. Model Form

This studyusednegativebinomial (NB)regression distributioto evaluae the safety performancef each
segmentThe functional form of the NB modefsr each track segments shown inEquation 9 for the
expected mean () which is then reexpressed iEquations 10and11 (Tayki et al, 2018)

[ (Eq9)
C o Qaml o 8af - (Eq.10)
o T (Eq11)

where:

& is the observed value of thelependent vaiable (i.e., number derailment) for segment@
w is theindependent variablefor segment'Q

I is theregressioncoefficient estimated from the model,

- is an error term with a mean of 1 and variance hand

w follows a negative Ioomial distribution.

An error term(- is introduced to account for the issue of overdispersion as NB regression

distribution assumes that the variance and the mean are not equivalent.

The probability density function for the NBadel can be writteasEquation 12 with dispersion

parameter .
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_ (Eq12)
0 WS

The likelihood function othe NB model isshown inEquation 13:

I Tghi B QoOmaE—2 -adp | GEe O GEQ p i@ (Eq13)
.
The log likelihood function othe NB model isshown inEquation 14.
I Tafi B was—— -aép | Qo At ©® ate p (Eq14)

dE G

The goal is to maximize the likelihood function for obtaining the coefficient estihater p. an d

R-LanguagdR Core Team, 2018yas used to estimate the parameters of the NB models.

The modek (SPF$ developedn this study represent the average conditimnsegments inthe
Canadads r angdegmerdevelvdata kor apidation in other areas, it might be necessary to
calibrate the SPFs to better reflect local conditions affiereint study periods.

4.4. Empirical Bayes (EB)Approach

Reducingregressiorto-themean (RTM) biags important in addent prediction model® reducethe
effects ofnatural fluctuatios in accident datarhis study applié theindustrystandard methoknown as
the Empirical BayeqEB) technigug(Persaud and Lyon, 2016; Sun, 2002; Yu et al., 2@dj}ation 15
shows thdormula for EB methodTl'he formulauses informatiofpredicted and observeglues)obtained
from the NB model outputs to estimate the long term mean values (i.e., the EB adjusted values) of the

number ofderailmens for a certain segment
%U x g p x U (Eql5)

where:

‘O w represents the EB adjusted number of derailments for segment i,
represents the predicted number ofderailments for segment i,

W represents the observed number oflerailments for segment i, and

0 is the EB weight factor for segment.i
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0 is estimated ifEquation 16:
(Eq.16)

where:
| is the dispersion parameter,
is the predicted number of derailments for segmentiin yeart, and

Y =10 yearsin this study.

4.5. Model Calibration and Validation

A crossvalidation method with data partitioning was used for model calibration and validation. The data
was randomly partitioed into two sets. A larger portion of the observation set was used to caligrate t
model parameterd’he remaining portion was then uskdvalidak the predictive power of the model.
Different splits between thealibrationportion and theralidationportion (90:1Q 80:2Q 70:30,and50:50)

were tested to determimehich split yielded the best performander thederailment prediction modglAs
theresults were similafior all four splits, a 70:30 split was selected abkis approaciprovided areasonable
amount ofdata forthecalibration and validation ahe fivemodek developedor the study.

Using 30% of the datasethe models were further validated by predicting theumber of
derailments using coefficieestimatemndcompaing the results witlobserved values. This approaghs
effectivefor evaluating the predictive performee of the modslasthe validation dataset was not included
in the original estimation dhe coefficient procesdata partitioning alsallowed for theuse of goodness

of-fit tests to assess modmrformance.

4.6. Goodnessof-fit Tests

Candidate models werdreveloped using different combination and permutations of independent variables.
Models that produced intuitive signs for coefficient estimates and atte@umulative Residual (CURE)
plotswere then shortlisted and evaluated by goodoésis tests.Nine goodnesf-fit (GOF)tests were
performed tawompareandevaluatgherelative performance of trghortlistednodels. The GOF tests were
Akai kebds | nf or maBayesian InfomatioreGritermm (BICvérdispersion Parameter,
Mean Square Error (MSE)Mean Square@redictionError (MSPE), FreemanTukeyR-Squared (R2FT)

Mean Prediction Bias (MPBMean AbsolutéDeviation (MAD)and CURE plots.
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4.6.1. Akaike Information Criteria

Akaike Information CriterigAIC) is a common metriasedfor modelselection. It isised teselectmodels
that best explain the data with minimdree parameters. AIC penalizes models wathigher number of
parametergBurnhamandAnderson, 2004; YoungndPark, 2013)Equation 17 shows the formula for
estimating AC:

1) # ¢l 10C ¢n (Eql7)

0 andr represent the model log likelihood and the number of parameters in the model.

4.6.2. Bayesian Information Criterion

Bayesian Information CriteriofBIC) is closely related t&IC, but alsoconsides sample size (number of
segmets in this study. BIC is a panelied likelihood criterior(as iSAIC). A lower BIC implies fewer

independent variabdeand/ora better fit. Equation 18 shows the formula for estimatirgjC:
"y #n 11& c¢il,C (Eq18)
0 andr) are the same d&&uation 17 while n represent the sample size.

4.6.3. Dispersion Parameter

Dispersion parameter is generatgdthe NB modelaspart of thevarianceequation Larger dispersion
indicates larger variance (greater variabilaydlargervariance increasdbe standal errorsola  model 6 s
estimategLyon C. et al, 2016)A modelwith alow dispersion parameter is preferr&djuation 19 shows

the formula for e variance ofthe NB distribution and the rearranged formula for estimating the
dispersion parameter shown in Equation 20 (Lyon et al, 2016)

6AG %A QQOd (Eq19)

where:
6 A @ istheestimated variance ofmean,
%0 is the estimated meanand

"QQ is the estimated dispersion parameter furction.
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4.6.4. Mean Square Errorand Root Mean Squared Error

Mean Square ErrdiMSE) measures how closely the fitted value represents the observedavsinalier
MSE indicates a fit that isloser to the actual valu®Vashington et al., 2005; Washington et al., 2007;
Young andPark, 2013)It is applied to the calibration datasét model witha small MSE is preferred
Equation 21 shows the formula for calculag MSE:
B 'p @ (Eq2D
- 3% #
where:
@ is the observed number of derailmens at segmenti,
is the number of derailments predicted by the model
¢ is the total sample sizeand

| is the same a€Equation 17.

