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Then, tomorrow was another day
The norning found me miles away

With still a millionthings to say
Now, when twilight dims the sky above
Recalling thrills of our love
There's one thing I'm certain of

Return | will to old Brazil

Frank Sinatra

/IHV VWDWLVWLTXHV VRQW XQH IRURXWCGHERPPRPSIOV VUMM |

Jean Bauditard

Incident Occurrence and Response on Urban Freeways iii



I amthankul to all Institutionsand Laboratorieg;volved in the present thesis:
X the Ecole des PonRarisTech and the National Technical University of
Athens for having honored me by accepting my PhD Candidate application
x the INRETS for having accepted to support my research
x the Ecole Doctorale Ville, Transports et TerritoirgENPC) and the
Department of Tansportation Engineering and Planning of the School of Civil
Engineering NTUA)

| am grateful tahe HellenicState Scholarships FoundatiiKY) for the funding of
my research throughout these years.

Incident Occurrence and Response on Urban Freeways iv



Preface

Preface

The completion of the present thesis has been an intensive exercise requiring great
effort, discipline and time. It is said that the effort invested in a PhD thesis elaboration
is never paid back. Personally, | feel already compensated for neawosrd during

the past four years as | believe that | have evolved in both an academic and a personal
level. Most importantly, within the thesis context and throughout its elaboration, |
have been very fortunate to have met and spent time with importamiepe
distinguished scientists and beloved friends. All these individdalérance and in
Greece have considerably helped in completing the work undertaken and in
RYHUFRPLQJ GLIILFXOWLHY RI DOO NLQGV LWKRXW WKF
accomplish this highly demanding projedBy the present note, | would like to
acknowledge their contribution and express my deepest gratitude along with my wish
to continueour collaboratioror/and friendship.

| wish to thank, first and foremost, nguperisors, Simon COHEN and Matthew
KARLAFTIS. Professor COHEN is the person who introduced to me the field of
scientific research and who motivated me to undertake a PhD thesis. He has honored
me with his trust and respect since the beginning of our collatworanhd guided me
throughout both my DEA and my PhD theses. He has showed extreme patience with
my mistakes, level of French, inclination to verbosity, inability to attend some of our
meetings, along with all other particularities of my character; whilewgd being an
excellent pedagogue and mentor. Professor KARLAFTIS closely supervised my work
and extensively supported my research efforts. His contribution in all statistical
analyses performed has been of critical importance. He also entrusted mevesiti se
assignments within numerous research projects and academic activities. He has shown
patience with my weaknesses, while having repeatedly advised me on several issues
and occasions as a real friemdvill be always thankful tdoth Professors for tire

continuous helpsupport and understanding during these years.

| am also grateful to all Professors and Researchers that have contributed to the
analysis and writing of the dissertation by providing useful comments and
contributions. In this context,dm truly indebted and thankful to all six members of

the jury for their time and effort. Both reviewers, Professors Gaudry and Mintsis, have

Incident Occurrence and Response on Urban Freeways Y%



Preface

provided very fruitful comments that considerably helped in improving the thesis.
Apart from participating in theuyy, Professors Orfeuil and Leurent have beey
teachers during my pogtraduate studies in Frane®d significantly influenced my
academic interests. | have also been fortunate with Professors Stathopoulos and
Yannis who have continuously been my teachers since my-gna@éuate studies and

up to present and have encouraged me in many ways and on diifergnt
occasions. Professor Stathopoulos has been presiding the jury for my diploma thesis,
supervising my PhD thesis (for IKY), directing the Laboratory of Railways and
Transport to which | am attached, arellen more recentlyteaching at my Urban
Planning postgraduate studies. Professor Yannis has inspired my interest towards
road safety since my undgraduate studies, he has motivated and supported my

studies in France, and he continues to guide my academic steps.

Furthermore, | would like a express my gratitude to the director of GRETIA
laboratory in INRETS, Mr. Schemama, along with all GRETIA staff and, especially
Mrs. Seidowski, Mr. Aron, and Mrs. Bergel that have contributed at different stages
of the dissertation. Without their help aimput, this dissertation would not have been
possible Maurice has been patiently answering my questions since my DEA thesis,
while Regine has provided me with valuable moral support and chocolate bars when

most needed.

| am also obliged to manyProfessos and colleaguesfrom the NTUA as well.
Professors Kanellaidis and Golias have decisively facilitated my efforts, while
Professor Limberis has inspired my interest towards transportation engineering. My
colleague Kostas Kepaptsoglou has shared my disapperits and successes and
morally supported me throughout all these years. More recently, Christina Milioti has
decisively helped me in overcoming difficulties and in remaining optimist under all
circumstances. It would have been extremely difficult to fimel strength to continue

without her presence.

| am alsothankful to Mrs. Theofanidou (NTUA),Mrs. Metaxa Hellenic State
Scholarships Foundation IKY), and Mrs. Alcouffe (ENPC) for their continuous
support and assistance regarding all adrratise procedures that proved to be

extremely cumbersome.

Incident Occurrence and Response on Urban Freeways Vi



Preface

Turning to my friends and beloved ones in Francewk sincere thankfulneds

Nikos for his love, respect, and extreme patience. | also thank Vasso for being a true
MHFRSLQDGDY LQ [REngds. RastesiaE @&ndl DBrrinique have morally
supported me when being in France. Giorgos has additionally supported me by
providing an administrative addresspntinuousinterpreter serviceand numerous
valuable cynical comments. Furthermore, | thank all Athenian friends that were
obliged to tolerate mygurbulencedduring the thesis elaboration on an everyday
basis. | would like to mention the special contribution of Dafni, Natalia, Isidora, and
of my sister Maria; they all embraced me with love arkdame to order when they

had to. Most importanti should mention my familymy motherEffie and Thodoris,
without whosecare, support and love IZRXOGQIW KDYH IRXQG WKH
resourcego complete th dissertationFinally, | would like to thak my father. His
omnipresent absence throughout all these years makes it impossible to consider any

other dedication of the thesis but to his memory.

Incident Occurrence and Response on Urban Freeways vii

VYV



INCIDENT OCCURRENCE AND RESPONSE ON URBAN FREEWAYS

Abstract

Research omoad safety has been of great interest to engineers and planners for
decadesRegardless of modeling techniques, a serious factor of inaccumaayost

past studies has been data aggregation. Nowadays, most freeways are equipped with
continuous surveillance systems making disaggregate traffic data readily available;
these have been used fiew studies In this context, he main objective of this
dissertationis to capitalize highway traffic data collected on a-teaé basisat the
momentof accident occurrence in order to expand previous road safety work and to
highlight potential further application3.o this end,we first examinethe effect of
various taffic parameterson type of road crastas well ason the injury level
sustained byvehicle occupants involved in accidentahile controlling for
environmental and geometric factoRrobit models are specifiemh 4-yearsof data

from the A4A86 highway section inthe lle-de-Frane region, FranceEmpirical
findings indicate thatrash ype can almost exclusively be defined by the prevailing
traffic conditions shortly before its occurren¢acreased traffic volume found to

have aconsistently positive effect on severity, while speed has a differential effect on
severity depending on flow conditiarid/e then establish @nceptual framework for
incident management applications using Htéak traffic data on urban freewayale
usedissertation previous findings to explore potential implications towards incident

propensity detection and enhanced management.

Key Words road safety; crash type; severity; incident agament; reafime traffic

data; probit.



Executive Summary

Executive Summary

An incident can be defined as any occurring event that causes some disruption or
GHYLDWLRQ WR D VA\VWHPYV QRUPDO RSHUDWLRQDO FRQ
events that occur randomly in time and space. They cause a reductioadway

capacity or an abnormal increase in demand and are associated with high economic

and social impact. An estimated 1.2 million of people are killed worldwide each year,

while another 50 million are injured (WHO, 2004). Apart from the lossiwohan

lives, accidents have multiple collateral effeaslays, congestiomaterial damage,

environmental damage, pain to society, loss of productivity, impact on freight
transport, health costs, and so dmcreags in incident relatedcosts along with

sushainable development concern have turned countries and international

organizations towards accident mitigation programs and policies.

pafety is the number of accidents (crashes), or accident consequences, by kind and
severity, expected to occur on tHdQWLW\ GXULQJ D VSHMHauerHG SHULR(
1997).Research onoadsafety haslso attracted considerable research interest in the

past three decadeBlajor factors known to affect safetyin terms of both incident

occurrence and severityare drver characteristics, vehicle features, exposure to risk

(e.g. traffic volumes), traffic control, weather conditions, and roadway design
characteristics. These measurable factors do not completely explain accident
occurrence and, so, stochastic mod@iecluding a disturbance error terngre

typically used

Regardless of modeling techniques, a serious factor of inaccuracynost past
studies- has been data aggregation. The Average Annual Daily Traffic (AADT) has
been the most commonly used measurestieat traffic conditionsHowever agnost
freeways are equipped with continuous surveillance sysiisagygregate traffic data
collection is possible as well asadily available While detailed vehicle movement
data in a section would be the best datarse, traffic data from several consecutive
detectors in a section can be a good surrogate to identifying traffic dynamics that may
lead to accidentdisaggregate traffic data have been used in only a limited number

of studies
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In this context, the man thesis research question is to explore the effect of actual
traffic conditions on accident patterning and consequences. The thesibjective

Is to usehighway traffic data collected on a realtime basis in order to: a) explore
the effects of traffic parameters on type of road crash, b) investigate the
influence of traffic parameters on the injury level sustained by vehicle
occupants and to c) explore possible implications in incident management
strategies.To this end, four main research activitie undertaken: a) a literature
review, b) an empirical investigation on incident type propensity usingtineal
traffic data on freeways, c) an empirical investigation of vehicle occupant injury
severity on freeways using re#he traffic data, and d) thelevelopment of a
conceptual framework towards introducing reale traffic data in incident

management and response.

In the first research activity, a literature overview on related stiglgerformed. The
overviewindicatesthat, due to the complexitpf the road system and its management,
road safetyanalysis necessarily involvesimerous scientific discipline$he state of

the art in related researechsummarized;he large body of literaturis organized on

the basis of both methodological andriatic criteria These criteria includea) the
method employed, b) the level of analysis assumed, c) the scope of the performed
analysis, and d) the accident phase considerbd dissertation field of interess,

then,defined with respect to the taxongmstablished.

Road Safety Literature Organization

Controlled Field In-depth Data
Classification Criteria Experiment| Observational investigation| Observational
A D A D A D A D
_ Descriptive| - 9 9 9 - 9 9 9
Generating —
Predictive - - - - - - 9 -
_ Descriptive| - 9 9 9 - 9 9 9
Patterning —
Predictive - - - - - - 9 -
Descriptive| - 9 - 9 - 9 9 9
Response —
Predictive - - - - - - 9 -
Descriptive| - 9 9 - - 9 9 9
Consequence —
Predictive - - - - - - 9 -
*A. aggregate
D: disaggregate disseration field of interest
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In the present dissertation, we condactata observational stugthin a descriptive
scope of analysisStochastic modeling is used inrather disaggregate context of
analysis.Accident outcoms - in terms of either crash type or severiyserve as
dependent variabdeCrash type refers to accident patterning, while severity is linked
to accident consequences. Independent variables include road user attributes, weather
and lighting conditions, ehicle type and age, traffic data, and so on. To this end, real
time traffic data are extracted from continuous loop measurements tahéhef the
accident occurrence (aggregate field observations). Results provide probability
estimations for accident taomes, given that these accidents occur under specific
circumstances; if combined with frequency models, they could additionally provide
prediction estimationsinally, we examine potential implications of the developed
models inoptimizing incident mangement techniqueghe latter beingelated to

accident response phase.

In the second research activitye examine the effects of variousnameters on type

of road crash ashere is strong empirical evidence that accident characteristics are
crash tym-specific. Several authoraunderlined the importance of {myashtype
analysis, particularly when it comes to réale risk assessmenthey suggested that

the conditions preceding crashes are expected to differ by type of crash and, therefore,

any apprach towards proactive traffic management $hdoe typespecific in nature.

Multivariate Probit modelsre specified on 4ears of datd200062002, 2006)rom

the A4A86 highway section in the Hde-France region, Francéraffic parameters

are collected reatime both atxand prior to- the time d the accident and include
measurements of volume, speed, and density owainGte intervals.Empirical
results inlicatea diverse effect of accident contributing factors to each crash type,
along wih interdependencies that would be neglected under a univariate analysis

context.It has to be noted thatrevious studieadoptunivariateapproaches

Rearend crashes involving two vehiclae found to be more probable for relatively
low values of bothspeed and density, while reands involving more than two
vehicles appear to be more probable under congestion-véhiole sideswipe
accident probability increases with increasing volume, while mehicle sideswipe

crashes are more probable at higleesfs, during daytime, and on flat freeway
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segments. Overall, multiehicle crashes tend to occur under low or very high speeds,
while singlevehicle crashes appeatto be largely geometrglependentQualitative
results from the Multivariate Probit moded@ication are illustrated ithe following
diagram The fundamental diagram depicts the relationship between traffic volume
(Q) and speed (V) on a given freeway segment; each crash type (whose probability is
traffic-dependent) is related to a particulaaffic regime which corresponds to a
specific part of the diagram.

VA

multiple (non realend) collisions

sideswipes with 2 vehicles

rearends with more
than 2 vehicles rearendswith

2vehicles

v

In the third researchctivity, we extend research on the factors influencing the level
of accidentseverity by including traffic data from the moment of the accideesults

from previous research indicate that low speeds and high traffic volumes decrease
accident severity, tile high speeds and low traffic volume produce the opposite
effect; a result largely based on mean annual traffic values. However, few studies
have investigated the association between traffic accident severity and actual traffic
characteristics (trafficvolume, speed) collected reahe during the time of the
accidentoccurrenceA random parameters ordered probit madelppliedto explore

the influence of speed and traffic volume on the injury level sustained by vehicle
occupants involved in accidentsn the A4A86 junction in the Paris regioihe
random parameters specificaticalows for heterogeneityamongst road users
otherwise neglected under a fixed parameters apprdtablas to be noted that all

previous studies use a fixed parameters approac

Empirical results indicatehat travelling on 2vheelsand at nightime significantly
increases the probability of getting involved in more severe accidents. In contrast,

travelling in heavy vehicles, on weekends or on dry pavement surfaces reduces the
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probability of severe accidents. Less experienced drivers seem to encounter problems
in dealing with adverse weather conditions and related potential darjess.
importantly, results indicatethat there is a significant relationship between the
severityoutcome and the traffic characteristics at the time of the accident. Traffic
volume was found to have a consistently positive effect, while speed appears to have
a differential effecn severity depending on flow condition&hile in higher traffic
volumes higher speeds aggravate severity outcome, in lower traffic volumes speed

does not significantly influence severity in a consistent pattern.

In the fourth research activityye investigatethe introduction ofincident analysis

outcomes in an integrataedcident management schemie this end, asynthesisof

related incident management analyses is performed. Fudiest data studies using

traffic data collected on a retime basis at the time of the incident occurreaee

analyzed The synthesiendicates that realtime traffic data has not been fully utilized

DV WKH\ DUH RQO\ XVHG IR U -itne idstihadtiohFMoWevét LtFe@ HV | W U D
could be used as a criterion for location and allocation if appropriately combined with

road safety analys outcomes. Finally, we use dissertation previous findings to

explore such potential implications towards incident propensity detection and

enhanced management

The present dissertatiatemonstrated the importance and magnitude of the effect of
prevailing traffic conditions on accident occurrences, whilgrbvided additional
insight inaccident mechanism of occurrenéeom a methodological standpqinthe

use of disaggregate redime traffic data provided better probability estimates.
Integrating sucldata in incident management strategies shows great potential towards
accident mitigation and enhanced managem&nterall, the thesis significantly
contributes to research state of the art regarding an tbstiehasscarcelybeen
examined in the past. Rhermore, it providethe appropriateheoretical framework,

along withnecessargupporting models for bettatilizing disaggregatéraffic data.
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ESTIMATION DESPROBABILITESD NCIDENTSET TRAITEMENT DE LEUR REPONSE
SUR DESAUTOROUTESURBAINES

5pVXPp

Les recherche HQ PDW LY PHX GIHW psuscReXtWOLDQWIHPHQW OfLQWpUTr
FKHUFKHXUV ,QGpSHQGDPPHQW GHV WHFKQLTXHV GH P
GILPSUpHARXLL FQ4¢ DR W pdJO4ris H® domaineconcerne le niveau
GHJUpJDWOGCRQ@ @HYV $XMR XU GeskDAW RDRIWXSDVRQ®B pTXL
V\VW gé&rianentsGH VXUYHLOODQFH TXL IRXUQLVVHQW GHV G
ce cOQWH[WH O REMH F&phldited B HO/D GRIKQQ/PH W VWW BHLF UHFXHLC
UpHO DX R&PHL@W @NYV DILQ GfpODUJLU OH FKDPS GHV
PHWWUH H@ poténti® dH'&pplicationsinovantes - F H W Aublexan@dnor3

les effets du trafic sur le type F&FLGHQW DLQVL TXHeYaUesOD JUDYL
RFFXSDQWYV GHYV Y eddnE o®piedes TACRXSVendiQnnementaux et
JPRPpPpWULTXHV 3URERRGYR QW ®RQ QhHI M\pWDDXF HW GIDFFL
HQUHJLVWUDpV &9 BuDIEnhc Tontvinbukautoroutes Adet A86 en
lle-de ) UDQFH /HV UpVXOWDWY HPSLULTXHV LQGLTXHQW T
SUHVTXH H[FOXVLYHPHQW GplLQLS $DYPEBAENM-$0QGCGLWLR Q)
RFFXUUHQFH (Q RXWUH  DX\dgeddeuwy éifgy tdnsdan@nentG p E L W
SRVLWLI VXU OD JUDYLWp DORUV TXH OD YLWHVVH H[HU
IRQFWLRQ GHV FRQG INdE R @ Es885chsuieXud EbErd Qovteptuel

pour des applications de gestioasdncidentsqui VIDSSXLHGWRQW «HHW WUDILF
recueillies en tempdJ p NausutilisonslHV UpVXOWDWY GH OD WKqVH DIL
implications T XL R Q Wa Wdpénkivvetjj OD GpWEHFRWLROLGHQWY DLQVI
OMDPpOLRUD®éIORQ GH OHXU

Motscls: VPFXULWp URXWLQUH W g8stiorGH| IFQRFLAERM@P HMI D Y L
WUDILF HQ prbitPSV UpHO
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5pV X Bpbstantiel

LLYQFLGHQW SHXW rWUH GpILQL FRPPH WRXW pYpQHPHQW
RX GpYLDWLRQ rerhyles® iQnGtiohvienie@ ¥ X Q\ V W gd3 incidents

GH WUDILF VRQW GHVilLyyQHRH YW VS B RIEXG B WD OpDWR
dans letemps et dans l'espace. Hont lacause VR LWQE U p GX PW LRIMSD FLW p
URXW LqGfile stgrhamtation. UU pJ ¥edd UHPDQGH HW VRI®OW DVVRFL
LPSDFW pFRQRPLTXH$SKW IWRHTLD P hQGELYPO RQ2HVWLPH T
million de persones RKRQW WKPHXH DQQpH WDQGLV oX HQFRUH
blessp HWWHO, 2004). Outre la perte de vidmumaines les accidents ont des
PXOWLSOHYV HIIHWDdutEiRg:s Datdps Bukif par les usag&RnJk WV

P D W p UdnMiOnneréitux impact social SHUWH GH SURIGK KM HVWHR X U
transport de marchandisesUD LV P pé&kcL DX FREW W R QW DVVRFLpV DLC
IHV SUpRF RXr8@nant REYYHORSSHPHQWQGXYWmRFEGHesR Q W
organisations internationalgs DGRSWHU GHV SROLWLTXHV VSpFLILTX
SURJUDPPHV GEHJPGXGWLRQWLWpP URXWLqUH

©D VpFXULWp HVW OH QRPEUH G DFFLGHQWYVY RX OHV FR
JUDYLWp TXL VRQW VXVFHSWLE®XV FEN UWH GSKXQB X& UL B
VSpFLRLFRMKHU /ID UHFKHUFKH \DX VXY E QigesDqW W p UR>
L Q J p Q L dexplaNifithtdurs pndantd HV G p F H&3 Qdtdding importants connus

pour leur effet surOD VpFKODWIR LV H3QFcWreErnddPdd te grayttsont

entre autres,HV F D U D F Wipddndddtewat AHYp GLFXOH O H[SRVLWLRQ I
(par exempleles YROXPHV GH WUDILF OH FRQUuond{ions GH OD F
PpWpRURORHVTKBIYD HWp B P\ WMWK W U R Q cdRfadteRrX W LH U
mesurablesQH SHXYHQW SDV H[S @asTacéldentSBNRKFAX URDHQLFK H
HIKDXVWLYH 3DWWVRRRGOFAHYWWERFKDVWLTXHV FRPSUH
SHUWXUEDW L RQent KRVQ W LM@RH UD O

,QGpSHQGD P P HiQués Ga-HH ¥ RAGH Fokh YabxéMoRaptant d'incertitude

dans la pluparties p W X Qhb ¥ pSG-HRRMOHFW U QH OB JQ b Y BGKRREID 6 H V

Le trafic journalier moyenannuel TMJA D pw mles indicateurde plus
IUpTXHPPWM QBN H Bhtgrs conditionsG I p F R X O HrEfild. @&/noS X

jours, la plupart deD XWRURXWHYV VRQW pefané&pste BuréeilanceV W qP HV
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quirencentdisponiblesdHV G R @aficpGE YV DIUpIpHY RFHVW @MAD XWLOLVpPpH
FHUWDLQHV pWXGHN G RDQE HYnBYvidvhBrit @ O p kK VsuRQeH
sectionU R XWIHUWMHLHQW OD PHLOOHXUH VRXUprélveant GRQQpHYV
GH SOXVLHXUV G p Wsdruk¢ idectibl pE&uRaiidt pi-cd Miriel dlternative

SRXU OfLGHQMWdirpes @ WalilkR@erdatthux accidents.1pDQPRLQV OHYV
GRQQpPHV WUDILF GpVDJUpJpHV RQW pWp WUQqV SHX XWLO

'DQV FH FRQWH[WH O REMHFWLI SULQFLSDO GH OD GLVV
GH WUDILF GHV D XMAR HRXWHHR/S N R@SHAE & l[ds@fféidtes
SDUDPgQWUHV GH WUDILF VXU OH W\SH GYDFFLGHQW UR.
SDUDPgQWUHYVY GH WUDILF VXU OH QLYHDX GH JUDYLWp VXI
c) explorer les implications potentelOHVY GDQV GHV VWUDWPpPJLHV GH
incidents. 1LRXV DERUGRQV OHV TXHVWLRQV GH UHHKHUFKH S
UHYXH ELEOLRJUDSKLTXH E pWUDHLRAPWBILUW LOK WV GSHY GHfiD
F pWXGH HPSLUL TXreffic Gt V& granitd W& @ O D EG 1)0sid R Q
conceptuelSRXU OfLQWG RQImWHR (H QHNgdRigh\@sUpides.

7TRXW GIDERUG Qrie XVueHiibliograpMiR&d/N p Vet @Hyet. La
OLWWpUDW X QHUIDQ ¢ RTX & H X KRoRJRHSZOR LRt et) jRsaX W
JHVWLRQ O DQDO\WH GH VpFXULWp ORXWHEBRBKUVPEOLT:
nombreuses disciplines scientifiqueblous proposonsOH V\VWgqPH VXLYDQW
classification dda O L W W p UBDV\bX M H LG Ce) $ystiife legtlebhstruit sur la

base deTXDWUH FULWQqQUHV SULQFLSDX[ D OD PpWKRGH HP
HVFRPOWHREGHFW DIQDO\VHW IGH FODXKDVH GHV DFFLGHQ
3XLV QRXV GpHKDRYVRIQRVYWHUFW GH OD WKqVH SDU UDS:¢
SURSRVpH
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2UJDQLVDWLRQ GH OD OLWWpUDWXUH GH VpFXU

Essai Observation | Investigation | Observation
&ULWQqUHV GH FOQ &RQWU auchamp |approfondie | GHV GR
A D A D A D A D
Descriptive | - 9 9 9 - 9 9 9
*HQqVH
BUpGLF - - - - - - 9 -
Structuration | Descriptive | - 9 9 9 - 9 9 9
(Evolution/
DFKqYHP| SUPGLF - - - - - - 9| -
Descriptive | - 9 - 9 - 9 9 9
5pSRQVH
BUpGLF - - - - - - 9 -
Descriptive | - 9 9 - - 9 9 9
&RQVpTX
BUpGLF - - - - - - 9 -
$ DJIJUpJp

GpVvDJUpJp L | &KDPSV GILQWpUr|

Dars la WKqgnots UpDOLVRH)WW XGH G REVRQ ERWMRe GH
descriptive Unetechnique dePR G p OLV D W LR €t XW R ®K D@HedeT [XH

guestions principales decherche dans un contex@{ D Q O@OXW WD JUpJpH /[/HV
UpVXOWDWYV @rHtérmedj FQ G HilR\ype et de J U D-Ydeemt comme
YDULDEOHV GpSHQGDQWHV [H W\SHstre&tddtien. sl QW IDLW
accidents, tandis que IlgravL WHVW Olep#HFRQVpPpTXHQFHY /HV YDUL

LQ G pSHQIBAuENWV sV attributs d'usager routées conditions
PpWpRURQOQRN LG XpH\O D L UIDWH O TIDHIFAL VS & Q K MIEX®RIQYQp H V

trafic etc. Dans cet objectif, HV GR QWtmcVaX PRPHQW GH OTRFFXUUHC
O 1 D F FobtGoHVexvaitesde la base des enregistremersitinusissus des boucles

(des observation® JU p J pad ®harhi@)./ HY UpVXOWDWYV IRXUQLVVHQW GF
SUREDELOLWpPp pWDQW GRQQPpPVRXH GHIW FRERLGLIHLVRY W N g
6L RQ FRPELQH FHV HVWLPDWLRQV DYHF GHV PRGQqOHV
HVWLPDW LR QNous ékar@iraisW LY 8 MIe&sH-QRW VP TXHQFHd8SIDYRUDEO
PRGgOHV puw bEimRisgian des techniques de gestdes inciderg; cdte
GHURitPH p OD SKDVH &ukhctige®tR Q VH

de la

En second lieu, auschoisesonsGW XGLHU OHV HIIHWV GH GLIIpUHQW
type d'accidentoutier puisqu'il y a de preuves empiriques forteésdiquant quees

caraFWpULVWLTXHYV GHUDDBRPEROQWGpPpBRQEDQWHY GX W\
SOXVLHXUV DXWHXUV RQW VRXOLSDpPp W asEERGUIWDQFH (
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SDUWLFXOLqUN®B QVWTKE@EEBNLE/FXH HQ WHPSWUpHO ,0V
que les conditionsqui S U péhp @ R F F X Leb dQiffaits G L | | q Pad Qe

d'accidentEQ FRQVpTXHW®QH WDRXW Hr@GetivdH GW LB FLUFXODWL
GRLW rWUH IDLWH SDU W\SH GTDFFLGHQW

'HV PRGORELW PXROOGMYPW hpBuE 8OV TE R WQE paiid/ et
GIDFFLGHQWY UHOHY pH\Y20802@& RE@&BUTIX BoncleetmmuQ Qp H V

des autoroutes A4 et A86 en-lee )UDQFH /HV S DUDéh YW pl \F FGGHO W R\ pLVF
HQ WHPSV HPWHOXOFRPMQW H[DFW eBttden§ddiesa G GQ WLWW LQ|
GH YLWHVVH HW 6ebl SGIEKG\QLBHiinBasH)/GIY QW VX OWDWYV HPSLL
RQW L Qué ksTfXgpeursontribuantj O IR F F X U &CEidg RéxeEcEntn effet
GLIIpUHQWphep d'&BdéntFRQVLGpUp '"HUB\ODXYWDOMHMY RQW UpYp
LQWHUG p S$HIMGLQ PHY YDULDEXHVVE pHH 6 GRE GHNO LIpH V
contexte d'analysenivarLpHO IDXW QRWHU TXH OBWlepajes&€ HV SUpFp
UpDOLVHQW GDQV X@waR@PWH[WH GIDQDO\VH

/HV FROOLVLRQVVI DVR QWD R [pidpables poudes valeurs

UHODWLYHPHQW EDVVHV GH YLWH ¥disionsl'¥h EBVQ@HQVLWp
paraissenplus probablegn congestion /D SURE BIERRPQ WIpVER QdeuO DWpUDOH
Y p K Ldy XuQrHente avec $ehaussesG X G p Bdcdllisions multiplessont plus

probablesHQ UpJLRitéss8sHOHYpFHQGDQW OD WKRWUR®RH RV VXL
autoroutiersplats. EnUpVXPp OHV FROOLVLRQV PXOWLSOHYV VH SU
de vitesses s&W IDLEOHV VRLW WUqV pOHYpHV WDQGLV TXH Ol
OfLQGLFDWHXU XQLTXH GHYHN FUF hGXQWDVacyhspeD R &/ MYIL
l'applicationdu PRG BQHR ELW PXRQYWYDWAXVWUpVqssuRhe OH GLDJU
diagranme fondamentald H S U pga/rel&ioi ldntre 1eG p EQ)Wt la \tesse (V) sur

XQ VHIPH QX BRXHQW\SH G DFFLGHQW GRQWuttdiic SUREDELC
HVW X JpJLPHLEHUWEBDYFRUUHVSRQG j XQH SDUWLH

diagramme.
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A

collisions multiples

collisionspar le F{W p

Collisions enFK D v
collisions par
OfiDUULQqUH

LQ

»

7URLVLq,mbuB ek@mions les facteursayant une influence sue niveau de

JUDY IsWlgssBed /HV U p ¥Xi@dhexkié \D Q W pdhmvetgeht sur le fait

gue les vitesses faibles et IGSpERWNYpV GLBla@GEKHIHY OBFLGHQWYV WL
que les vitessep OH ¥pIB\GPELWY IDLEOHV SURGX IWH/EW WD WITHW
R Q W smWnande partieobtenus sur la base dealeurs moyennes annuellds

GpELPD QPR LQ SontUeb p\M XdaiHovit tenp GTHVWLPHU OD UHODWLRC
gravipGHVY DFFLGHQWY DX[ FDUDFWpPULVWLTXHVY GH OD FL
enregistpHV D X P R P HQinence HeOdtdents. DansWaK,ngus explorons

les facteurs ayant un effet sur la graslcHV DFFLGHQWYVY j SDUWLU GHYV

HQUHIJLVOMURPNWWDPQW GIRFFXUUHQFH GHV DFFLGHQWYV (C
HVWLPHU OfLQIOXHGWHGXHGPE LYALL W M Wde® bleQuresieX GH JUL
VXELVVHQW OHV RFFXSDQWYV GHV YpKLFXOHV LPSOLTXp\
WURQF FRPPXQ GHV DXWRURXW H YV DansHt®Y oBjectif HAQUsUpJLR Q S
appliguonsXQ PRGqOHUBRREIPNDR HF SDUD RGWPREG qD®GIp B WIRR K
| KpW pURdpBamew ge larout@ pJBILEMD QV OH FDV &/8XdgH DSSURF
SDUDPQWUHY IIDKMY QRWHU TXH OD WRWDOLWpPp GHV pW
OfDSSURFKH GHV SDUDPgQWUHYV IL[HV

Les U pitdtX empiriques indiquent qweyage en 2 roueset pendania nuit augmente
OD SURBEOEPGSOW p s laBc@erspb@d/graves. En revanche, voyage
poids lourd en weekend ou surdes FKDXVV@QHKHY UpGXLW OD SUREDE
accidentsgraves.'H SOXV LO D 8&sSdondiictewed RRLQV H[SpULPHQWQp
rencontr@t des GLIILFXOOAMApY X[ PDXYDLVHV FRQGEMWALRQV PpWp
dangers que cellesci impliquent. Ainsi OHV UpVXOW D& xelatioQ GLTXHQW
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significative entrela gravit pdes accidents et eSFDUDFWpGEHYRARARIHFHQW GX
trafic au moment de leur occurrencef D XJPH QW D W VR Q Y& B eiet W
constamment positisur la gravip(en la diminuant) tandis que la vitesseemble

exercer XQ HIIHW GgarIrpppéttQaWoli@e dwmafic. 3SOXV SUpFLVpPHQW V
GHV UpJLPHV GH GpELW pOHYp OHV YLWHVVHV pOHYpHV
VRXV GHV UpJLPHV GH GpELW IDLEOH QRXV QITDYRQV SI
VXU OD JUDYLWp

Dansla T XD W U L g RIfingygéd@&isl p Wotsl'introduction dans un $ KpP D
LQWpJUDO GH JHV WésRO \GHBWSDGRVGIHIHNYY S URdp GH QW H 'V
effectuons QH V\QW KqV BuiGdHsvjepV XQ@ -GV pWDEOLU XQ FDGUH FRC
GHVY DSSOLFDWLRQV GH JHVWLRQ GHV LQFLGHQWYV VXU O
UpHO VXU GHV DXWBUWRRWKY ¢ XUEQ ®HAX GRQQpHY GH WU
WHPSV RGNV QWp HHISGBHWHEW HW TXTHOOHV VIXWLO|
SRXU OfHVWLPDWLRQ GX WHPSV GH $pNEGREXUYVG HWOD OHX
pourraientbien rwUH XWLOLVpHYV FEPPOIRFOODWYDW LIFRRXWBW OYfDI
XQLWpV GHMNO OHHY FpR\PELS @ menavecd HYV U p VesanahBaV vV G

dH VpF X B XWHbfinUhdusutilisons GHV U p V a OWV\KRPW B ©xp&ferdes

applications potentielleportant surla propensionj O® p W HdegVibd-dénts ainsi

TXH VXU OYDPlp® gRtodDWLRQ GH

La WKEFARHQWULEXH j X Q Happieferilie dueh © B QRSYIMRHF F Xdéd) HQ F H
accidenv URXWLHUV (Q FH TXL FRQFHU Qttilisation BgsW KR GR OR
GRQQpHV GH WU DetlLrecuélie® B QU Ok P Sodrnit) pié @eilleure
HVWLPDWLRQ GH SURED&LCOR@@p HMHBWAWUDWALRIHGHKSH JH
GILQBL®GAtEWKQH FDSHRRQWGpUDEOH désH actige®X W LR Q
GTDPpOLR eI gestRQENSBMmMela W K gantdibue j la recherche suun

VXMHW Tpeu DV E @ pp GDQV OH SDV\ge fqumnitHe RatireW HP SV
WKpPpRULTXHetQpHEWY \VRVONLUGY PDW K p P Dpau migux &kplo@G LV SHQVD
OHV GRQQpHV WUDILF GpVDJUpJdpV
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Chapter 1

Introduction

This chapter is amtroduction to incident occurrence; it aims at discussing several
keyterms and at providing a concise statiethe-art analysis concerning road
accidents. The road safety problem is pointed out, while incident management theory
and techniques are overwed. The analysis main objectives are presented and the
potential interest of results is pointed out. Finally, the structure ofligeertation

remainder is provided.