The gjuare root of M& is the Root Mean Squared Error (RMS#)ichis the standard deviation
of the prediction errorsThe RMSE measures the data spread around the regred&idures closer to zero

indicate less error in model prediction.

4.6.5. Mean SquarePredictionError

Mean Sqare Prediction Erro(MSPE)measureshe errors associated with predicted valdedues closer
to zero indicate less error in model predictitinis applied to the validation datas&guation 22 shows
the formula for calculating MEE (Hamidi et al.2010:

e ® (Eq.2)

- 30%—2 —
€

where:

®,‘ andé¢ are the same agEquation 21.

The calculation method for MSPE is similar to MSE. These two GOF tests can be compared to
provide more information on the predictive capapitit a model. If the MSPE value is greater than MSE
value, it is an indication of an overfitting model. The leg&knce between MSPE and MSE values

implies better model fit.
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4.6.6. Freeman Tukey R squared

Freeman Tukey R squar@¥TF) is agoodnesof-fit testcommonly usedor countmodelsmainlybecause
of its variancestabilizing transformations fdsinomial distribution (Freeman and Tukey, 195@°TF is
widely usedo measure model fits for SPFs (Lu, 201tk applied to botlthecalibration andhevalidation
datasetandmeasures how well a model fits the datargerR?TF values implybetter modefit. R°TF is

estimated usingquation 23:

) B &£ £ B A (Eq23)
B £ £
where:
Q & ° p
G ° R AT A
™M ® ©® p T ° p

®,‘ ,and¢ are the same dsquation 21.

4.6.7. Mean Prediction Bias

Mean Prediction BiaGVPB) measure the magnitude and direction of taeeragemodel bias (Hamidi et
al., 2010; Washington et al., 2008)is applied to the validation datasetcalculate thdifferencesbetween
the predicted andbserved valuesSmaller MPB values indicate better pretitbn. MPB values can be
positive (indication of overestimation or negative(indication of undelestimation. Equation 24 shows
theformula for calculating MPB
B 9 9 (Eq24)

|
®,* ,and¢ are the same dsquation 21.

-0

4.6.8. Mean Absolute Deviation

MAD measureshe average magnitude of variability of prediction in absolute values (Cyenal, 2016)
It is applied to thevalidation dataSmaller MAD valuesindicatebetter predictionEquation 25 showsthe

formulafor calculaing MAD:

B 9 9 (Eq25)

W' nande are the same dguation 21.
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4.6.9. Cumulative Residual Plots

Residuals are the differences between the obsemeégredicted valuemndcan be used to measure the
predictive power of a model. A CURE plot is a graphical representation of the modtetdih be useful

for understanihg the performance of a model aftdt identifying where biased estimates occur.

Figure 36 provides an examplef a CURE plotfrom this study Residualswere plotted against
exposure rfjumber ofderailmens againstdaily train volumein this examplé. The zero line on the graph
corresponds to thegion where the estimates are unbiasieeldbserved values) and the black lines above
and below zero are the residual$ie areaabovethe zeroline represers underestimations anithe area
belowthe zero linerepreserts overestimations. The green andl lmesindicatetwo standard deviations
above and below zerdresiduals that fall within thgreen and retines fall within the 95% confidence
level and indicatea good fitting modelGenerally, a CURE plot thahowscumulative residuals that fall
within the two standard deviations and converge iatitateto a good fitting mode(Lu et al., 2014)

Figure 36 shows a good fit

+2 std
= Cumulative Residual
- = -2std

0 20 40

Cumulative Residuals
|
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0 5 10 15 20 25 30

Daily Train Volume (Exposure)
Figure36: Sample Cumulative Residual (CURE) Plot
Figure 37 shows a example of £&URE plotfor a poor fitting model. The increasirige thatruns
above zero indicates that this modelsconsistently underestimating thamber ofderailmens. Selectihg
a different functioal form,and/oradding or removing variables in the modeghtimprove the fitting of

the estimates.
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Figure37: Sample CURE Plot Showing a Poor Fitting Model
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4.7. Variable Selection

The first step othe modeldevelopmentvasvariable selection which involved a correlation analysis of
responseand independent varialde Table 16 is the correlation matrix developed tpre-screenthe
statistical relationships between these varial#fege independent variabke of interest wereonsidered
daily train volume (VL_Count)maximum train speed (VL_TrnSpd), segment length (Seg_Length)
average daily train volume (Avg_Traiapd number of stati@on a segment (Stn_Count).