Chapter 1 Introduction

1.1 Generic incidents

1.1.1 Operational incident

An incident @n be defined as ay occurring event that causes some disruption or
GHYLDWLRQ WR D VA\VWHPTfV QRUPDO RSHUDWLRQDO FRQ
from minor discontinuities to complete failure. Incidents are involuntary, random

events whose effects aremamonly unpleasant. They may generallyexpectedo

happen angrocesses to best address them may have been designed; hokesver

definite occurrence remains uncertain and the moment of that occurrence is always
unknown.The entity that provokes ancident is not necessarily the maectipient of

its consequences)dident objects and incident subjects do not coincide. Nevertheless,
consequence intensity is generally greater for the objects that caused the incident
occurrence. Incidents may have latdral positive effects, but the predominant ones
remainnegative. Incident theories have been developed and applied in several fields

such as industrial management and design, response to natural disasters, and so on. By
WKH WHUP uDFFL Gad @ WdidenfsHwitR séver€ owdddrhétowever, in

LQMXU\ SUHYHQWLRQ DQG HSLGHPLRORJ\ WKH WHUP uDF

attempt to highlight the predictable and preventable nature of most injuries.

1.1.2 Causal factors

The causal factors leadj to incident occurrences are partially or completely
unknown. A full understanding of these factors would make the incidesgeable

and, thus, avoidable. Knowing all incident contributing factors is not adequate for
preventing incidents. Thmostcrucial issue is the form of the relationship between
contributing factors and incident occurrence as well as fafjtprantified impact.

This relationship form may vary from a simple linear causal chain to very complex
interactions and can be approximated dontrolled experiments or observational
studies. Assumptions are made for the triggering event that initiates the incident
mechanism; however triggering events remain random and are often associated to
human mistakes or sudden mechanical failures. Arsalygtto explore all possible
outcomes that may follow several hypothetical triggering events. The objective of
such investigations is either to minimize incident occurrences or to mitigate incident

consequences and interrupt their mechanism as soonssi@os
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Chapter 1 Introduction

1.1.3 Characteristics

Incident characteristics include incident probability of occurrence, type of triggering
event, type and magnitude of unpleasant outcomes, type and availability of
appropriate response, implicated costs, and so on. Apparstnéiegies to deal with
incidents ardancident characteristiedependentPerrow(1999)illustrates the risk of
technical systemby the use ofa four-quadrant taxonomy. Thosgstems havinghe
characteristics of tight couplingnd high complexity are msp at risk ofsystem
accidents while those that are less tigltiypled and less complex are not as likely to
experience such incidentsafR everg (having low probability of occurrence) are
generally not examined as thoroughly as commors.dweverthelss, if a rare event
causesan environmental disaster (type and magnitude of outcome), it is probably
worth finvestigating. On the other hand, if incident prevention is more expensive
than its consequences (cost implications), maybe no effort will be made to prevent it

from happening.

1.1.4 Safety and risk

Safety can be regarded as a compromise between egwrts and ecmmic
necessity (Petroski, 1994 Therefore, the level of risk tolerated depends on an
utilitarian calculus that safety is desirable but costly and that organizations choose a
level of safety by balancing the benefits of safety reductiomagthe costs of safety
improvement (Marcus and Nichols, 1996The level of safety achieved is not the
highest technically and humanly possible, but rather, depends on resource availability.
Under this scope, incidents that should be investigated magr dagh involuntary,
high-consequence, loywrobability (IHL) events (like nuclear plant meltdowns) or
voluntary, lowconsequence, high probability/I(H) events (like road accidents as
defined by Naveh and Marcus (2002)).

1.1.5 Incident management

Over the ast decades, incident management has been of great interest to both
researchers and practitioners. Incident management includes a variety of applications
under the objective of best addressing an incident occurrence (as well as its
consequences) in variofields such as industrial failures, natural disasters, and so on.

While reactive approaches to incident management include all research performed in

the area of being prepared to deal with the occurrence of a specific incident and of its
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consequences (gw that it occurs), proactive incident management includes all

investigations made in the aim of finding ways to prevent an incident from occurring.

In many fields (e.g. industry, medicine), the concept of prevention is commonly
described by a divisiomio subconcepts, each of which is intended to represent one
main preventive strategy (Andersson and Menckel, 1995). The most widely employed
classification in medicine was launched by Gjestland (1955). According to this
classification, preventive activigs are divided into primary, secondary, and tertiary
activities that are related to different periods in time in the course of a disease.
Primary prevention is taken in advance, while secondary and tertiary actions are taken
later on. Primary prevention cabe further divided into proactive and reactive
(Catalano and Dooley, 1980). Proactive activities are designed to deter or limit
exposure, while reactive are aimed at the promotion of coping or increasing
adaptation in response to an exposure that hasdlrtaken place (Catalano and
Dooley, 1980). Thus, proactive actions are taken before exposure, while reactive
actions can be taken either before or after exposure but are always designed to have

an effect after exposure (Andersson and Menckel, 1995).

1.1.6 Transportation

In the field of transportation, incidents have been occurring since the construction of
the first transportation system. Incidents in a transportation system include all
infrastructure, operational, or vehicle dysfunctions due to hunaaral, mechanical,

or other causes. We distinguish among a large spectrum of incident types in respect to
the means of transportation and the infrastructure concerned (maritime, air, railway,
and so on)Most generic incident theory principles applycais transportation safety

and risk analyses. Thus, air crasheéisat happen rarely but count up to a hundred or
two of fatalities £can be considered as IHL events and are thoroughly investigated.
On the contrary, road accidents cause few fatalitiestheytare very frequent events

(VLH events); as such they deserve research focus.
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1.2 Road incidents

1.2.1 Traffic incidents andhccidents

Traffic incidents are unplanned events that occur randomly in time and space. They
cause a reduction to roadw capacity or an abnormal increase in demand and are
associated with high economic and social impact. Such events include traffic crashes,
disabled vehicles, spilled cargo, highway maintenance and reconstruction projects,
and special nocemergency event{FHWA, 2000). Incident§ effects include
congestion and delays that result in increased cost of goods and vehicle maintenance,
productivity reductionincreased fuel consumption, environmental impacts, and so
on. Most importantly, incidents trigger seconda@rashes whose severity is often
greater than that of the original incident (VNTSC, 1995).

Among all road incidentgyaffic accidents aréhe most commonly occurringvents

Traffic accidents are incidents in which a road user (pedestrian, bicyclist, car driver

etc.) or its vehicle collides with anything that causes damage to other road users
(pedestrians, animals, drivers, passengers), vehicles, and roadway featuires,

which the driver loses control of the vehicle andsgaff the roadway or rolls ove

7UDIILF DFFLGHQWY DUH VRPHWLPHY HTXDOO\ UHIHUUHC
MPRWRU YHKLFOH DFFL G-go@gVadistussiol Habbldt the/ sdin@ntiR Q

dff HUHQFH EHWZHHQ puDFFLGHQWY DQG pFUDVKYT LQ WKI
IDFWXDO zZzD\ ZKDW LV REVHUYHG ZKLOH puDFFLGHQWT LQ
HISODQDWLRQ RI ZK\ LW RFFXUUHG 6RPH DXWKRUV VWD\
it being an unavoidable event. In the preseigsertation,all terms are used

interchangeably.

1.2.2 Causal factors

A great body of literature deals with identifying factors contributing to accident
occurrence as well as with quantifying the impact of sfadtors. Accidents are

commonly viewed as the result of a complex interaction among driver, vehicle, and

environmental factorgHgure 1). Driver attributesinfluendng accident occurrence

and severity include: driving experience, level of alert, restraint system use, years of
age, alcohol consumption, and so on. Vehicle characteristics playing an important role

in accident mechanism of occance are: years of age, size and weight, technical
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characteristics, safety equipment availability and condition, and so on. Finally,
environmentaland infrastructureelated factors include a variety of factors from
weather and lighting conditions to pavemh quality, road geometry, speed limits,
traffic characteristics, and so oAn exhaustive list of such factors can be found in
Gaudry and Lassare (2000).

Figure 1 Accident causal factors

accident

Road accidents occur agesult of a potentially very large number of causal factors
exerisingtheir influence at the same location and tilypart from vehicle, driver,

and environmentelated characteristics that are endogenous to the system, other
factors may also influencaccident occurrence such asféctors external to the
system (oil price, population)i) socioeconomic factors (taxatipmwhat are subject to
political intervention iii) factors related tahe transportation policy applied (accident
countermeasures),)ithe size and structure of the transportation seatudt v) sheer

randomness.

1.2.3 Characteristics

Although accidents are the results of human choices and behavior, they are not chosen
to occur. On the contrary, when an accident happens, it is bevenia® road users

failed in avoiding it, although they wanted to. Accidents are the unintentional side
effects of certain actions taken for reasons other than that of causing injury or
damage. They argandom and unpredictable in theense that had theyeén
anticipated, they woulgrobably not have happered In this context, ach single

accident isunpredictable by definition.
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More detailed explorations indicate various characteristics that differentiate road
accidents from each other; such charactesstire used for classification purposes.
Targeted studies are then undertaken to investigate and mitigate specific accident
categories in respect with their properties. Classification criteria found in the literature
include number and type of vehicles atwed (trucks, motorcycles), pedestrian
involvement, type of collision (reand, fixed object), severity outcomes (injury,
property damage only), professional driving, accident site geometry (intersection,
grade), road network (rural, highway), and so on.

1.2.3 Consequences and cost

Road accidents are an issue of major concern for all countries independently to their
level of development; highly developed countries have 60% of the total motor vehicle
fleet but they contribute only to 14% of the globald@&cident deaths (Jacobs et al,
2000). An estimated 1.2 million of people are killed worldwide each year, while
another 50 million are injured (WHO, 2004). Road accidents account for 95% of total
transportation fatalities and figure as the leading catideath among young people.
Road traffic injuries ranked as the ninth leading cause of the global burden of disease
and injury. WHO estimates that road accidents will become the third leading cause of
death by the year 2020 (after heart disease and dedbd to mental illness) if no

effective actions and efficient measures are taken.

Apart from the loss of lives, accidents have multiple collateral effects: material
damage, environmental damage, pain to society, loss of productivity, impact on
freight transport, health costs, delays, congestion, and so on. All these effects
correspond to a certain cost, which cumulatively results to be extremely high. This
cost is paid by insurance companies and health care systens &ndlly, covered

by citizens.Road traffic injuriesfcostaccounts for 1% to 2% of the gross national
product oflow- and middleincome countrieWHO, 2004). In 1997, the ETSC
estimated the total cost of transport accidents in Europe at 166 billion euros (ETSC,
1997). 97% of these ctsswere directly related to road transport. However, policies
that yield the largest reductions in road accident counts are not necessarily the most
effective. The most cosffective policy would be one yielding the highest net social

benefits. Theoretidly, the optimal road safety program has a marginal social cost that
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equals net marginal social benefit. The methfmisevaluating the socieconomic
cost of road accidents vary among countries; cost elements taken into account include
medical costs, nemedical rehabilitation, lost productive capacity, human costs,

damage to property, administrative costs, aiter costs such as congestion

1.2.4 Road safety and risk

Increased implicated costdong withsustainable development concerns have turned

countries and international organizations towamt¥opting accident mitigation

programs and policies. Road safety refers to the level of safety achieved on a roadway
segment, network or a country. Inverselyy N L H PURDG XQVDIHW\Y LV W
which the user is exposed when travelling. The level of safety implicates both

accident frequency and severity and is measured in many ways (such as absolute
number of crashes or deaths, crash rates over vehlolmeters travelled, crash

probability of occurrence, response efficiency); however no integral index meeting

general acceptance has been established.

General policy may indirectly affect road accident rate in a number of ways:
legislation (speed limits etc.), courts and police enforcement (e.g. vehicle
inspections), police deterrence (point system), traffic police management, publicity
and education pgrams, and tax levies (e.g. gasoline taxes). Engineering is also
crucial in terms oftirbandesign and land use, road design, vehicle safety design, road
maintenance, safety improvement measures, traffic planning, and so on. Medical
service response and ltbacare system efficiency greatly affect accident outcomes.
Fire departments and all emergency vehicles interfere in accident clearance. Most
importantly, drivers and other road users play a decisive role in accident occasence
they definethe socalled behavioral causal factorsConsequently, road safety can be
regarded as a common objective of psychology, statistics, engineering, policy

planning, and so on.

1.2.5 Incident management

In transportation research, incident management is defined assteenatic, planned,
and coordinated use of human, institutional, mechanical, and technical resources to
reduce the duration and impact of incidents, and improve the safety of motorists,
crash victims, and incident responders (FHWA, 2000). On uninterrugoed f
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facilities equipped with continuous surveillance systems, research and operators
mainly focus on minimizing incident overall duration; the latter including detection,
response and clearance tsndmportant factors affecting these times and
consequetty the overall incident duratiortare (i) the operator ability to promptly
detect an incident occurrence, and (ii) the location of emergency stations (police,
ambulance). The benefitfom minimizing incident duration are numerous and
concern highway opators (e.g. cost, road safety performance), crash victims (e.g.
time to hospital), other road users (e.g. delays, secondary incidents), and society (e.g.

incident externalities).

(i) Incident detection involves the analysis of patterns in the traffic diarves data
observed just after the incident in order to develop models that can separataaeal
traffic conditions resulting from incidents from frlew and/or recurring congestion
(AbdelAty and Pande, 2007). Incident detection analysis is reattiveature and
attempts to detect incidents so that their impact can be minimized, while it does not

search to prevent incidents from happening.

(i) Emergency station location (e.g. police, fire stations) analysis falls into location
analysis; term thatefers to the modeling, formulation, and solution of a class of
problems that can best be described as sitting facilities in some given space (ReVelle
and Eiselt, 2005). Obviously, emergency unit location is important to overall incident
duration. In partiular, the time needed to reach an incident scene is of great concern
to emergency medical services (EMS) in order to mitigate incident consequences on
people. In a redime context, emergency authorities are faced with two main
problems: an allocation pblem and a redeployment problem (Gendreau et al., 2001).
The allocation problem consists of determining which unit must be sent to answer a
call. The redeployment problem consists of relocating available units to the potential
location sites when calls ereceived; emergency units are assigned to potential sites

to provide coverage.
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1.3 State of the Art

Research omoad safety hasttracted considerable research interest in the past three
decades Major factors known to affect safety are driver chardsties, vehicle
features, exposure to risk (e.g. traffic volumes), traffic control, weather conditions,
and roadway design characteristics. To predict the safety of transportation systems
traffic, engineers model crash rate or frequency as a functidrecdtiove mentioned
factors. These measurable factors do not completely explain accident occurrence and,
so, models typically used are stochastic models including a disturbance error term. So
despite their frequent application, the ability of such modelsetiably identify
important accident predictors is open to question (Davis, 2004).