Tablel16: Correlation Matrix of Model Variables

DerailCount Seg_Length VL Count VL TrainSpeed Avg Train Stn_Count

DerailCount 1.00 0.31 0.19 0.20 0.18 0.19
Seg_Length 0.31 1.00 -0.01 0.07 -0.02 0.29
VL_Count 0.19 -0.01 1.00 0.64 0.98 0.31
VL_TrainSpeed 0.20 0.07 0.64 1.00 0.63 0.20
Avg_Train 0.18 -0.02 0.98 0.63 1.00 0.31
Stn_Count 0.19 0.29 0.31 0.20 0.31 1.00

Segment lengttad a low linear association (81) with the number of derailmentendis to
contribute to improving the fitting performance betmodel.The dher independent variablésd alow
correlation withthe number oflerailments (less than2m). Despitethelow correlatiors withthe number
of derailmentsall theindependentariables arecarried forwardas their association with demaiénts might

improve the overalpredictivecapabilitiesof different model forms

The issue of multilinearity was further examined. Mafsthe variablesare not highly correlated
with each otkr (>0.5), butmaximumtrain speed and daily train volunseowed a moderatecorrelation
with each other (0.64Y.hese two variableserecarried forward fomodellingas they are expected to have
direct effects on derailment potenti8incemaximum and asrage daily train volumes are both exposure
variables (highlycorrelated), these were not included in the same model forms simultan&tarsiyce
inflation factors (VIF)were calculated to assess the magnitude of multicollinedoitythe bestfitting
modesk (provided inAppendix C). In this study, all independewmariables in the beditting models had

VIF valuesless tharb, an indication thatnulticollinearity is not aoncern

Statistical significance and/or predictive ability carubed to evaluate theriables in a statistical
model Much scientific reseah usesstatistical significancdoased on thg-valuesof the independent

variables. However, model results showltsobe interpretedn the context of the study and not solety
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p-values (Wasserstein and Lazar, 20T8)sissueleads to someontrovergeson statistical null hypothesis

significance testing, particularly in road safety research.

For exampleyariables that may not appear to be statistically signifiozay still have a strong
effect in predicting a dependent variable (Hauer, 2084)ersuggested that more attention should be
given to the estimates of effect magnitude and standard ersosemevariables mayhave predictive

capabilityalthoughtheir pvalues are not withitthe 95% confidencéevel.

Thisthesisfocuses orpredicing theoutput value‘( usinga set ofindependent variabée(X) rather
than developing an explanatory moddixplanatory modelling is interested in identifying a set of
statistcally significant variables to test a theoretical hypotheRisdictive modelling constructsthe
function from the datasdty capturing the association betwéerand X. In predictive modellingin the
context of transportation safetthe predictive power of the model is mamgoortantthanthe statistical
significance ofthe independent vaables. This studyconsidered bottstatistical significance anthe

predictivepowerof the models developed

During the model development processidependent varialbdewere introduced to check the
performance of the modelith different combinatios of functional forns. Thiswasan iterative process
that continuedintil a best performing modelasobtained. The overall predictive performance of the model
wasthen tested using tHeOFtests described i@hapter 4.6. The selection othe besfitting modelwas
based on the results GiOFtestsand CURE plots.

4.8. Chapter Summary

This chapterdescribé the input dataand modelling scheme for d@tstudy. Given thegreat variety of
geographic and track characterisiitthe study datdive derailment pediction modelsveredeveloped to
capture the variation in the rail netwoflkhe five modeb were:Canada, Eastern Canada, Western Canada,

Canadian National Railwagnd Canadian Pacific Railway.

Negative binomial distribtion was the first modelling approach to predicting the number of
derailmentsn this study The goal was tonaximize the likelihood function for obtaining the coefficient
estimateén the prediction modeld.o account for the regssionto-themean (RTMias, Empirical Bayes
(EB) method was applied to calculate the expected safety performance of each segment in the rail network.
In terms of variable selectiomrivard selectionvasused to account for the inclusion of model Viales.

The modellingappro@h applied a crossvalidationprocess in whiclthe databaseasrandomlysplit into

two separatesetscalibration and validationA set of candidate models were developed with different

62



combination of independent variables. Thedelsthat have intuitivesigns for coefficient estimates and
acceptable CURE plots were then shortlisted.

Nine goodnesf-fit (GOF) tests evaluatkthe relative performance of thghortlistedmodels
Akai kebs I nformati on Cr iioh €riteiion (BIC), Bver@persionBPargmeterj an | n
Mean Squared Error (MSE), Me&guared Prediction Error (MSPE), Freeman TukeygRared (R2FT),
Mean Prediction Bias (MPB), Mean Absolute Deviation (MAD) and CURE plbie CURE plots
provided a visualllustration of the differencesbetweenthe predicted and observed valudable 17
provides assummary of the GOFmeasures and thepreferred values.

Table17: Summary of GOF Measures and Preferred Values

GOF Measure Preferred Value
Akai kebs I nformation Cr Smaller Values
Bayesian Information Criterion Smaller Values
Dispersion Parameter SmallerValues
Mean Squared ErrbRoot Mean Squared Error Smaller Values
Mean Square@redictionError Smaller Values
Freeman Turkey RSquared Larger Values
Mean Prediction Bias Smaller Values
Mean Absolute Deviance Smaller Values
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CHAPTER 5. DEVELOPMENT AND ANALYSIS OF PREDICTION
MODEL S

This chaptediscusseshe developmentanalysis and resultd the five prediction modelgsingnegative
binomial modelling methadThe five models wereCanadaEastern Canada)yestern Canad&anadian
National Railway(CN) and Ganadian Pacific Railway (CPAs train traffic is an exposure variable, only

segments with train volumes greater tharozeere used fothe modelling

Themethodology described CHAPTER 4 was usedEach model followeé fourstep process
identification ofooutliers, development and comparisorshbrtlistedmodels, selection of the besting
model and discussion of resultSigure 38 summarizeshe process
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Outlier Develop
Integrated Western Canada Analysis Models

Database

Compare
Models

Interpret

Results

Canadian National
Railway

Canadian Pacific
Railway

Figure38: Organization of Model Analysis Discussion

Beforemodel development, an outlier analysis was conductedentify values greater than the
upper bound and less than the lower bound of @atgpendent variabldhe model calibration process
was based ora forward selection of varialde This approactbegns with a model involving only the
exposure variable angradually expandingt by adding independent variables until the introduction of
another variable did not improve the model performafite candidate models with good predictive

capability were shdlisted on the basis of an intuitive interpretation ofdtlyms of the coefficiergstimats
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and acceptable CURE plots. The candidate models oshitrdlist were compare, and the besfitting
modelwasseleced

Appendix A provides the moddbrms ofthe candidate modelg\ppendix B presentshiefunction
forms, model statistics and CURE plots the shortlistedmodels Appendix C presentsHhe variance

inflation factors (VIF) for thébestfitting modelsto examine any issue ofulticollinearty.

5.1. Derailment Prediction Model for Canada

The Canada model consistfs3,144 track segmentBigure 39 shows all tracksegmentsn Canada

Legend

Main-Track Segments in Canada (3,144)

Figure39: Track Segments iGanada

5.1.1. Outlier Analysisfor Canada Model

Table 18 shows he summary statistidsr the outlier analysis conducted fie Canada dagat

Table18 Summary Statistics for KeypdependenVariablesi Canada Model
Seglength  Train Speed Max Train Vol Avg Train Vol Station Court

Minimum 1 10 1 1 0
Q1 5 30 2 2 0
Median 12 40 5 5 0
Q3 19 50 13 12 1
Maximum 43 80 62 62 2
Mean 13 41 9 8 1
Range 42 70 61 62 2
Interquartile Range 14 20 11 10 1
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Prior to model development, values that are greater than the upper bound ananleke tower
bound of eaclndependent variableereidentified as outliersAfter outliers were removedhe Canada
dataset has 2,553 observations §1% of the originabata).Figure 40 is a map showing the segmts
being includeddark blue lines)n the model.
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Figure40: TrackSegments in Canada Model
5.1.2. Model Comparisorof CandidateModels for Canada

In total, 70 candidate modelgeredevelopedor predicting the number of derailmentsCanadaTable
19 compares the results tife GOFtests applied to thcalibration and validation dafar the shortlisted
Canadamodels Model ID# (shown inbold) was selecteds thebestfitting model. Chapter 5.1.3

continues the&liscus#n of theresults

Table19: Summary of Goodnesd-fit Test Results for Shortlisted Canada Models

Shortlisted Calibration Data (70%) Validation Data (30%)
Model AIC BIC Dispersion MSE R2FT MSPE MPB MAD R2FT
4 2214.30 2247.34 1.06 0.40 8.7% 043 -0.02 042 3.7%
7 2191.04 2224.07 1.04 0.41 8.8% 043 -0.01 041 4.0%
8 2192.24 2225.27 0.98 0.41 7.8% 043 -0.01 042 3.9%
9 2212.13 2245.17 1.02 0.41 8.1% 043 -0.01 042 3.9%
65 2182.12 2220.66 1.01 041 8.3% 042 -0.02 041 55%
67 2210.93 2249.46 1.06 0.40 9.2% 053 -0.01 042 3.6%
68 2210.97 2255.01 1.07 0.40 9.2% 050 -0.01 042 42%
69 2210.93 2249.46 1.06 0.40 9.4% 043 -0.02 042 3.6%
70 2213.30 2251.84 1.06 0.38 14.6% 041 -0.03 039 45%
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5.1.3. Discussion of Results dflodel Selectedor Canada

This section discusses the results of @dRE plot forthe model selected for Canada, presents the
functional form of theselectednodel| andconsiderghe statistical relationships between théependen

variables andthe number oflerailmentspredicted

Figure 41 shows he CURE plot for the selecteanodelfor CanadaWhentrain traffic was less
than 42 +tr ai ns predctionpgrioynancetwasegoodity gdredictirsswithin +2 standard
devidions of the zero line. The zero line on the graph corresponds to the region where estimates are
unbiased the observed valuel) When train traffic was higher than 42 trains per daghe nodel
underestimaidthe deailment potential Thesegments witlmore than 42 trains per dappeared to bihe

shorersegmentén the dataset

+2 std
= Cumulative Residual
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Figure41: Cumulative Plot oNegative BinomiaModelfor Canada

Equation 26 shows thdunctional form of theselectedmodel forCanadaThis equatio was used
to predict the number of derailmentsCanaddor a10-yearperiod.The number of years is represented by
N in the model form.

o oo T8 UXd T CBi O Gstywd I G6#OT 3DA  (Eq.26)
t U RonarxxoQon = g 8 0fi 61 OBiux @ ACAT COE

Table 20 presents the coefficient estimates and model statistics.

Table20: NegativeBinomial Model Resultsfor Canada

Variable Estimate Std. Error  zvalue Pr(>|z|) Model Statistics

(Intercept) *** -9.0773 0.6944  -13.0721 0.0000

log_VL_Count*+ 0.2573 0.0722  3.5648 0.0004 | Dispersion Parameter: 1.036:
Standard Error.: 0.197

Stn_Count -0.0170 0.0725 -0.2337 0.8152 | Observations2,553

Seg_Length*** 0.0576 0.0055 10.4306 0.0000

***gignificance level of less than 0.0001
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Table 20 shows that, sexpected, an increase in espre (cily train traffic showeda positive
association with the number of derailments. Higher rail trafftceasedrack damageavhich may then
increase the ris@f derailmens.

Higher train speedilso showeda positive association with the numberdgfrailmentsand also
increasesrack damageHigh speed can damage the foundation layer of the track due to high vibration and
track deformatior{(Kish and Clark, 2009; Sayeed and Shahin, 2@h8) may contribute tanincreased
risk of derailmentSeveral studies have noted thain speed has often been a major contributing factor
derailmentand inthe number of fatalitieesuling from aderailmen{Anderson and Barkan, 2005; Bagheri
etal., 2011; Bibel et al., 2016; Liu et al., 2013; Wang and Li, 2@t)on et al. (201Yreported that about
60% of all derailments could have been affected by train speed.