Accident occurrence remains unexplained to a certain extent. Some of the problems
frequently held responsible are: a) accident underreporting (mainly for property
damageonly), b) miscounts for accidents or exposure measurements, c) inaccuracies
due to misclassification or misjudgment, dynflicts among different dabases
(aggregate exposudiscrete accident data, weather, differences among countries in
the way they reigter and count variables), c) time lag between the reporting and
registration of accidents or a site lag, d) unaccounted factors that strongly affect the
outcome, e) factors whose influence is badly estimated, f) unaccounted interrelations
between factorghat are taken into account, g) other modeling assumptions and

restraints, and h) aggregation of the data used.

Regardless of modeling technigue serious factor of inaccuracyin most past
studies +has been data aggregation (Lord and Mannering, )28&8 sample size
insufficiency (Pande and Abddéity, 2006). Traditionally, models were macroscopic

in nature, where researchers mainly used summary statistics rather than microscopic
measures to develop the models. The Average Annual Daily Traffic (AABI been

most commonly usedo reflect prevailing traffic conditions (Kim et al., 2006;
Mouskos et al., 1999in et al., 2004). AADT is an aggregate measure of exposure;
the use of AADT to approximate vehicle kilometers traveled at a site might reduce the
natural variance that exists in exposure data and may result in heavy underdispersion
(Pasupathy et al., 2000). Later, many authors used aggregated datshorter

periods of time ifhonthor day for developing the same models; others used deduced
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hourly traffic characteristics by combining AADT and aday hourly traffic profile
for the site analyzed (lvan et al., 2008)evertheless,v&n hourly measures cannot
consider the shoterm variation of traffic flow and are rather not well suited for
application to reatime operations.

As most freeways are equipped with continuous surveillance systisaggregate

traffic datacollection is possible as well asadily availableDisaggregate traffic data

have been used in only a limited number afdsts (AbdelAty et al., 2007;
Kockelman and Ma, 2007; Lee et al., 20@0®; Madanat and Liu, 1995). While
detailed vehicle movement data in a section would be the best data source, traffic data
from several consecutive detectors in a section can becisyorogate to identifying

traffic dynamics that may lead to accidents (Oh et al., 2001).

1.4  Research question and lgjectives

The main research question of the thesis is whether and how traffic parameters affect
accident patterning, consequences, aagponse. Thusheé thesisobjective is touse
highway traffic data collected on a r¢ahe basis in order to
a. explore the effects of traffic parameters on type of road crash,
b. investigate the influence of traffic parameters on the injury level sustayned b
vehicle occupants, and to

c. explorepossible implications in incident management strategies.

15 Interest of thesis

Road safety analyses are of particular interest to societies because of accident intense
consequences and increased cost. A markedly extebsdy of literature deals with
accident frequency and severity, while numerous studies have been addressing
incident management techniques optimization. Nevertheless, research efforts on the
integration of road safety toolong withincident managenm¢ techniques remain

few. Such effortswould introduce results obtained fromsafety analyses in an
integrated incident management scheme including both proactive and reactive

considerations
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Furthermore, redime traffic data have little been utilized rioad safety and incident
management analyses. The exploration of the influence of real time traffic variables
on accident patterning (in terms of crash type) could provide significant insight in the
accident mechanism of occurrence, while proving highlgelfieial to traffic and
incident managers. Pande and Abdgl (2006) underlined the importance of-by
crashtype analysis, particularly when it comes to {t@e risk assessment. They
suggested that the conditions preceding crashes are expected tbydiffee of crash

and, therefore, any approach towards proactive traffic management should -be type

specific in nature.

Reattime data integration to accident severity analyses offers the possibility to
associate accident attributes to the actual tréifiiw characteristics at the time of the
accident. Based on the analysis of historical data, typical traffic patterns recorded
prior to accidents may then act as +ale identifiers (AbdelAty and Pande, 2007).
Such explorations areuseful for both reseachers and practitioners in estimating
accident and congestion external costs and in transportation planning. Fsuter,
analysesmay enable practitioners and authorities to locate hazardaumns severity
grounds t£spots on the road networks. Finalthey may provide additional insight
regarding the factors that contribute to higher probabilities context for severe injuries

(given that an accident occurs).

In conclusion, the attempt to further study and develop accident models, and in
particular the itegration of reatime data, can significantly contribute to the
elaboration of a bettestructured incident response system with predictive power.
Thus, accidentountswould decreasand accidentonsequences would Ibetigated

Apart from human lives saved, an economic burden would be takeffrowff
societies; nowrecurrent congestion would be decreased, while environmental gains

would accumulate.
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1.6 Dissertation structure

Thedissertatiormain text is organized as follows:

x Chapter 2includes a theoretical background redat to road safety research.
Definitions of key terms are provided, while a classification of road safety
literature is attempted. Emphasis is given on issues of interest to the analysis
further performedsuch as data observational studies, disaggregate investigations,
and so on.

x In Chapter 3, we examine the effects of various traffic parameters on type of road
crash. Multivariate Probit models are specified eyedrs of dat§200-2002, 2006)
from the A4A86 highway section in the Hde-France region, France. Empirical
findings indicate that crash type can almost exclusively be defined by the
prevailing traffic conditions shortly before its occurrence.

x In Chapter 4, we apply a random paramei@dered probit model to explore the
influence of speed and traffic volume on the injury level sustained by vehicle
occupants involved in accidents on the-A86 junction in the Paris region.
Results indicate that increased traffic volume has a condysimositive effect on
severity, while speed has a differential effect on severity depending on flow
conditions.

x In Chapter 5we investigate the introduction of road safety analysis outcomes in an
integrated incident management schende.synthesis of relted studies is
performed so as to establish a conceptual framework for incident management
applications using redime traffic data on urban freeways. We use dissertation
previous findings to explore potential implications towards incident propensity
detection and enhanced management

x Chapter 6 summarizessertatiomrmajor findings and provides overall conclusions
regarding the analysis performedhe overall contribution of the thesis is
discussed, whilendications for future research are given.

The dissertationmain text is followed ¥ a complete list of referencean annex

summarizing in Greek language the analysis perfornaed an annex providing

indicative model outputs
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Road Safety Literature

This chapter aims astablishinga theoretical backgrounébr the upcoming analysis
and at summarizing the state of the art in road safety reseSecleral key terms are
defined and basic assumptions are made large body of road safety literature is
organized on the basis of both methodological and thematearieriFinally, the
dissertationfield of interest is defined with respect to the taxonomy established.



Chapter 2 Road Safety Literature

2.1 Introduction

The large body of literature on road safety includes many disciplines, various
methods unitsand levels of analysis. A general classification of road safety studies is
attempted inthe effort of establising a rigorous taxonomy of previous research
efforts.

2.1.1Roadsafety of an entity

In performing an experiment, the number of successeg\athilargely depends on

the number of trials performeaxposurg In that sense, the number of accidents
occurring on a roadway segment largely depends on the amount of travel performed.
The exposure is then expressed in terms of vekildeneters, vehiles and so on
Chapman(1973)defined eposureas the amount of or opportunity for accidents that
driver or traffic system experienc§arroll (1971) proposed thaxposure L \theu
frequency of traffic events which create a risk of accifiéfduer (1982)defineda

unit of exposure ag trial in which the outcomes are an accident (possibly of several

types) or a noraccidenty

If we know exposure, we can differentiate high accident occurrence due to high risk
from high accident occurrence e@uto high exposureUnfortunately exposure
measurementare expensive and carried out much too seladfe not specifically

for road safety purposes. A fundameniedblemin studies of accident occurrence is
how to combine exposure and accident data meaningful and consistent way so
that the contribution of individual factors to accident risk can be identified (Jovanis
and Chang, 1989).

It is an open question whether safety should be measoreshits of dangerous
situations(exposure)r accidentgfoutcome) The traffic conflicts technique assumes
proportionality betweeexposure and accidents. On the contrary, Wolfe (1982) notes

that exposurdased definitions suffer from two major limitations: a) they ignore

exposure to accidents implicating peiesis and fixed objects (such as bridge

abutments, utility poles, and parked cars), and b) one can be exposed to risk while not
participating in dangerous situations (e.g. while being in a parked vehicle).
Overcoming such constraints, Hauer (1997) profgs8/ KH IROOR Z LS@fétyGHILQLW L
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Is the number of accidents (crashes), or accident consequences, by kind and severity,
expected to occur on the entity during a specified period offfifeier 1997).

Described this way, the safety of an entity is esies of expected numbers or
frequencies. These expected numbers change in time and are distinct from accident
counts, which are a reflection of the underlying expected number that enable us to
estimate what the expected number or frequency at some pdintel is or wasun-

Safety (as measured by accident occurrence) is the product of the probability of
having an accident (risk) and the number of exposure (higaier, 199Y.Factors
contributing to accident risk are thus conceptualized as affectingobability of an
accident.

2.1 2 Disciplines

Due to the complexity of the roaystem and its managemembad safetyanalysis
necessarily involvesiumerous scientific disciplinesn order to effectively treat
problems of
x driver behaviorin risk situations:
- economics (insuramg decisions under uncertainty)
- psychology (perception of danger, choice ungiecertainty, driver training)
- ergonomics (information gathering, man/machine interaction, road/driver
taskadaptation)
- physiology (capcities, handicaps for driving)
- psychesociology (attitudes and judgment when confronted with risk,
contrds and social norms)
- sociology (cultural and organizatiahaspects, enforcement system)
X accident mechanism of occurrence:
- mechanis (tractio, vehicle structure)
- traffic engineerindinfrastructure and operations)
- ergonomics (underanding the road traffic system)
- physiology (fatiguealcohol, physical capacities)
X traumatisms during collisions
- bio-mechanics (shock resistance)

- medicine (traumatism severjty
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In what follows, four main criteria are used to classdfgd safetyiterature in group

of studies; each group is then briefly described, along sdgthebasic assumptions.
More elaborate descriptions are provided for rodghfurther used in the present
thesis. We note that referencemde are indicative and not exhaustivEhorough
literature review®on thethesis fieldof interestare provided irChapters3 to 5 Road
safety lterature organizatioenables for interestingemarks that are presented in the

end of Chapter 2.

2.1.3Classificationcriteria

We proposeaad safetyiteratureclassificationby the use of four main criteria: a) the
method employed, b) the level of analysis assumed, c) the scope of the performed
analysis, and d) the accident phase considered.

a) Method employed
The method employed refers to the scientific apprabahisselected withregard to
the analysis objectigand to data availabilityl his may be:
X controlled experiment

x field observational

X

multidisciplinary indepth investigationor
X data observational
For each of these approaches, specific methodologies are developguiojoriately

treatavailabledata.

b) Level of analysis
The level ofperformed analyses is also dependgmbnthe analysis objectiveand
data availabilityWe distinguish between:
X disaggregateand
X aggregaténvestigations.
Generally, disaggregate analyseger perform aggregate analyses as they provide

more accurate resujteowever theyawe higher data requirements
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c) Scope of analysis
Some researchers ar®stlyinterested in explaining presenbr past situation/event,
while others attempt to predititure situations/eventsn that sense, an analysis may
be either
x descriptiveof past and present situations
X predictiveof future changes
‘H QRWH WKDW WKH WHUP pGHVFULSWLYHY LV FRPPRQO\
that may equally refer to present or future conditions. However, in the context of the
present thesis, this term is used differently as mentioned above.

d) Accident phaseonsidered

Someresearchergocus on the study of accident contributing factansl triggering
events while others focus oaccidentevolution mechanismMany researchersave
studied different accident response techniques, whereas others mainly worked o
accident consequences. Thioar discreteaccident phases may be considered:

X generating

X patterning

X responsgeand

X consequences

2.2 Method employed

2.2.1 Controlled experiment (laboratory)

Laboratory experiments or simulatioase usedto study in @tail driver and vehicle
actions and reactiorteat may be linked to accidents but are diffictittr impossible

to be observed in the field. Laboratory experiments commonly study actions such as
steering wheel movement, lateral and longitudinal positispeed estimation,
breathing ratevigilance and so onDriver reactions to externahvironmenttimulus

have been simulated and subjected tdapth analysis. Driving simulators are used

for this purpose they allow for useful conclusions that wouldherwisenot have

been possiblsuch as changes the field of eyesight visior-urthermore, statistical
models have been developed to simulate collision kinematical characteristics

aXxawHuaLp HMéwe&vE€, he most commorsafety experiment isthe one
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undertaken by vehicle industriequ F U D V Kit kveldsvnsficrashworthiness rates. In
all these experiments or simulations, the relationship between independent variables
and intermediate measuresdisectly applied Then inferences are made about the

effect of independent variables on highway accident risk.

The advantages of laboratory experiments include safety of the subjects, control of
some confounding results, and possibly reduced costs compared to field observation
Among all shortcomings of laboratory experimenthe most restrictive ighe
difficulty in generalizing laboratory findings to actual highway environments.
Although laboratory experiments allow us to obtain individual disaggregate and
detailed performase data, they are limited in their ability of providing insight in the
process of accident occurrence and, obviously, do not contain data on actual
LQYROYHPHQWY 7ULDOV DUH FRQGXFWHG GXULQJ WKH }
exposure as no actuakk system exposure is undertaken. In order to relax this
constraint, some researchers have tried to combine laboratory results with
observational data in order to test their real credibility (Jones and Whitfield, 1988).
Hauer (1997) points out the n@xistence of road safety field experiments and argues

that real orthe-road experiments should bensidered

2.2.2 Field observational

On uninterrupted flow facilities equipped with continuous surveillance systems,
researchers applied field observationaht@ques in order to promptly detect incident
occurrences. Incident detection involves the analysis of patterns in the traffic data
observed just after the incident in order to develop models that can separataaeal
traffic conditions resulting from gidents from fredlow and/or recurring congestion
(AbdelAty and Pande, 2007Y.hese patterns are identified through continuous loop

measurements.

Research on actudrtiving conditions includes unobtrusive observation of individual
drivers and vehiclesand onrroad measurements ofigers in instrumented vehicles
Emerging technologies, such as CCTV, asedin this purpose. In Liu (2007), laser
speed guns were used to measure the speed of oncoming vehicles. Cavekdso
beenused to record driverehavior and characteristics in an effort to associate

approaching speed with driver and vehicle characterisiicaever, accidents are rare
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events, while continuous field observations are expendilias, data on accident

occurrencsare notusuallyused;instead inferences about risk are made.

The traffic conflicts techniquassumesproportionality between the frequency of

dangerousituations and addent occurrences. I based on defining near accidents
HFRQIOLFWVY ZKLFK DU Emé&wd Sdllsiorood theHvwhdd YoddH G D V

users. The advantage of this method is that data can be collected quite quickly. The

disadvantage is that the validity is loweympared to real accident analysksorder

to estimate the number of accideriased onconflicts registration,fixed ratios

between the number of conflicts and accidesiintsare usedThe latterimpliesthat

conflicts can also be regarded as a measurement of exposure as well as an indirect

estimate of the number of accidents.

The major advantage of @heroad research is that results obtaiaee disaggregate

and readilyapplicable to highway environment. A major disadvantage is that many
variables are not under strict experimental control, and some results may be due to
uncorirolled variables and/or be limited to the specific location where the study was
conductedIn addition,it is notalwayspossibé to directly relatesuch observation®
accident occurrences Exposure to risk remains limited as accidents are rarely
obsered, while budget constraints makedifficult to conduct more comprehensive
research (i.e. continuous surveillance over long highway segmaedtperiods of

time). On the other hand, incident detection techniques have become rather obsolete
as the road w@ss can promptly contact (by mobile phone etc.) highway authorities in

case of emergency.

2.2.3 Multidisciplinary indepth investigation

In-depth investigationmainly refers to orsite investigation by specially trained
technicians, who rush to the aceid site immediately after its occurrence-dipth
investigation is held by multidisciplinary tearand a compilation of results is made
based upon their findings (OECD, 1988). Emphasialigays given on individual
accident analysitHowever, we shouldate that the analysis may take place long after
the accident occurrencén this context, clinical studies of individual accidents
(Shinar, 198) are also part of this category. Reconstruction of the accident and of the
actual cicumstancesinder which ittook place is attempted amlkdoroughlystudied.

Within this procedure, individual road accidents are treated as essentially
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deterministic events; although incomplete information can leave one uncertain about

how exactly an accident happened (Davis, 2004).