The number of statianon a track segment showed a negative association with the number of
derailmentsBoth frequent and rare stops along a segmentidmpact train speedn genergla segment
with fewerstopsprovidesmoreopportunitesfor atrain toaccelerateand mainainits travel speedpossibly

increaing the risk ofderailment

The Canadamodel produced statistically significant (95% confidence level) coefficient estimates
for all the independent variabéeexcept station count. Although itsvalue was not within the 95%
confidence level, the inclusion tife stationcount variabléhelpedto improve themodelperformance.

5.2. Derailment Prediction Model for Eastern Canada

TheEastern Canadaodel used.,311 segmentsom New Brunswick, Newfoundland and Labrador, Nova
Scotia, Ontario and Quebegigure 42 showsthe segments iRastern Canada
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NU b
S

Qc

AB

MB

n
Legend (/ "““‘<} e
Track Segments in Eastern Canada Model (1,311) (/

Figure42: Track Segments in Eastern Canada Model
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5.2.1. Outlier Analysisfor Eastern Canada Model

Table 21 showsthe summary statistider the outlieranalysis conducted fohe Eastern Canada dataset

Table21: Summary Statistics for KeypdependenYariablesi Eastern Canada

Seg_length Train Speed Max Train Vol Avg Train Vol Station Count

Minimum 1 10 1 1 0
Q1 4 35 4 3 0
Median 12 45 8 6 0
Q3 19 60 14 12 1
Maximum 43 80 36 36 2
Mean 13 45 9 8 1
Range 42 70 35 36 2
Interquartile Range 15 25 10 9 1

After outlierswereremoved, the das&t compried 925 segments (71% of the original Eastern

Canada dataset), as showrfigure 43.

Legend £ w Aq} .
s

Track Segments in Eastern Canada Model (925)

Main-Track Segments in Eastern Canada (1,311) N.T.S

Figure43: Track Segments in Easte@anada Model
5.2.2. Model Comparisonfor Eastern Canada

In total, 72 candiate models were developtat predicting the number of derailments in Eastern Canada
Table 22 compares the results tiie GOFtests applied to the calibration and validation data for the
shortlistedEastern Canadmodels. Model ID#69 (shown in bold) was selected as thefibiesy model.

Chapter 5.2.3 continues the discussion of the results.
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Table22: Summary of GoodnesH-fit Tests forShortlistedEastern Canadslodels

Shortlisted Calibration Data (70%) Validation Data (30%)
Model AIC BIC  Dispersion MSE R2FT MSPE MPB MAD  R2FT
4 776.65 803.49 0.66 0.38 7% 0.27 0.03 0.34 -3%
8 776.09 802.93 0.60 0.39 4% 0.26 0.04 0.34 -2%
9 782.37 809.20 0.60 0.39 5% 0.26 0.04 0.34 0%
69 775.43 806.74 0.67 0.38 7% 0.27 0.03 0.34 -2%
71 779.55 815.33 0.67 0.38 7% 0.27 0.02 0.33 -2%
72 778.65 809.96 0.66 0.38 7% 0.27 0.03 0.34 -3%

5.2.3. Model Resultdor Eastern Canada

Figure 44 shows the CURE plot for theele¢ed modelfor Eastern Canadd he cumulative residual line
almost converges at zero, indicating that the predicted numbers of derailments were very close to the
observed number of derailmenfhe modelpredictionswerewithin £2 standard deviations ovaimost
theentirerange oftrain traffic. Theexcepton was segments withetween 15 and 2@ains per dayhere

the number of derailments was underestimated. Tdjerity of thesesegment$63%) had no derailments

which may havecortributed tothe underegnation

o
N +2 std
= Cumulative Residual
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Figure44: Cumulative Plot oNegative BinomiaModel for Eastern Canada

Equation 27 shows thdunctional form of the selectadodelfor Eastern Canaddhis equation
was used tpredict the number of derailmerntsEasern Canadé&or al0-year period. The number of years
is represented by in the model form.

rx e, #1 O1 Odtp yb ,4 01 3PA (Eq27)

t 0 QoRudnwuvQonmg cewB O#T O Osiv o3 %CAT COE
mtuoyx 6,#1 O1DACAT COE
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Table 23 presents the coefficient estimates and modeabttat.

Table23: Negative Binmial Model Resultsfor EasternCanada

Variable Estimate  Std. Error  zvalue Pr(>|z|) Model Statistics
(Intercept) *** 55095  0.4346  -12.6764 0.0000

log_VL_Count 00769 01307 05880 05565 pigpersion Parameter: 0.6687
VL_TrSpd 00183  0.0094  1.9541 0.0507 Standard Error.: 0.1
Stn_Count 0.2365 0.4570  0.5175 0.6048 Log Likelihood:-764.117
Seg_Length ** 0.0537 00091 58946 00000 OPservations:925

TmSpd StnCount -0.0068  0.0087  -0.7722  0.4400

***significance level of lesshan 0.0001

Like theCanadanodel, dily trainvolumeand naximum train speeshowed positive associati®n
with the number of derailmentgnlike theCanada modethe number of stationen a track segment also
showsa positive association with derailments. Both frequent and rare stops along a segment could impact
train speed, acceleration and deceleration. Frequent or sudden changes in train speed while approaching or
leaving a station add contribute to a derailme(now et al., 2013)

The interactiorterm betweentrain speed and station cowttanged the direction dffie effect of
train speed from negive to positiveallowing for a more intuitively acceptablgerpretation of the sign of
the modelparameterdlt also appeartrain speed and station count haweegative associatiora&maller
number of stations along agmentortributes to higherain speedas might be expectedlhe introduction

of theinteraction term enhanced tBastern Canadaodeb performance.