The main difference between multidisciplinary-dapth investigations and field
observational studies is that the first do not deal with exposure gmibri assume
incident occurrence Also, theyare unable tdollow the actualincident patterning

since generatingnstead, thewttemptto *a posteriori treconstruct andpproximate
accidentactualcircumstance®f occurrence Such investigations require significant
human resources and a wealth of data that is rarely avatdatsléraceabletin road
incident occurring. They seem more suitable for less frequent and more elaborately

recorded events such as industrial incidents or airplane crashes.

2.2.4 Data observational

Data observational studies are hypothetical experiments conductedglhro
econometric modeling. Econometric modeling techniques were initially developed for
assessing complex economic relationships and can be viewed as a scientific substitute
for perfectly controlled experiments. They are applicable in cases where it is
impossible to vary one independent variable at a time, while keeping allsother
constant.They may be defined as the use of statistical reasoning and methods as
means to establish dabased descriptions of economic phenomena and empirically

based counterpartsr, and tests of, economic theori&elseret al., 2001).

The essence of econometrics lies upon the mix of subjatier theory, mathematical
statistics, and empirical data. It is not a technique designed to explore the kind of
empirical relationsimis that might possibly exist between the arbitrary set of variables
but to estimate the parameters of a given theory. This theory must come from
somewhere else than the data at hand themselves, or the whole analysis will be more
or less invalidateddue to circularity of argument (Heckman and Leamer, 2007)
Errors due to confounding effects can be avoided only to the extent that the relevant

explanatory factors are included in the model.

Usually, analysts combine accident data with controlled exposuretestdthe
hypothesis of interest. Regression and multivariate models have been employed to

describe accident occurrence. Studies about the safety effects of interventions are
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usually retrospective quaskperiments. To assess the effect of some treatmethieo
safety of an entity, one must predict what would have been the safety of an entity, had
it been left untreated. In observational studies, this can be done in a variety of ways

(e.g. comparison group).

2.2.4.1 Models

Models are formulated in order tacreaseour understanding of observed phenomena.
Most analytical models contain some basic assumptions from which conclusions are
logically deduced. As such, models are a restricted form of general theories, often
containing hypotheses, postulates, argsumptions used to test these theories
empirically. A theory is formulated to explain and predict regularities. The research
cycle could start with observations from which regularities, through induction, are
formulated into theories. Alternatively, theesi are formulated through deductive
processes into testable hypotheses, subsequently verified with observations. A model
deriving from an acceptable theoretical construct is expected to possess the following
basic characteristics (Hakim et al., 1991):

X degription of the phenomenon

X explanation of the phenomenon

X prediction of the phenomenon

X incorporate policy variables.

In reality, it is possible to build partial models that are able to produce accurate
predictions without necessarily explaining the phenaone Alternatively, some less
sophisticated models could describe the phenomenon without actually being able to

explain or predict it.

2.2.4.2 Statistical analysis
A statistical analysis is essentially a logical argument, where assumptions about the
process generating data are combined with observation statements in order to derive
statements about quantities not directly observed. Differences between what has been
assumed and how the data have actually been produced could then invalidate any

conclusions chwn from the analysis (underlying assumptions).

Incident Occurrence and Response on Urban Freeways 50



Chapter 2 Road Safety Literature

A random experiment an observation activity that can be repeated under identical
conditions, where the set of possible outcomes is known, but where the outcome of
any particular repetition is unknown in advance. Hacking (1964) notes that there are
situations which tend toreproduce, under repeated operation, stable relative
frequencies of outcomes. He calls this tendency chance, and the corresponding
situation a chance sep. Probability theory then providedogic for reasoning about
FKDQFH $V +DXHU QRWHG RQH FDQ UHDGLO\ DSS(
study of road accidents by assuming, in the simplest case, that a section of road or an
intersection can be modeled as a chanceigeindividual vehicldraversals provide

the trials to which the setp is subjected; each trial is assumed to have acehaf
resulting in an accidenthis chance may vary with roadway, traffic or environmental
conditions. Thus, we can empirically study how an interventitect road safety

and the chances of accidents without knowing the details of any particular accident.

Statistical approaches assume that road accidents are individually unpredictable,
chancy phenomena although aggregates of accidents can show pleditatistical
regularities. Therefore, accidents are treated as individually random, although the
parameters governing their probability distributions rhaymodeled deterministically
(Davis, 2004).The majority of road safety statistical studies are dbaggon this

assumption, even though some objections have been raised.

Oneproblem is that without prior knowledge concerning the underlying mechanism
generating the aggyated data, it may be difficulor even impossibletto correctly
interpret aggreg HG UHVXOWYVY 7KH 6LPSVRQYV SDUDGR[ 6LPS
interpretation of contingency tables when an association between variables observed
in subpopulations is attenuated or even reversed when thepsuidations are
aggregated (Freedman, 1999avis (2004) suggests that the statistical regularities
observed in accident data have no independent status, but are simply the result of
aggregating particular types and frequencies of mechanisms. Based on statistical
applications in other fields, Davi2004) proposes an alternative to the prevailing
assumption in accident statistical analysis. This alternative treatment begins with the
idea of a population of individual deterministic mechanisms, rather than the idea of

repeated trials of a chance-sipt
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A comprehensive literature review on accident statistical modeling can be found in
Garber and Wu (2001)Yhe authors statthat statistical models have beesed in
road safety research for three main purposes:
a) to identify the major contributing faats)
b) to establish relationships between crashes and explanatory variables
and

C) to screen covariates

Statistical models can b#ivided into deterministi@and stochasticln deterministic
modeling (Foldvary, 1979 Gwynn, 1967;Hall and Pendleton, 198 Lundy, 1965)

the influence of a variables often examined by keeping all other parametergdix
(singlevariate models). In other cases, multiple linear regression, robust regression
and multivariate ratio of polynomials models were applied in multivaaaaéyses of

the causal factors (e.g. Garber and Ehrhart, 2000; Mohamedshah et al., AIB93).
deterministic models have a strong underlying assumption; they assume that the error
of the independent variable is normally distributed with a constant variAtss,.

they assume that the dependent variable is continuous.

Stochastic models amplify the number of independent variables treated. Despite the
stochastic treatment of the dependent variables, the link functions (that connect the
mean of number of accides or the severity outcome twontributing factors) remain

deterministic. Several modeling specificationsénaeen applied

In frequency analyses:

f Poisson(lvan et al, 1999;lvan and O Wara, 1997;Lord et al., 2005
Ohetal. 2004, 2006 Saccomannand Buyco, 1988;Vogt and Bared
1998,

f Negative Binomial AbdelAty and Radwan, 2000; Carson and
Mannering, 2001; Donnell and Mason, 20@&rber and Wu, 2001
Hadi et al., 1995; Hiselius, 2004; Karlaftis and Tarko, 19@8jiman
et al., 1993;Lord, 2M6; Lord et al, 2005 Maher 1991; Maher and
Summersgill, 1996; Martin, 2002; Miaou, 1994; Milton and
Mannering, 19980h et al. 2004, 2006; Persaud et al., 20®0&h and
Mannering, 1996Shankar et al., 1995;unaru, 1999),
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f Zero Inflated Poisson and Zetaflated Negative Binomial Garber
and Wu, 2001 Kumara and Chin, 2003;ee and Mannering, 2002
Miaou, 1994; Shankar et al., 1997).

An overview ofsuchstudies can be found in Xie et al. (2007)

In severity analyses:

f Linear regression (Boufous et &1008)

f Ordered Probit model (Chimba and Sando, 2009; Xie et al., 2009; Gray
et al., 2008; Pai and Saleh, 2008; Lee and Abdgl 2005;
Yamamoto and Shankar, 2004; Kockelman and Kweon, 2002; Quddus
et al., 2002; Zajac and Ivan, 2002)

f partial proportionalodds model (Quddus et al., 2009; Wang and
AbdelAty, 2008)

f Logit model @AbdelAty, 2003; Eluru et al., 2008 Kim et al., 2008
Milton et al., 2008 Savolainen and Mannering, 200%hankar et al.,
1996)

An overview ofsuchstudies can be found @hapter 4f the present dissertation.

2.2.4.3 Nonparametric methods
Data mining can be defined as the nontrivial process of identifying valid, novel,
potentially useful, and ultimately understandable patterns in large amounts of data
(Fayyad et al., 196). From a statistical perspective, it can be viewed as a computer
automated exploratory data analysis of (usually) large complex data sets (Friedman,
1997). However, in contrast to statistical techniques, the problems and methods of
data mining have sonwistinct features of their owrkirst, data sets may be much
larger than intypical statisti@al analyse. Second,data mining paysmuch less
attention to the largecale asymptotic properties of its inferendastead, emphasis is
given onthe general phORVRSK\ RI pOHDUQLQJY LQFOXGLQJ
complexity of models and the computationgythrequire (Hosking et al., 1997).
Furthermore, data mining has tackled with problems such as what to do in situations
where the number of variables is sagk that looking all pairs of variables is
computationally infeasible (Mannila, 2000). Additionally, in contrast with statistics,

data mining is typically a form of secondary analysis: the data has been collected for
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some other purpose than for answeringpacific data analytical question (Geurts et
al. 2005).

Data mining techniques can be divided in two: the computational (supervised
learning) and the neoomputational (unsupervised learning) techniques. Each
technique has its strengths and weaknesseterms of representation language,
classification power, descriptive abilities and expert knowledge required.

Supervised learning
Rule induction is used to identify rule sets representing interesting subgroups in
accident data (Kavsek et al., 2002). Téarhing is based on past experience, and the
learned knowledge is used to classify new data. Applications of computational
techniques in accident modelimgclude
f Decision treesClarke et al., 1998; Strnad et al., 1998),
f Neuralnetworks
- Artificial NN (AbdelAty and Pande 2005; Abdelwahaband
AbdelAty, 2002; Awad and Jason 1998;Chang 2005;Delen
etal, 2006 Mussoneetal., 1999;Mussoneetal., 1996;Riviere
etal., 2008,
- Probabilistic NN AbdelAty and Pande, 2005)
- BackPropagation NN (Chang , 2005)
- Time delay NN (Zhong et al., 2004)
- Bayesian NN (Riviere et al., 2006 ; Xie et al., 2007)
- Genetic Algorithms (@s) (Clarke et a).2005,1998b)
- Spatial data miningZeitouni and Chelghoum, 2001),
- Associatioralgorithm (Geurts et al., 2005),
X Fuzzy methodsJlani and Burney, 2007Song and Chissom, 1993;
Vaija, 1987,
x Hybrid methods (Neurfuzzy) (Awad and Jason, 1998)
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Unsupervised learning

Non-computational learning is based on the statistical regularity of the patterns
recognized in data. Clustering techniques are used to discover frequent patterns in
accident data (Ljubic et al., 2002)reebased methodologies have been shown as
useful twls to obtain homogeneous data sets in accident analysis and to establish the
empirical relationship between traffic accidents and independent variables. They
result from the statistical regularity of the pattersognized in datand are used for
explaning and/or predicting either a categoricalaaontinuous respons&hey have
commonly been applied to reduce the heterogeneity in accidentAdatalAty et al.,

2005; Chang and Chen, 2008akkert et al., 1996; Karlaftis and Golias, 2002;
0D JJD]-l,RRUW06{Park and Saccomanno, 2005; Stewart, 199@)tree structure

is very helpful in clarifying the relationships between independent variables and
accidents along withthe interactions among independent variables. dlhaty of

graphically displang resultss veryadvantageous.

2.2.4.4 Parametric vs. neparametric models
Parametric models have been widely preferred from analysts because they have
explicit theoretical foundations, they can produce interpretable coefficients for each
explanatoryvariable of the modeland they can be easily estimated. Nevertheless,
parametric procedures require the functional form of the model to be specified in
advance,they arenot invariant with respect to monotone transformation of the
variablesthey areeadly and significantly influenced by outlierthey donot handle
well discrete independent variablegh more than two levels, anitiey areadversely
affected by multicollinearity among independent variables (Hadi et al., 1995; Karlaftis
and Tarko, 1998).

The application ohonparametricmodels for accident data modeling has received
much less attention. The primary reason is the complexiggtimating these models.
Other criticism that has impeded o&NN broad use concerns the owvétting
observed insmall samplegVogt and Bared, 1998). This constraint limits their
transferability and applicability for crash predictions, even thotlgdse models
possess better linear and nonlinear approximation abilities than statistical regression
methods We shouldnote, though, thadpproachesble toalleviate this problendo

exist The most important problem that analysts confront with ANN is that they
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essentially work as blaekoxes and do not generate interpretable parameters for each
explanatory variable. Inosne studies Delen et al., 2006Eish and Blodgett, 2003;

Xie et al., 2007), sensitivity analysigas performedo deduct relationships between
dependent andxplanatory variables (interdependent or not to each otBemkitivity
analysis is empirical andannot be considered equivalent to the GLM statistical
inference Moreover, 1 is usually time consuming to develop an ANN model, because
it is made by experimentatipthe computation time is also superior to regression
models and greatly depends on #iee of the training data set. The most significant
advantage ofANN methodsis that they perform without having to establish the
functional form linking the dependent and explanatory variables. Furthermore, they
can approximate any continuous functioniged on a compact set with arbitrary
accuracy, though this strong ability may lead to eiting. Another advantages that
theycan handle interrelation problems between independent variables.

Treebased methodologiedsopresentheoretical and praictal advantagesompared

to parametric modelas tey neitherrequirethe functional form of the model to be
specified in advancé hey can handle collinearity problemsghile the assumption of
additive relationship between risk factossnot required Ouliers are isolated into a
node and do not contribute to splitting, so they do not affect the coefficient estimates,
as in GLM modelsThey are adaptable in dealing with high dimensional and non
homogeneous data seksowever, as discussed by Harrel (2Q0they do not utilize
continuous and ordinal variables effectively. Also, they have the disadvantage of
overfitting in three directions: searching for predictors, the best splits, and multiple
searches. They do not provide a probability level or confilenizrval for the risk
factors and predictions. When they are employed to analyze a new data set, the lack of
formal statistical inference procedures is a critical issue (Chang and Chen, 2005). In
addition, the simple binary tree appears to have diffianlthandling the interactions
between risk factors. A further drawback is the difficulty in doing elasticity analysis

in order to acquire information on the marginal effects of the variables.
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2.3 Level of analysis

The levelof analysis is of great importance in road safety explorations regardless the
unit of the analysis that may itself be highly differentiatedr example, Jovanis and
Delleur (1981) and Mountain et al. (1998) have analyzed specific accident locations
such & links or intersections. Other researchers such as Saccomanno and Buyco
(1988), Chirachavala and Cleveland (1985), and Woods and Simms (2002) have
studied specific vehicle types (e.g. truck3he analysis level refers to data
aggregationthat affects bdt dependent and independent variablds.common
problem in road safety aly@es isto successfullycombinedisaggregate dependent
variablestsuch as accident countsvith aggregate regress@sch as weather data

2.3.1 Disaggregate

Disaggregateexplorations consider an individual observation as the unit of the
analysis. Tk individual observatiormay be a moving automobile, a single driver, an
accident count, and so on. Disaggregate methodolotagsbe applied icase studies
analyses, experime&nor simulationsMarkedly, dsaggregate level of analysis refers

not only to tke dependent variables, but to regressors as well.

2.3.1.1 Unit of the analysis
The unit of analysigould be an intersection or a roadway segmemnspecific road
usercategory €.g. pedestrians) or all road useagy vehicle involved inaccidens or

all vehicles on the roadwagnd so on.

Fixed-length sections versus homogeneous road sections

An important issue of concern is road network segmentation for the @nalyposes
two are the most common alternative$:fixed-length sections ob) homogeneous

sections (in terms of geometric or other characteristics).

In order to account directly for the effects of highway gewimeharacteristics on
accidems, homogeneous sections should Ipeeferred Homogeneous sections are
often considered to limit the observed heterogendtigou and Lum (1993) pointed
out severabroblemsin using homogeneous sectiptisis segmentation technique can

result to short road sectics (especially curved and gradedeg that mayhave
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undesirable impacts on the estimation of the linear regression. The homogeneity
requirementmay exacerbate potential heteroskedasticity problems and lead ¢e loss
in estimation efficiency. The resultinopcrease in the standards error of model
coefficients could lead the analyst to draw erroneous inferences with regard to the
effects of model covariates.

On the other hand, fixelgngth sections limit potential heteroskedastiaue to
unequal sampleizes, while being much easier to be defined. In addititwe,
migration of accidents is better accounted féevertheless, heterogeneity problems
among segments may arise and the impact of road geometry cannot be easily
observed In any case,he disadvarages of using fixedength sections, relative to

homogeneous sections, are far less severe (Shanéky 1995).