In terms of statistical significanceegment length lha pvalue withinthe 95% confidence level
The pvalue of theothervariadeswerelessthanthe 0.05thresholdfor the 95% confidence levebut were

retainedasthey improvel the overall predictive performance of the model

5.3. Derailment Prediction Model for Western Canada

The Western Canadanodel usedl,833 derailmentsfrom Alberta, British Columbia, Manitoba, and

Saskatchewarkigure 45 showsthe segmentén WesternCanada
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Legend

Track Segments in Western Canada Model (1,833)

Figure45: Track Segments in Western Canada
5.3.1. Outlier Analysisfor Western Canada Model

Table 24 showsthe summary statistider the outlier analysis conducted thie Western Canada data

Table24: Summary Statistics for KeywdependenYariablesi Western Canada
Seg_lengh  Train Speed Max Train Vol Avg Train Vol Station Count

Minimum 1 10 1 1 0
Q1 5 25 2 2 0
Median 12 40 4 4 0
Q3 19 40 9 8 1
Maximum 42 65 26 26 2
Mean 13 36 6 6 0
Range 41 55 25 26 2
Interquartile Range 14 15 7 6 1

After outliers were removed, tliataset comprised 1,447 segments (79% of the original dataset

for Western Canada), as showrFigure 46.
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Legend

Track Segments in Western Canada Model (1,447)

Main-Track Segments in Western Canada (1,833)

Figure46: Track Segments in Western Canada Model
5.3.2. Model Comparisonfor Western Gnada

In total, 72 candidate models were developadpredicting the number of dgments in Western Canada
Table 25 compares the results tiie GOFtests applied to the calibration and validation data for the
shortlistedWedern Canadanodels. Model ID#4 (shown in bold) was selected as thefitisg model.
Chapter 5.3.3 continues the discussion of the results.

Table25: Summaryof Goodnes®f-fit Tests forShortlistedWestern Canadisiodels

Shortlisted Calibration Data (70%) Validation Data (30%)
Model AIC BIC Dispersion MSE R2FT MSPE MPB MAD R2FT
4 1198.05 1227.64 1.01 0.37 6% 049 -0.03 039 12%
9 1193.84 1223.42 0.98 0.39 4% 049 -0.03 039 13%
30 1199.73 1234.25 1.02 0.37 6% 049 -0.03 039 12%
67 1197.85 1227.44 1.02 0.37 6% 049 -0.03 039 12%
70 1199.16 1223.68 1.18 0.35 9% 0.50 -0.03 0.40 9%

5.3.3. Model Resultdor Western Canada

Figure 47 showsthe CURE plot for the bestfitting model The predictiors arewithin +2 standard
deviations over the entire range of daily traatumeexceptfor segments with more th&btrains per day
Majority (85%) of the segmentwith train volumes of more than 25 trains per dag ha observed

deralments which led to underestimation in the model.
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Figure47: Cumulative Plot oNegative BinomiaModel forWestern Canada

Equation 28 shows thdunctional formof the selected modé&r Western Canaddhis equation
predicts thenumber of derailments for E0-year period. The number of years is representdiNidyn the

model form.
Lo ,thxs“ppwmbhn&q nrt 1 C#l OT OBroc ¢ .4 01 3DA (Eq28)

Table 26 presents the coefficient estimates and model statistics.

Table26: Negative BinomiaModel Resultsfor Western Canada

Variable Estimate  Std. Error zvalue  Pr(>|z|) Model Statistics

(Intercept) *** -7.0619 0.3379  -20.9020 5.1E97

log_VL_Count 0.0200 0.1096 0.1827  0.8550 Dispersion Parameter: 1.0134
*kk Standard Error: 0.253

VL_TrnSpd 0.0622 0.0090 6.9008 0.0000 | o | ikelihood:-1186.048

Stn_Count* 0.2256 0.1005 2.2457 0.0247  Observations: 1,447

Seg_Length** 0.0518 0.0079 6.5536  0.0000

*significance level of less than 0.01
***gignificance level of les than 0.0001

All theindependent varialbdedaily traintraffic, maximum train speed, station couartd segment
length)showeda positive association with the number of derailmenkds finding indicates thatincreases

in these variablelave the effeadf increasing the risk aferailment.

In terms of stafitical significance, mximum train speed arsgment lengtihadp-values thatare
within 95% confidence level. Thevalue of other variablesaslessthanthe 0.05thresholdfor the 95%

confidenceével but were reainedasthey improvel the overall predictive performanoéthe model
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5.4. Derailment Prediction Model for the Canadian National Railway

The Canadian NationdICN) Railway modelused thel,459 segments owned bye CN Railway.Figure
48 showsthesegments

Legend

Main-Track Segments Owned by CP (1,459) /

Figure48: Track Segment®wned by CN

5.4.1. Outlier Analysisfor Canadian National Railway Model

Table 27 showsthe summary statistider the outlier analysis conducted thie CN dataset.

Table27: Summary Statistics for KendependenYariablesin CN Model
Seg_length Train Speed Max Train Vol Avg Train Vol Station Count

Minimum 1 10 1 1 0
Q1 7 30 3 3 0
Median 14 40 5 5 1
Q3 21 50 14 13 2
Maximum 43 80 40 40 5
Mean 15 43 10 9 1
Range 42 70 39 40 5
Interquartile Range 14 20 11 10 2

After outlierswereremoved, the databasemprisedL,332 observations (91% of the origitiZll dataset),

as shown irFigure 49.
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Legend

Track Segments in CN Model (1,332)

Main-Track Segments Owned by CP (1,459) N.T.S

Figure49: Track Segments in CN Model
5.4.2. Model Comparisonfor Canadian National Railway

In total, 72 candidate models wefer predicting the number of derailments on-GWNned tracksTable

28 compares the results tfe GOFtests applied to the calibration and validation data for the shortlisted
CN models. Model ID#61 (shown in bold) was selected as thditigg} model.Chapter 5.4.3continues

the discussion of the results.