2.3.1.2 Dependent and independent variables
The dependent variable ¢hosen with regards to the syuspecific objectivesin the
greatest part of the literaturdependent variables cluster in two large categories: a)
crash countselated, andb) severityrelated. In both cases, research focuses on
modeling relationships between these dependent variables and independentsyariable
independenior explanatory variables are factors thought to be related to accident
occurrence and whose influenisdeinginvestigatedi.e. the nature and magnitude of
their effect).

The choiceof explanatory variabledepends upon many critersach astheoretical
assumptions made, overall study objecjvdata availability and so onAnother

issue of interest is the number of independent variables considered; small siumber
offer a gain in transferability of results, whereas large nushbiéer a considerable
statistic gain on the detriment of generalization. Any variable whose value is not
supposed to be held constant during the hypothetical experiment should not be
included among regressors. Independent variables should affebed by roadiser
decisions; therwise endogeneity biasccurs On the contrary, omitted variable bias
occurs whenever a regressor is correlated to some relevant explanatory variable not
included in the modelA third issue ofconcernis the corelationamongindepenént
variables.The problem ofnulticollinearity ariseswhen one independent variable can

be expressed as a linear function of othkershat case, # influence otachvariable
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cannot be easily estimated regressorsgend to vary together within the spta. A
common practice is to omit (if possible) some of them. Another way to address the
problem is by applying multiplicative decompositios] alternativeexpressioa of

variables (e.g. log) in order to eliminate the linearity property.

Crashcountsrelated models

Studies that explore the influence of several factors on accident counts are the most

common road safety analys@$ie dependent variable éitheranexpected frequency

(count/unit of time) oran expected rate (cousitinit of exposte). The expected

frequency isoften expressed in accident counts per year, month, week, or day with

respect to the aggregation level considered. @&mected ratean beexpressed in
accident counts perapita, pewehicle, per road segment, aggvenmore accurately
tper vehicle kibmeters traveledn that context, pevious research has dealt with
modeling relationships between accident occurrences and:

X geometric element$arber and Wu, 20QXKarlaftis and Golias, 2002; Knuiman et
al., 1993; Lundy, 185; Miaou et al] 1992; Okamoto and Koshi, 1989; Shankar et
al., 19%; Vogt and Bared, 1998Vong and Nicholson, 1992)

x prevailing traffic conditions@arson and Mannering, 2001; Chang &tn, 2005;
Frantzeskakis and lordanis, 19&arber and Wu, 200Hall and Pendleton, 1989;
Lave, 1985; Oh and Chang, 1999; Oh et al., 2000)

x weather Chang and Chen, 2005; Fridstrom and Ingebrigtsen, ;1989 et al.,
1981; Jovanis and Delleur, 19381

X roadway environment in terms of lighting conditions, warning sigrsement
characteristics, and so ol€drson and Mannering, 200Karlaftis and Tarko,
1998;Lee and Mannering, 2@)Martin, 2002, Taylor et al., 200Q and

X public policy in terms of traffic regulations, speed limit, enforcement, holirs
service forprofessional drivers, and so addll and Mukherjee, 2@) McCarthy,
1999;Naveh and Marcus, 20pRavon, 2003; Richter et aR004 Yannis et al.,
2007).

Severityrelated models

Numerous studies elore thefactors having an impact oraccident severityThe

dependent variable issually depicted on a ®r 4-point ordinal scale (e.g. no injury,
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severe injury, fatal). The unit of analysis varies across studies and depends on the
studyobjective; units includ@on-motorized road users (Ballestertsal., 2004; Kim

et al., 2008 Sze and Wong, 2007), crashes (Chang and Wang, 2006; Eluru et al.,
2008; Gray et al., 2008; Wang and Abday, 2008; Yamamoto and Shankar, 2004),

and so on.

The independent variables considered usually include

x driver (orrider) characteristics (Boufous et al., 2008pont et al., 2010elai et
al., 2008; Kim et al., 2008; Lapparent, 2008; Pai, 2009; Sze and Wong, 2007;
Wang and AbdeAty, 2008; Yamamoto and Shankar, 2004)

x vehicle characteristic{Ballesteros et al, 2004Dupont etal., 2010; Helai et al.,

2008 ; Kim et al., 2008 Pai, 2009)

x roadgeometry(Al-Ghamdi, 2002; Milton et al., 2008; Savolainen and Mannering,
2007; Shankar et al., 1996)

x crash characteristics related to the exact circumstances under whielcdident
occurred (Chang and Wang, 2006; Gray et al., 2008; Helai et al., 2008; Wang and
AbdelAty, 2008; Yamamoto and Shankar, 2084nnis et al., 200Qand

X other variables such as speed limit, day of the week, time of day, AADT, and
traffic conditiors (AbdetAty, 2003; Conroy et al., 2008; Gray et al., 2008; Helai et
al.,, 2008; Kim et al., 2008; Milton et al., 2008; Pai and Saleh, 2008; Pai, 2009;
Savolainen and Mannering, 2007; Sze and Wong, 2007; Yamamoto and Shankar,
2004; Zajac and Ivan, 2002).

2.3.2 Aggregate

Aggregate studies cluster individual observations in order to infer statistical properties
for the whole group. Clustering may refer to accident counts (under similar
conditions, on the same day, and so on), road segments (neighboringriog sha
similar characteristics), individuals (drivers or other road users involved in the same
accident and so on), prevailing conditions (traffic, weather, lighting, and so on).
Aggregation maequallyrefer to the period of reference considetfforts are made

to shorten the period of refereandn order to gain in accuracgaily, hourly, or

minuteintervals averaged measures are prefeokeatannual ones.
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In aggregate accident data, the random effects (noise, disturbance) which have a
decisie impact DW WKH PLFUR OHYHO DUH pHYHQHG RXWY E\ V
numbers. The causal process determines the expected numbecidents, as a

function of allfactors making up the causal set. The variatinato causal factors is

systemati and can be influenced by policy measufgatural data variatiormay

result in heavy underdispersion (Pasupathy et al., 2@@@thermore, eological

fallacy may arise whenever an observed statistical relationship between aggregated
variables is falselyattributed to the units over which they are aggregated (Davis,

2002). Generally, aggregation makes results less detailedertheless, aggregate

studies are commonly performed because of data limitations such as sample data

insufficiency.

Aggregate obgeational accident studies ait®msed on crossectional (spatial) or
time-series (temporal) variation, arcombination oboth (panel data).

2.3.2.1 Crosssectional models

Crosssectional modeldink (frequency or severityrelated) outcomes to entities
specific characteristics by making usetlod variationamongentities the variation is
observedat the samegpoint of time. The pH Q Wah Bé\dnyFind of geographically
defined unit, orany sort of identifiable Ipysical or institutional objecsuch as a
person, a family, a company, ahige, or a group of such micnanits exhibiting
certain common characteristicE€rosssectional analysiss based upoma very
restrictiveassumptioni.e. the entitiesare not different in any other way than what is
captued by the variablesf the modelHowever,not all variables tthat vary across
sites anchffectroad accidentstareidentifiable and measurabld unmeasured, such
variation may cause biased estimations. Ceessionaldata setshave beneficial
properties that help in parameter estimation such)asriation that exists in the
explanatory variables across observati¢oiten without strong covariatigrand b)
large populationTherefore, analysts performosssectionalstudies for description
and comparison purposes. We note, however, that -sexd®nal studies have

suffered severe criticism as to their use for prediction purposes.
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2.3.2.2 Timeseries models
A time-seriesis a chrontogical sequence of observations of the same phenomenon;
ead observation referring tthe same period of time (hour, day, month, year, and so
on). Time-series modeling is based on the assumption that the historical values of a
variable provide an indication of its value in the future (Box and Jenkins, 1R@8ajl
safety amalystsexplore timeseries data iran effort to detect patterns in accident
occurrences that coulderve for prediction purposes$n time-series modeling,
variation among observations may be too snfidlhe datashow collinearityamong
regressorsAdditionally, time-series modelsnay exhibit autocorrelationcorrelation
between successive disturbance tgrioe to omittedvariables. Furthermore, in some
cases, an observation may be dependent upon previous obser{atimnsgression
Severaltechniques havbeen developetb addresgautocorrelatiorandautoregression
problens. In macroscopicroad safety evaluations, tirgeries models areften
considered superior torosssectional modelsbecause the latter do not take into
account tk geographical and cultural differences between countries, states or

provinces (Page, 2001).

2.3.2.3 Panel data models

Panel datamodelsexploit combined crossectiormal andtime-series data sets.e.
repeatedchronological observations orma given crosssection ofentities. Special
techniqgueshave been developetbr panel data treatmentHsiao, 193). Panel
datdbasesare the richest source of informatioPanel dataanalysesshow several
advantages ovecrosssectioml or timeseries analyses(Hsiao, 1993). From a
statistical perspectiveby increasing the number of observations, panel data have
higher degrees of freedom and less collinearity (particularly in comparison with time
series data)he efficiency of parameter estimatiesmproved Moreover, panel data
allow the researdr to distinguish between time amseéctioral trendswithin data
(Karlaftis and Tarko, 1998However,panel data may suffer frometerogeneityand

heteroscedasticity resulting to decreased estimafiaiency.
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2.4 Scopeof analysis

The scope of road safety anaysmay beto describe a present situatign terms of
safety performance)f a road networlon a local, regional, nationak international
level. Alternatively, the analysis scope memphasize on precting future safety
levels with regards to vehicle fleet evolution, road safety meadimggementation
infrastructure upgrade, and so dn. light of the above, the scope of road safety

analyses is either descriptive or predictive.

2.4.1 Descriptive

Accuratedescriptiors andsafey evaluatiors (over a road segment, a network, and so
on) canprove useful in many way3.hey help in assessing any progress made and,
also, in establishing quantified targetsi iategral index could be of use in describing
actual conditions and in performing comparisons between networks, regions or
countries however no such index meeting general acceptance has been defined.
Microscopic sk analysis and description oime individual levelarealso important in
exploring accident occurrencef€onnections between macroscopic theories and

individual models remaifimited.

Rumar (1999)proposedh threedimensional cubéo descrile the road safety problem

Figure 2); the three dimensions beirdy exposure(magnitude of the activityhat

results in accidents))) accident risk and c) consequenceThe magnitude of the
problem is then the product of these factors. Exposure is measured in various ways
such agopulation size, vehicles, network size, drivers, vehicle kilometers traveled
and so onRisk is defined as the probability of accidextcurence per units of
exposure, while consequences refer to injuiegtors influencing exposumeclude
econonic situation GDP per capita, urban population density and other demographic
factors, modal split, travel route, trip length, traffic decompaogitand so on. Factors
influencingrisk are relatedo driver (speed, alcohol, age, gender), to groups of road
users (protection), to vehiclegeticletype), to roads (type of road, maintenance), to
environment (darkness, weathehd so on. Finally, faors effecting severity may be
related tohuman factors (speed, alcohol), vehicle (active and passive safety), crash

protective roadsides, guardrails, barrieergency care, health systeand so on.
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Figure 2 The Road SafetyProblem (Rumar, 1999)

Descriptive aalysesthat are beingexclusively based onabsolute numbes of
accdents, injuriesr fatalitiescan be realitydistorting Fatalitiesmay increase while

risk is decreasing just because the decrease in risk does not fully compensate the
effects of exogenous factors (Page, DO0On order to be able to compare and rank
road safety problems, it isecessary t@stimatethe magnitude and chatec of the
activities that generate the problems.e. the exposure.Exposurecan bedirectly
extracted from traffic measuremerdggregated in time and spaddternatively it

may be estimated by induced exposure techniques. In these techniheesehtive
weights of both exposure and risk level are interpreted and estimated from accident
data or by case control studies, where the risk is estimated directly by comparing
samples with equal exposu@uastinduced exposure technigeexclusively based
onaccidentdata thave also been developetdhe quasinduced exposure method was

first introduced by Haight (1971) and its applications have received considerable
attention ever since. The attractiveness of the godsced exposurenethod lies
uponthe simplistic nature ofhetheory andts independence fromata requirements
associated with traditional exposure measures. Nevertheless, this method has suffered
severe criticism anénalysts are advised to usevéry carefully (Jiang and Lyles,
2007).
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24.1.1 Individual risk evaluations
In a microscopiclevel of analysis,risk factor modelshave been developed to
analytically describe risk on the individual level. These bottgmmodels try to
describe processes of individual behavior or to demonstrate interaetioosg
different elements of the transpatibn system. The main objective te identify all
technical and human failures in the traffiechicle road interactionthat lead to
collisions, as well ago quantify their influenceApproaches toisk quantiicationcan
be found invarious disciplines such as psychology, sociologypeogics, medicine,
biomechanics, and physics. Overalk can distinguisietweertechnical modeland
humanfactor models the vehicle (e.g. size, brakes, stability), the road (e.g. geometry,
surface, intersections), and the traffic (e.g. volume, spesga) doéng considered as

situational stimuli to driver behavior.

Behavioralmodels

Behavioral models are humdactored modelshat focus on road user risk perception
and responsehey search to identify if the failure occurredpatceiving accepting

or at controlling the risk while associating accident involvement to specific
behaviors. Bhavioal models can be classified intonput-output (action) models;
task analysis models (taxonomidlnctional models (e.g. cognitive, motivational,
adaptive, mechanical).Action models are behavioral models based orariables
related to user disposition, user assimilationyser situationMost action models are
structured following 5DVPXVVHQYV KLH Uliat) Bifekdhtiates BrRoGgH O

knowledge, rule-, and skiltbased errots

In road safety literature, the mosequently discussed behavioral risk model is
:LOGH 1Y risk homeostasis modea modelrelating risk perception to risk
acceptanceAccording to this theory, risk taking behavior involvas attempt to
balance perceed risk and desired risk. In particulareople seem toadjust their
behavia in response to changes in perceived risk (Adams, 1985)-HRisieostatic
theory leads to the conclusion that the only measures having a permaeehbaff
accidents are those that alter attitudes to risk takie.should note though thatis

theory has been debated extensively in the literature.
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2.4.1.2 National and international evaluations

Numerous factors influencehe safety levelas measuredma country scalesome
being endogenous tmad safety performancevhile othersbeing exogenous Such
factors are concernedith road safety policy, distsution and crashworthiness of
vehicle fleet, road network characteristics, human behavioratitlides, and so on

%YUHQDF %UKQLQJ ; Vanlaa Lavid MNannis, 2006 The
evaluation of safety actions by international comparisons consists in evaluating the
performance of a countrye. the effectiveness of endogenous factoragheountry,
the exogenous factors being neutralized (Pages, 2001). The perforsdreability
of a road safety policy to be effective and the ability of a population to accept and
respect this policy.

National cash counts and absolute number oflfis¢és do not provide the necessary
information in order to perform comparative evaluationSven exposure
measurements (exogenous factor) are not considered to be sufficient for data
standardization (Andreassen, 1994)common practicen international omparisons

is to use timeseries of accident or fatality rates an effort to revealsafety
improvements while assuming constardll exogenous factord\Neverthelesstime-

series comparisons are dependgmin the initial level of mileage and on the onigi

and end periods of comparison (Andreassen, 1991).

Several researchefBester 2001, Oppe 1989 have worked on the issue of assessing
safety performance on a large scale; a comprehensive literature review can be found
in Al-Haji (2005). Most researafrs used national motorization level @@ main
independent variable in their analys8meed(1949) compaed data fromtwenty
countries andound an inverse relationship between traffic riskpressed afatality
per motor vehicle) andhotorizationleve (number of vehicles per inhabitant). Since
PDQ\ VWXGLHV KDYH EHforQul&(Da¢dhsari QlutindghG TV
1973; Mekky, 1985); an overview of thesestudies can be found in Elviland Vaa
(2004).However, sveral authors have criticize@l P H HgBrplistic assumptioabout
motorization being the only independent variable in the mé@eughton 1988
Koornstraand Oppe 1992). Thus, more elaborate models have been developed in
order toincludethe influence ofadditionalvariables Al-Haji (2005) identified aset

of eleven macrandicatorsthat affect road safety level gnithus,defined a composite
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(multidimensional) indexPage (2005) established a couserformanceindicator
by comparingthe mean performance of 21 OECD countries aver @ 15years
period.

2.4.1.3 Beforafter studies
Effectiveness evaluations (befeaéier studies) investigate and compare the safety
level of an entitybefore and after the implementation of a safety mea3ine entity
may be a road segment, a highvaaya whole network. Safety measuresy in scale
accordingly;from simple road lightingof a crossroatb enhanceenforcemenbf the
national network Beforeafter studiesprovide an estimate of the effectiveness
achieved under specific conditions araspess very limitedredictivepower.