Table28: Summary of Godnessof-fit Tests forShortlistedCN Models

Shortlisted Calibration Data (70%) Validation Data (30%)
Model AIC BIC Dispersion MSE R2FT MSPE MPB MAD R2FT
61 1264.93 1299.10 1.78 0.38 8% 040 0.01 041 8%
62 1286.12 1315.41 1.78 0.38 6% 040 0.01 041 8%
63 1287.28 1316.57 1.67 0.37 6% 040 0.01 041 8%
68 1261.38 1300.43 1.87 0.37 8% 040 0.01 042 4%
69 1264.73 1298.90 1.69 0.38 7% 039 001 041 7%

5.4.3. Model Resultdor Canadian National Railway

Figure 50 showsthe CURE plot for the bestfitting model The model predictions wewrgithin £2 standard
deviations over the entire range of ddilggin volume The cumulative residudine almost converges at
zero, indicatingthat the predicted numbers of derailmemisre very close to the observed number of
derailments.
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Equation 29 shows thdunctional form of the selectednodel forCN. This equationwas used to

predictthe number of derailmentsn the CN network foa 10-year period. The number of years is

represented bi in the model form.

mx xtu i C#Hi, 01 Odip s .4 01 3DA (Eq29)

t 0 Qonugd wcwQon Mt nd QT O OBtoxn 1 C3
minpece #1 O10041T O1 O

AC CcOE

Table 29 presents the coefficient estimates and model statistics.

Table29: NegativeBinomial Model Resultsfor CN

Variable Estimate Std. Error  z value Pr(>|z]) Model Statistics
(Intercept** -5.4929  0.2599 -21.1326 0.0000

log_VL_Count 00774 01066  0.7258 0.4680 pjispersionParameteri.7835
VL_TrnSpd+* 0.0181  0.0048  3.7331 0.0002 Standard Error: 6020
Stn_Courtt 0.3403  0.0794  4.2843 0.0000 Log Likelihood:-1250.93
Seg_ Length* 00370 00074 50312 00000 OPservations:1,332
VLCount x StnCourit -0.0082  0.0038  -2.1299 0.0332

*significance level of less than 0.01
***gigni ficance level of lesthan 0.0001

The coefficientestimate showedstatistical relationshipsimilar to those ofhe previous model.

All the independent variabdeshoweda positive association with derailmentBhe introduction ofthe

interaction ternmbetweendaily trainvolumeandstation counthanged the direction of effect of daily train

traffic from negative to positivand enhanced th@N modeb performance

In terms of statistical significance, maximum train speed, station cousegneént lengtfall had

p-valueswithin the 95% confidence level. Theyaluefor daily train trafficwasless tlanthethreshold of

0.05for the 95% confidence levebut daily train trafficwas réainedasit actedas an exposure teremd

its inclusionimprovel the predctive power ofthe model
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5.5. Derailment Prediction Model for the Canadian Pacific Railway

The Canadian Pacifi¢CP) Railway modelusedthe 982 segment®wned by the CP Railwayrigure 51
showsthe segments

Legend

Main-Track Segments Owned by CP (982)

Figure 51: Track Segment®wned by CP
5.5.1. Outlier Analysisfor Canadian Pacific Railway Model

An outlieranalysis was performed on the CP databadentheoutlier detection methodasapplied the

datasetvasleft with segmerg with no datafor station countin initial model testingstation countas

omitted but themodelsthen produced nimtuitive sigrs. As including the station count variakihelped to
maximize the number of permutationand combinations ofmodel forms it was deciéd that outliers
associated witlstation counshould beretainedin the datasetThe sameutlier detectiorapproach was
applied to the therindependent variabde

Table30: Summary Statistics for KelgxplanatoryWariablesn CN Model
Seg_length Train Speed Max Train Vol Avg Train Vol Station Count

Minimum 1 10 1 1 0
Q1 5 30 3 2 0
Median 11 40 10 8 0
Q3 17 55 16 13 0
Maximum 38 75 35 33 13
Mean 12 42 11 9 0
Range 37 65 34 33 13
Interquartile Range 13 25 13 10 0
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Thefinal CP dataset comprise®l40 segments % of the original dataset f&€P), as shown in

Figure 52.

Legend

Track Segments in CP Model {940)

Main-Track Segments Owned by CP (982) N.T.S

Figure52: Track Segments in the CP Model
5.5.2. Model Comparisonfor Canadian Pacific Railway

In total, 88 candidate models were develofedpredicting the number of derailmeits CRowned tracks
Table 31 compareghe results othe GOF tests applied to the calibration and validation data for the
shortlistal CP models. Mdel ID#6L (shown in bold) was selected as the Hitshg model.Chapter 5.5.3

continues the discussion of the results.

Table31: Summary of Goodnesas-fit Tests forShortlistedCP Models

Shortlisted Calibration Data (70%) Validation Data (30%)
Model AIC BIC Dispersion MSE R2FT MSPE MPB MAD R2FT
4 900.95 927.90 1.59 0.43 14% 073 -011 051 17%
6 895.68 922.63 1.52 0.43 14% 074 -011 051 17%
23 899.80 926.75 1.33 0.45 11% 0.75 -0.10 051 16%
61 900.03 931.48 1.63 0.43 15% 0.76 -0.12 051 15%
62 902.02 937.96 1.63 0.43 15% 076 -0.12 051 15%
63 902.33 933.78 1.62 0.42 15% 073 -011 051 17%
64 900.97 932.41 1.60 0.43 15% 073 -011 051 17%
65 903.69 935.13 1.53 0.43 13% 075 -0.12 051 16%
68 905.4  936.91 1.44 0.44 13% 073 -0.09 051 17%
69 904.99 940.93 1.47 0.44 13% 073 -0.09 051 17%
72 903.76  930.71 1.53 0.43 13% 0.75 -0.11 051 15%
73 905.71 937.15 1.53 0.43 13% 076 -0.11 051 14%
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5.5.3. Model Resultdor Canadian Pacific Railway