2.4.2 Predictive

Predictive modelsare usedin caseswherea large number of factorare involved

and/or whenthesefactors cannot be controlled through experimental desidpe.
objective is to estimate an equation that relegpendent variables of interest to
accidents Thus, anyfuture change in independent variables has a measuedifielet

on accident occurrencdhus, pedictions can be made. Howevercaents are
random eventsand, consequently, all analyseshould be based on explicitly
probabilistic moded. Single eventmay occur at random intervala,t their longterm
frequency may remain constant. Therefore, single events are impossible to be

predicted, but theoverall frequency may be estimated.

2.5 Accidentphase

Any accident may be viewed aa continuum of interrelated consecutive eventsroad safety explorations
safety explorations focus on different phases of an accident mechanism of occurrentiee sequenceof such
The sequencedf such eventdegins with the occurrence of some type of danger conflict. This danger may
conflict. This danger may bedue to weather, traffic, or other causal factors Accidents are a subset dhese
are a subset othesedangeroussituations and thus, possess lower frequencies of occurrence. Hauer (1997)
occurrence. Hauer (1997proposed a four -level pyramid (

Figure3) to represent the continuulf events leading to accidents; each level volume

indicating frequency of occurrencé triggeringevent £such as drivemisestimating

potential dangerst provokes the transition fromdangerous situatiento accident
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occurrence and initiates accident mechanism of occurren&ecident generatings
the phase beginning from any dangerous situation amth@ with an accident

occurrence.

Figure 3 Accident generating (Hauer, 1997)

Giventhat an accidenbccuss, prevailing conditions at the proximity of the accident
site play an important role to its patterning. Prevailing conditions refer to a wide range
of characteristics such as weather, road geomgtific decompositionand so on.

Ona highspeed trafficstream, for example, a collision may be more severe compared
to low-speed environmentBrevailing conditions maglsoact as triggering evesifor

new accidentoccurrencesi.e. secondary accident&ccident patterning is the phase
during which the acceht is evolving with resmé to prevailing conditionsand lasts

approximatelyuntil accident notification.

Accident patterning is followed by aesponse phasetarting from accident
notification and lastinguntil the complete accidemiearance anthe wll restoration
of roadway capacity to its normal lev&his phase includedispatching of a response
unit (RU) to be assigned to service the incidéstarrival on the siteand all actions
needed to restore roadway capacity. These actions ma&yalbed tosite management,
traffic management, motorist informatioclearance and so on(Bunn and Savage,

2003).Response phase is critical in determining accidensequences

Accident consequences occur during altcident phase and include road
infragructure deterioration, delaysnd conge$on, property damagehuman losses,
and so onHowever,accident consequencas measured andxamined mainly féer
the accident clearanc&vhen accident duration can be accurately estimatedall

consequeres are revealedPolice reportsegisterthe main consequencesiffered by
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vehicles and road userMedical servicesexamine and recordata on the health
condition of implicated persons.

In accordance to the above, accidenechanismof eventscan be grgphically

representeds follows|EFigure4).

Figure 4 Accident mechanism of events

2.5.1Generating

In the accident generatingrocess, the interesies upondetermiring if andhowthe

risk system décts whether or not an accident will occdnalysts explore He
successive transition from normal traffic conditions to dangerous conditions and from
dangerous conditions to accident occurrences. In this context, emphasis is given on
conflicting traffic conditions, adverse weather, driver fatigaed all parameters that

may create potential hazards. Moreover, triggering events\stigatedn an effort

to understand accident mechanism of occurrence and to implement appropriate
measures for their mitigatiod large number of studieattempt to identifyaccident
causal factorsaand to quantify their impactin great part of the literaturesvery
accident is considered to result from a combination of: driver, vehicle and
roadway/operational environmentistakes or failuresHowever, the assumption of
time-increasing danger (up to the accident occurrence) holds in all of these studies;

while thetriggering event is considered to be random.

Instead of this causahan-based approach, some authors addressed the problem in a
more integrated way by adopting systemic approaches. Jovanis and Chang (1989)

formulated a model of accident occurrencengsprinciples from survival theory.
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7KH\ YLHZHG WKH DFFLGHQW DV D haxaxd& motkefn raéatd OXUHY DQ
safety research. The latter had been widely used in biomedical studies to detect the

effect of specific medical treatments on the Ilifets of observed patients. The

probability of failure at any time is determined by the total hazard contributed by the

level of each risk component at that moment. This model is called a latent system

model because the cause of failure is not specificalbmk and each component has

some latent effect on the risk system. Further, the cumulative hazard of some risk
components (e.g. fatigue of driver) can be considered by specifying the system hazard

as a function of time. The model can estimate the protyabilihaving an accident at

any time given survival until that time.

2.5.2 Patterning

Accident patterning is the process by which the risk system deterrthieetype of
accident outcome; is primarily determined by instantaneous risk factors (those at o
near the accident scen®uring the patterning process, the risk system ioteravith

the accident occurrence and impacts on its evolution. For example, -aetvide

crash may be fatal or not depending on traffic stream speed. The same crash may lead
to multiple collisions due to low visibility. Accident patterniagproximatelylasts

until the accident notification. However, in some cases, the patterning procedure may
continue until the complete clearance of the accideaibndary accident®iay occur

while e.g. waiting for the emergency units. Jovanis and Clia8§6) affirm that

accident patterning may be examined withnathout detailed exposure data.

25.2.1 Crash type
Crash type an be viewed as the outcome af circumstance of typgpecific
dangerous conditiondRoad safety studies that do not distinguish among different
collision typesare aggregate in natyraifferent crash types may occur under
substantially different circumstances and may be associatbdovatictor variables
in different ways. Crash taxonomy includes a wide variety of parameters such as crash
location (e.g. on/offoad), collision type (headon, sideswipg at angle, reaend
collision), number of vehicles involve@single, two-, multi-vehicle crashes)and

maneuvers of vehicles prior to the accident dahanging etc.).

Incident Occurrence and Response on Urban Freeways 70



Chapter 2 Road Safety Literature

All these parameters are expected to interact with traffic condiiodsto influence

crash outcomeKim et al. (2006) argued that crash typedels are useful for at least

three reasons: (a) the need to identify sites ey be ofhigh risk with respect to
specific crash typebut that may not be revealed through total crash modeling, (b)
countermeasures are likely to affect only a subsetlloérashes, and (c) different
crash types are usually associated with road geometry, the environment, and traffic
variables in different ways. Pande and AbAg} (2006) underlined the importance of
by-crashtype analysis, particularly when it comes taktme risk assessmer@olob

and Recker (2004) argued that there may be a direct correspondence between level of
service (a traffic performance measure) and crash typology (a traffic safety measure).

Several authors reported that different types ofa@hcrashes occur under markedly
different circumstances (e.g. roadway or light conditions), particularly with respect to
traffic volume. In most of these studies, the analysis is performed after segregating
accidents in two large categories: singlnd mnulti-vehicle crashes (Ceder and
Livneh, 1982; Garber and Subramanyan, 2001; Ivan et al., 2000; Pasupathy et al.,
2000; Persaud and Mucsi, 1995; Qin et al., 2004; Zhou and Sisiopiku, 19%&\)v

other studies the segregation is made by distinguishingweein rearends and
sideswipes (Golob et al., 2004; Lee et al.,G4)0

Summarizing the above, here is strong empirical evidence that accident
characteristics are crash typpecific (Golob et al., 2008; Khattak et al., 1998; Lee et

al., 2006a;Shankar eal., 1995). Howeverifferent types of collisions are generally

not distinguished in most research, except in severity analyses. A possible reason for
this is the difficulty in collecting the necessary data; in addition, most accidents on
freeways arehought to be reaends, but substantial number of crashes are not (Lee et
al, 2006a. The differentiation becomes clearer when it comes to considering traffic
parameters such as speed; ignoring the differential effect of traffic parameters on
crash occuence may introduce serious bias in the results (Mensah and Hauer, 1998).
Smeed (1955), for example, argued that the annual amount of exposure does not
influence xin practice xthe annual accident rate for total accidents. Nonetheless, he
pointed out thathe accident rate for singleshicle crashes tends to decrease when
exposure increases, whilde opposite is observemh the case of multivehicle

accidents.
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2.5.3 Response

Response to road incidents refers to all actions taken in order to best aultidesy
occurrence (as well as its consequences) and restore roadway capacity to its normal
level The response phasacludes incidentdetectionand verification, motorist
information, emergency unit§allocation and redeploymensite management, traffi
management, and clearance (Bunn and Savage, ZD@&)roper identification and
prioritization of factors that contribute to emergency manages@nices response

and clearance times result in better usage of taxpayer resources (Lee and Fazio, 2005).
Empirical evidence suggests that environmental factors such as weather or roadway
conditions has minimal effect on response times, while day of the week, urban or rural
area, off or opposintane crash location, number of vehicles involved, heavy vehicle
involvement, and response time significantly affect clearance time during peak

periods (Lee and Fazio, 2005).

Incident duration is the time elapsed between occurrence of an incident and the
clearance of the incidence and restoratbithe roadway capacity its normal level

(Zografos et al., 2002). The total incident duration can be segregated in four elements

Figureb):

x Detection/reporting time T1): from the incie&nt occurrence to the incident
detection and verification

x Dispatching/preparation timel'®): from the incident detection to the dispatching
of a response unit (RU) to be assigned to service the incident

x Travel time [3): from the assignment of a respons# to its arrival on the site

x Clearance timeT4): the time required to clear the incident and restore roadway

capacity.

Incident Occurrence and Response on Urban Freeways 72



Chapter 2 Road Safety Literature

Figure 5 The components of incident duration (Zografos et al., 2002)
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Incident management is defined as the systematic, planned, and coordinated use of
human, institutional, mechanical, and technical resources to reduce the duration and
impact of incidents, antb improve the safety of motorists, crash victims, and incident
responders (FHWA, 2000Pn highways,research and operators focus on minimizing
incident overall duration importantfactorsthat affectduration are (i) the operator

ability to promptlydetectan incident occurrencend (ii) the location of emergency
stations (police, ambulance). The beneft$ minimizing incident duration are
numerous and concern highway operaterg.(cost, road safety performancejash

victims (e.g.time to hospital), other road useesd.delays, secondary incidents), and

socidy (e.g.incident externalities).

Emergency station location (e.g. police, fire stations) analysis falls into location
analysis; term that refers to the modeling, formulatiand solution of a class of
problems that can best be described as sitéiniljties in some given space (ReVelle

and Eiselt, 2005). Obviously, emergency unit location is important to overall incident
duration. In particular, the time needed to reach an incident scene is of great concern
to emergency medical services (EMS) im@rto mitigate incident consequences on
people. In a redime context, EMS managers are faced with two main problems: an
allocation problem and a redeployment problem (Gendreau et al., 2001). The
allocation problem consists of determining which ambulanast be sent to answer a

call. The redeployment problem consists of relocating available ambulances to the
potential location sites when calls are received; ambulances are assigned to potential

sites to provide coverage. Covering constraints may be efbsslute or relative.
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Absolute constraints require that all demands are satisfied withnmnutes, while
relative constraints require that a proportion of demarsl also satisfied withim

minutes (2> r1).

2.5.4 Consequences

A large and multi-disaplinary body of literature focuses on the measurement and
mitigation of accident consequencesA lot of studiesemphasizedon accident
consequencenitigation rather than accident riskmitation. Consequencesan be
reduced in many waydy changes in thenvironmentor in vehicles,by the use of
protective deviceshy driver training rescue procedures, treatmemtrehabilitation
routines.

Consequencesare measured long or short after the accident clearance (e.g. 30 days for
fatalities) and maye desched in many different ways depending on the point of
view of interest.They primarily concernthe efficiency ofmedicalservicesprovided
after the accident occurreng¢the treatment of injured persgnsecondrily, they
concern explorations on accident severity contributing factors suchwaather
conditions or speeding. In that sense, consequgitese may begin from thaetual
time of theaccident occurrencd third category otonsequence analyses attempt to
estimatethe oveall accident monetary cadh accordance with the abawhree types

of indicators are used to describe consequengebealthrelated b) contributing

factorsinvestigationsandc) monetary indicators.

2.5.4.1 Medical services
Biomechanical models ave been developed through experiments and simulated
collisions. The human body can be simulated for most of the common collisions and
the injuries caused can be studied using compuldisre are various ways to
describe the injury leveA commonly useclassification scheme is the International
Classification of Diseases (ICDj describes the type of injury and its location tut
does not capture injury severitwhich is a very important variablelhus, the
Abbreviated Injury Scale (AIS¥ often preferred to ICD. BAIS measures severity
and variesfrom 1: minor injury to 6: maximum injury however, it cannot represent
multiple injuries.In such casesanother scale is usedithe Injury Severity Score

(ISS). The latterindicates the searity in terms of longerm disability and goes from
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0: no longterm impairment to 6: lifetime serious impairmeRinally, an injury cost
scale has beeslaboratedy Zeidler et al. (1993).

2.5.4.2 Severity contributing factors
The outcome of aaccidentis often measured as the level of injury sustained by the
most severely injured vehicle occupant (Chang and Mannering, 1999). This typically
includes severity levels of: no injury (property damage only), evident injury, disabling
injury, and fatality.

Many factors influenceaccident consequencesthey have been modeled and
guantifiedto a significant extentA review ofsuchmodels can be found in Hakim et
al. (1991). The main factorfound to affect severityare: type and age of traffic
element (useridcle) involved in the accident, accidenmaneuer type, speed,
vehicle mass, roaand roadsidelesign, use of protective equipment, alcohol and drug
consumption, traffic characteristicstervention policiesweatherday of the week,

speed limif and soon.

Various methodological approaches have been applied: Logistic regreksi@s @nd
Whitfield, 1988 Lui et al.,, 1988; Shankar and Mannering, 1998au, 2004),
multivariate timeseries approaches to predict severity (Lassarre, 1986), bivariate
modelsof injury outcomes (Saccomanno et al., 1996; Yamamoto and Shankar, 2004),
standard multinomial logit models (Carson and Mannering, 2001; Savolainen and
Mannering, 2007), nested logit for shared unobservables among severity categories
(Khorashadi et al.,@5; Lee and Mannering, 2002; MartinLJ, 2002 Shankar et al.

1995; Ulfarsson and Mannering, 2004) and mixed logit structures (Milton et al.,
2008).

2.5.4.3 Monetary indicators
Apart from the loss of lives, accidents have multiple collateral effentgerial
damage, environmental damage, pain to society, loss of productivity, impact on
freight transport, health costs, delays, congestion, and sAlsm. they may trigger
secondary crashes whose severity is often greater than that of the originahtincid
(VNTSC, 1995).All these effects correspond to a certain cost, which cumulatively

results to be extremely high. This cost is paid by insurance companies and health care
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systems ands, finally, covered by citizens. In most countries, accident economic
losses reach 1 or 2% of GNP&gge, 2001 In 1997, the ETSC estimated the total cost
of transport accidents in Europe at 166 billion euros (ETSC, 1997). 97% of these costs

were directly related to road transport.

The methodsfor evaluating the sociecoromic cost of road accidents vary
significantly acrosgountries cost elements taken into account include medical costs,
nonmedical rehabilitation, lost productive capacity, human costs, damage to
property, administrative costs, and other costs such ageston. Accident
preventionstrategiesand safety measur&§shoiceareoften based on costing accident
consequencesthe aim being to relate accident costreductionsto road safety

investments

2.6 Summary of findings

2.6.1 Literature organization

Road safety literature was organized by making use of four main criteria: a) the

method employed, b) the level of analysis assumed, c) the scope of the performed

analysis, and d) the accident phase considered. Adimgnsionmatrix (Table 1

illustrates road safety literature organization and summarizes analysis major findings.

Table 1 Road Safety Literature Organization

Controlled Field In-depth Data
Classification Criteria Experiment| Observational investigation| Observational
A D A D A D A D
_ Descriptive| - 9 9 9 - 9 9 9
Generating —
Predictive - - - - - - 9 -
_ Descriptive| - 9 9 9 - 9 9 9
Patterning —
Predictive - - - - - - 9 -
Descriptive| - 9 - 9 - 9 9 9
Response —
Predictive - - - - - - 9 -
Descriptive| - 9 9 - - 9 9 9
Consequence —
Predictive - - - - - - 9 -

*A: aggregate

disserationfield of interest

D: disaggregate
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Controlled experiments allow for individual disaggregate observations such as single
driver behavior or vehicle performance. They may refer to accident generating,
patterning, response, aronsequences. By simulating actual conditions, analysts
explore individual reactions to external stim@é.g. in driving simulators)these
reactions refer to accident generating and patterning processes. Additidealyare
alsoapplications in incidnt management; for example, traffic simulators can help in
estimating emergency units travel timégxcident outcomes can also be modeled in
controlled experimentsas Q pFUDV K W H Vabbxatpry eQpelirhénts dlibvofor O
in-depth investigationsotaccident causal factorlspwever they do not contain data

on actual accident involvements. Most importantly, controlled experiments do not

consider exposure to risk arahnsequentlylack predictive power.