Figure 53 shows the CURE plot for the besffitting model The modebredictiors within the+2 deviations
over the entire range of daily train volurmi&e cumulativeesidual line almost converges at zero, indicating

thatthe pralicted numbers of derailmentgerevery close to the observed number of derailments.
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Figure53: Cumulative Plot oNegative BinomiaModelfor CP
Equation 30 showsthe functional formof the selectednodelfor CP. This equationwas used to

predict the number of derailments fold@&year period. The number of years is representel bythe

model form.
M nod , #1 O O@ime & ,4 O3 DA (Eg. 30)
t 0 QoRuvduvcgmQon M xotwB 04T O Owdiuv w3 ACAT COE
g pn6 , #01 BOAT O1 O
Table 32 presents the coefficient estimates and model statistics.
Table32: Negative BinomiaModel Resultsfor CP
Variable Estimate  Std. Error z value Pr(>|z|) Model Statistics
(Intercept) *** -5.4520 0.3231 -16.8749  0.0000
VL_TrnSpd 0.0069 0.0081 0.8550 0.3925  Standard Error: 0.624
Stn_Count -0.5734 0.3849  -1.4899 0.1363 Log Likelihood:-886.032
Seg_Length** 00589 00083  7.1354 00000 OPservations: 940

VL_CountxStn_Count  0.0210 0.0130 1.6194 0.1054
***gignificance level of less than 0.0001

In terms of statisticatelationshipsdl the independenvariables except station courshoweda
positive association witthe number ofierailmentsDaily train trafficand segment length tig-values
within the 95% confidence level. Theyalue forthe other variablewerelessthanthe threshold of 0.05
for the95% confidence levebutthevariables were retained as thesiped improve the overall predictive

powerof the model.
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5.6. Chapter Summary

This Chapter considereld development and resultstbé five prediction modelssing regative binomial
regressionCanadaEastern Canadalesten CanadaCanadian National Railway (CNand Ginadian
Pacific Railway (CP)Five variables were used predictthe numbeof derailmentsdaily train volume,
maximum train speedsegment lengthaverage train volumend station countMost of the model®
predictionsfor train volumes in the lower range weneoor, probably due tdhe zero observations on

segments with low train volurse

For eachof the five modelsthe shortlistedmodels were comparagsing a set oGOF testsand

CURE plotsto determinette bestfitting models.

The statistical relationshspbetweenthe response variabledérailmens) and theindependent
variables showed gositive associatiobetween almostllathe independenvariables and thenumber of
derailments. Thisinding indicated thatincreases in these variablelevatel the risk ofderailmentin the
Canadamodel| the number of stations on a segmshtweda negative association with the number of
deralments. This finding wasattributed to theaelationship betweelrain speedandthe distribution of
station locationsTrain speedna segmentan be affected by whether stationsfagguentor rare.When
station locationsre far apart, trainsavemore opportuniesto acceleratend maintain speedhich may

increasdhe riskof derailment

The inclusion of one or morenteractionterms helpedto produceparameters with intuitiveg
acceptablesignsand helped toimprove overall model performance ftire Eastern Canada, CN and CP
models In particular, thanteraction betweendin speed and station countlicated that train speed and
station count hé anegative associatiora (lowernumber of stationsn a segmenhcontibuted to higher

train speed)

Chapter 6 uses thdindings of this chaptetogether with the Empirical Bayesethodto conduct
ahotspotanalysis
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CHAPTER 6. SAFETY NETWORK SCREENING

This chapter presents the hotspot analpsiemployingthe EB methodas described itChapter 4.4.

Hotspots were identified based on the expectadbeun of derailment$or all five modes.

6.1. Hotspot Analysis for Canada

The pected numbers of derailments fdryears were calculatagsing theEB methodThe EB estimates
(shown as Exp. # of DerailmentsTable 33) were used to rank the td) segmert in CanadaGiven the
discussion of model performance discusgedhapter 5.1.3 the selected model underestimates the

numberof derailments.

Figure 54 shows the locationef the segments. These segments lagatedin four provinces;
Alberta, British ColumbiaOntario and Saskatchewalfrive segments artocatedin British Columbia
particularly in the mountainous regionkhis sugyests thatagions withmore severe terrains may pose

challengego track geometrandtrain handlingoecause ofteer slopes and excess speeds

The owners of the top0 segments aralsopresented imable 33 and Figure 55. CP ownsine

out of 10 segments

Table33: SafetyNetwork Screening Results of Canada

Seg ID Owner Name Province Subdivision Ob;. # of Exp_. # of Rank
Name Derailments Derailments Obs Exp
12258 Canadian Pacific ~ British Columbia  Mountain 6 4.02 2 1
12520 Canadian Pacific ~ British Columbia  Mountain 5 3.18 5 2
10481 Canadian Pacific Ontario Heron Bay 4 3.05 8 3
12344 Canadian Pacific ~ British Columbia  Mountain 7 2.92 1 4
10154 Canadian Pacific Ontario Heron Bay 4 2.86 8 5
10967 Canadian Pacific Saskatchewan C?J\:’\:I;tnt 3 2.74 15 6
12836 Canadian Pacific Alberta Laggan 6 2.67 2 7
12294 Canadian National British Columbia  Chetwynd 4 2.31 8 8
12441 Canadian Pacific ~ British Columbia  Mountain 3 2.20 15 9
10829 Canadian Pacific Saskatchewan Maple Creek 3 2.16 15 10
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Figure54: Top 10 Segments with Highest Derailment Risk€anada
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