Field observational studies mainly focusdisaggregate individual observations (e.g.
driver behavior as recorded on CCTV); howewdey sometimes treat aggregate
groups of individuals (e.g. loop measurensgniThey include analyses of accident
generating, patterning, and respopémses To the kest of our knowledge no field
observational researckexists on accident consequencddsaggregate response
studies include, for example, CCTV incident duration registratiddsad accidents

are rare eventand so, sample size inefficiency is a common problem. On the other
hand, budget constraints do not allow for long continuous surveillance and, thus,
inferences about exposure are mads. a result, field observational studies lack

predictive power.

In-depth invetigationsare rare in road safety analysiseytake place after accident
occurrences andt by definition +refer to individual observati@n They cannot
reproduce accident actual circumstances of occurrence, but they approximate accident
causal factorand patterning through examining its consequeneramples include
vehicle examinations by engineehs-depth investigationsnay also include accident
responseexplorationsas in IMS evaluation studiedn-depth investigations are
observatiorspecific anl do not account for any exposure measudr@ctual or
inferred As such, they remain only descriptive and cannot be used in accident

predictbns

Incident Occurrence and Response on Urban Freeways 77



Chapter 2 Road Safety Literature

In data observational studies, the unit of the analyséy be a singleaccident
occurrence, but independerdriablesssuch as weathetmay be aggregate nature

Most importantly, exposure measurements (either used as independent variables or in
the dependent variable expression) are generally aggregate. As a result, data
observational studies remain aggregao an extent; although efforts towards
disaggregation are constantly made. As to accident phasing, observational studies may
equaly refer to all accident phases; i.e. generating, patterning, response, and
consequences. In addition, statistical modelempbles for both descriptive and
predictive analysegiven thatexposure is taken into account. Accidents are random
and unpredictable; howevembust estimations about future exposuaee possible
Consequently, ifthe analyst approximateshe relationkip between accident
occurrence and exposulee maytheninfer accident propensitieBata observational
studies offer more possibilisecompared tall other study types and can basily
applied while data requirementse not extremely higiNeverthdess, their results do

not possess the level of detail, certainty and precision that other studptypee

2.6.2 Field of interest

In the present dissertation, wenducta data observational stugythin a descriptive

scope of analysisStochasticmodeling is used in aather disaggregate context of
analysis.Accident outcomea =*in terms of either crash type or severiyserve as
dependent varialdeCrash type refers to accident patterning, while severity is linked

to accident consequences. Independent variables include road user attributes, weather
and lighting conditions, vehicle type and age, traffic data, and so on. To this end, real
time traffic data are extracted from continuous loop measurements tininef the
accident occurrencdaggregate field observatignsResults provide probability
estimations for accident outcomes, given that these accidents occur under specific
circumstancesif combined with frequency models, they could additionally provide
prediction estimationg-inally, we examine potential implications of the developed
models inoptimizing incident management techniqudbe latter beingelated to

accident response phase.
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Identifying crash type propensity using real-time traffic

data on freeways

In this Chapter, wexaminethe effect of various taffic parametersontype of road
crash. MultivariateProbit modes are specifiedon 4-yearsof data from the A4A86
highway section ithe Ile-de-France region, France Empirical findings indicate that
crash type can almost exclusively be defined by the prevailing traffic conditions
shortly before its occurrence.

*This chapter has beertcepted for publicatioto the Journal of Safety Research.



Chapter 3 Identifying crash type propensity using réiahe traffic data on freeways

3.1 Introduction

Crash data analysis is the most frequently used toolassessg the safety
performance of a transportation facilitiliddetAty and Pande, 20Q7Accidents may
be viewedas the result of the interaction eohultiple variables including road
geometry(e.g. curvature), drivecharacteristics andehavior (e.g. gender, age)
traffic conditions(e.g. speed limit, volumggnvironmental factorg.g. weather), and
so on. The conventional approacto crash data analysisas been to establish
relationships betweetihese variables anctash frequencyCeder, 1982Garber and
Ehrhart 2000; Yan et al., 200%r severity (Abdelwahab anélbdelAty, 2002; Al-
Ghamdj 2002;Srinivasan,2002).Crash frequency data have been analyzed using a
number of modeling techniques that have ran@esn conventional regression
(Garber andehrhart 2000; Mountain et al., 1996 artificial neuralnetwork models
(AbdelAty and Pande, 2005; Abdelwahab axladelAty, 2002) For a more isdepth
discussion on methodological advandescrash data analysesee AbdelAty and
Pande (2007); for shortcomings and a discussion see Lord and Man2&d6yand
Songchitruksa and TarK@006.

Regardless of the modeling technique used, a serious factor of inacctiraoyost

past studiesthas been data aggregatidoid and Mannering, 20)@&nd sample size
sufficiency Pande and Abdehty, 2006. Nowadays, most freeways are equipped
with continuous surveillance systemmaking disaggregate traffic data readily
available these hve been used in some studi@ébdelAty et al., 2007; Kockelman

and Ma, 2007; Lee et al., 2002, 200&danatandLiu, 1995).While detailed vehicle
movement dta in a section would be the best data source, traffic data from several
consecutive detectors in a section can be a good surrogate to idgntibffic

dynamics that may lead to accider@h(et al., 2001

Aggregation also refers to crash type adedént crash types may occur under
substantially different circumstances and may be associated with predictor variables
in different ways. Crash taxonomy includes a wide variety of parameters such as crash
location (e.g. on/offoad), type of collision (fintal etc.), number of vehicles
involved, and maneuvers of vehicles prior to the accident-gaaaging etc.). All

these parameters are expected to interact with traffic conditions and to influence crash
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outcome;however,crash prediction modelksvestigating different crash typdmve

not been developed possibly due to the difficulty in collecting the necessary data. Kim
et al. 00§ argued that crash type models are useful for at least three reasons: (a) the
need to identify sites that are higisk with respect to specific crash types but that
may not be revealed through total crash modeling, (b) countermeasures are likely to
affect only a subset of all crashes, and (c) different crash types are usually associated
with road geometry, the envinment, and traffic variables in different ways. Pande
and AbdelAty (2006 underlined the importance of d{myashtype analysis,
particularly when it comeso reattime risk assessment. They suggested that the
conditions preceding crashes are expected fterddy type of crash and, therefore,

any approach towards proactive traffic management should bepgodic in nature.

In this chapterwe focus on examining theffects of various taffic parameters
collected reatime both at +and prior to £the ime of the accidenbn type of crash
Multivariate Probitmodes are specifiedn 4-yearsof data from the A4A86 highway
section inthe lle-de-Frane region, FranceWe use a disaggregate approach in which
the units of analysis are the crashes themsdhatker than aggregations of crashes
over time), and traffic data are measurements of volume, speed, and density over 6
minute intervals. Such an analysis offers a wide variety of potential benefits; from a
methodological standpoint, disaggregation minasizpossible bias (Davis, 2002),
while additional light can beshed on the causatlationship betweeaccidens and

several contributing factors such as geometry, traffic conditions, and so on

3.2Background

Traditionally, crash prediction modelgre macroscopic in naturevhereresearchers
mainly ued summary statistics rather than microscopic meastoedevelop the
models The Average Annual Daily Traffic (AADT)has been the mosbmmonly
usedmeasuren the literatureto reflect traffic conditiongKim et al., 2006; Mouskos
et al., 1999; Qin et al., 20R4AADT is an aggregate measureexposure; however,
the use of AADT to approximateshiclekilometess traveled at a site might reduce the
natural variance that exists in exposure data aagrasut in heavy underdispersion
(Pasupathy et al., 20pGMany researchers reported adbaped relationship between

traffic volumeand accidentate (Gwynn, 1967; Leutzbach, 1966), with muthicles
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accidents increasing with flow and singlehicle accidentsdecreasing with
increasing flow(Ceder and Livneh, 198Zhou andSisiopiku, 1997)

Later, many authors used aggregated data over a monteek or a day for
developing the same models; otheied deduced hourly traffic characteristics by
combining AADT and a 1day hourly traffic profilefor the site aalyzed (lvan et al.,
2000. Noticeably, anumber ofstudies usediggregateccongestion measures (v/c
ratio in Frantzekakis and lordanis (1987).evel ofService in Pasupathy et al. (2000),
Persaud and Ngen (1998),Zhou andSisiopiku (1997)) instead of the AADT, with
most authorsreporting increased crash probabilitynder congested traffic. Hourly
traffic measures, when first utilized, were considered to be disaggregate in nature
compared to annual measments; however, even houniyeasures cannot consider
the shoriterm variation of traffic flonandarerathernot well suitedfor application to
reattime operations

Regardles®f the aggregation levelhére is strong empirical evidence that accident
characteristics are crash typpecific(Golob et al., 2008; Khattak et al., 1998; Lee et
al., 2006a McCartt et al., 2004; Shankar et al., 1995). Howevarjoustypes of
collisions are generally not distinguished most researchexcept insomeseveriy
analysesA possible reason for this ke difficulty in collecting the necessary data; in
addition, mostaccidents on freewa are thought to be reands, but substantial
number of crasheare not (Lee et al., 2006a The differentiation becomes clear
when it comes toconsidering traffic parameterssuch as speed; ignoring the
differential effect of traffic parameters on crash occurrence may introduce serious bias
in the resultslensah and Hauer, 199&meed(1955), for exampleargued that the
annwal amount of exposure does not influenti@ practice the annual accident rate

for total accidents. Nonethess, he pointed out that the accident rate for sigftecle
crashes tends to decrease when exposure incredsiésin the case of multivehiel
accidentghe opposite is observe@olob and Recker2004) arguedthat there may be

a direct correspondence between level of service (a traffic performance measure) and

crash typology (a traffic safety measure).

Several authorseported that differerttypes of highway crashes occur under markedly

different circumstances (e.g. roadway or light conditippajticulaty with respect to
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traffic volume. In most othese studiesthe analysis is performed after segregating
accidents in twolarge categories:single and multivehicle crashegCeder and
Livheh, 1982; Garbeand Subramanyar?001; Ivan et al., 2000; Pasupathy et al.,
2000; Persaud and Mucsi, 1995; Qin et al., 2@u and Sisiopiku, 1997)n some
studies, crash occurrence contributing factors have been exploredcavhdilering

the type of primary collision and distinguishing between-srats and sideswipes
(Golob et al., 2004; Lee et akD063g. Most studies use aggregate traffic measur
(Ceder and Livneh, 1982; Pasupathy et al., 2000; Zhou and Sisiopiku, 1997), while
few of the studies perform a {xyashtype analysis utilizing traffic data collected real
WLPH VKRUWO\ EHIRUH W KAbddbAY etGaH QOO \GoRkl- BilU UH Q F H
Recker, 2001; Golob et al., 2004, 2008).

Golob and Recker 2001) performed nonlinear canonical correlation analysis
(NLCCA) with three sets of variables concerning accidents that occurred on South
California highways during 1998. Results indicated tha type of collision is
strongly related to median traffic speed and to temporal variations in spebd left

and interior laned-urther,using the same datasets, Golob et2008) and Golob and
Recker 2001 developed a classification scheme by whigific flow conditions on

an urban freeway can be classified into mutually exclusive clusters that differ as much
as possible in terms of likelihood of type of crash. In Golob et28l04 vehicle
exposure to each regime was estimated by drawing a masdmple of traffic flow
measurements for the period of the analyBlssults suggested th&nechange
crashes tend to occur under conditions in which there is the highest variability in
speeds, while reaend crashes tend to cluster where there is botrer speed
variation and lower speedi Golob and Reckef2001), 21 traffic regimes for three
different ambient conditions were definadd ech of these regimes wakownto

have a unique profile in terms of the type of crashes that are most likelctm.
Daylight conditions w&reshown to beaelated tocollision type rather than the number

of vehicles invaled, while the scaling for nigtime conditionswas based on the
number of vehicles involvedsolob et al. 2008 capturel the reationships betwen
traffic flow and type of accidents that occur under different types of traffic flow
conditions results indicatéhataccidentsnvolving a single vehicle are predominantly
associated with lataight hit-object and ruroff-the-road accidentsAlso, two-vehicle

accidents are more likely when volumes are similar in all lanes;-&o@e accidents
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(4 or more vehicles) are more likely to occur when volumes are similar in all lanes

and there are high levels of variation in these volumes.

AbdelAty and Pandg2005 used reatime traffic and accident data from thet|
corridor in Orlandoto identify and classifycrash propensityactors variatiors in
speed at least 1@ 15 minutes prior t@naccident] ¥ccurrence was found to blee

best classifieland esults showed that at least 70% of the crashes on the evaluation
dataset could be identifiedn Pande and Abdety (2006, the need to further
distinguish crash propensity by crash typ&s recognize@ndthe authors developed
classification models usinbistorical crash data and information on riade traffic
parameters obtained from the same gitigh average speed downstream along with
low average speed upstream, low average differences between adjacent lane
occupancies upstream at high speeds (o@ downstream), and higktandard
deviationof volume and speed downstream were found to increase the likelihood of

lane-change related collisions.

AbdelAty et al. 007 developed real time crash risk assessment models feemear

and lanechangecrashes in an effort to reliably assess the crash risk on-ameal

bass using historical crash and loop detector data obtained from-thedrridor in

Orlando from 1994 through 200Bearend crashewsereseparated into two groups
congested and higsgpeed+based ormprevailing speeds at surrounding statiorteB)

minutes before the crasbinder congestion, reaand crashewere found to bemore
probable,particularly if speedvariationand average occupaneye elevated. Under

free flow, rearend cashes seem to have a greater likelihood of occurrence when the
average difference between occupancy of adjacent lanes and the average upstream

speeds are high.

Lee et al. (2002, 2002006b, 2006c) xensively worked on establishing reahe
risk indicdors. InLee et al (2006a) 4-yearsof accident data frorthe 880 freeway
in Hayward (California) were usedto identify realtime indicators of sideswipes
versus reaends. Using logistic regression modelshey showed that other traffic
related factors such as variation in flow and peaigetik periods are important

factorsthat arecorrelated with sideswipe crashes.
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Simultaneous analysis of accident frequency by crash type and vehicle involvement
using reaittime traffic data has remainedsparse (Golob and Recker, 20p1
particularly in Europe The papers previously discusseave providedvery useful
insights toward understanding aidentoccurrencg by using prevailing traffic flow

data just prior to the timef the accident, wattempt to overcoméhe problems of
argumentand function averagingMensah and Hauer, 1998 he first is a resultof
usingaggregate flow data rather than data measuring traffic conditt the time of

the accident, whiléhe secod is caused by using the same functional relationship for
all types of collisions under all conditions.

3.3 Data andMethodology
3.3.1 The Data

To explore the factors that determiaecident occurrence by crash typee A4A86

highway sectiorfrom a dese urban area a few miles to the east of Reas selected

Figure 6). The A4A86 junction has a length of 2.3 kilometres and includes four

lanes per direction (to and from Paris). In particular, we used measurements from 3
stations per direction situated atoknetres 5.50, 6.00, 7.05 (direction to Paris) and
5.50, 6.14, 7.03 (direction from Paris). The-A86 junction is a particular site as it is

the point where the Hde-France Ring Road3 p U L S K-p&6)_dokdides with the
$XW R UR XSV AdGadd @&ing is prevalentfive lanes are reduced to four on
each direction.All stations are situated on the common part of the two highways; i.e.

after the merging and before their separation.

$FFLGHQW GDWD ZHUH H[WUDFWHG |UR®Acdedtss & % X O (
Corporels) along with the Verbal Proceedings from an INRETS sfAdyn and

Seidowsky, 2004 The BAAC files provide a wealth of useful information such as

crashtype fa all accidents, locatioand time lighting conditions and infrastructure

characteristics such as road curvature and alignnieetailed weather data are

available on a 3@ninute basis. We extracted such data direfityn the closest
meteorological statioandfor the 30-minute interval into which the reportéithe of

the acailentoccurred In total, 381 accidents were recorded during the period-2000

2002 and 2006We statistically checked and found no significant difference between

the 20062002 and 2006 registrations.
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Figure 6 The A4-A86 junction

Traffic data (flow, speed, occupancy) were provided as part of the same INRETS
study @Aron and Seidowsky, 2004and cover the period 20002 and 2006; data

are recorded on-finute intervalsSuch intervals may be too large to capture short
term variaibns; however, data averaged on shorter intervals are not available.
Besides, several authors (Abdsly and Pande, 2005; Oh et al., 2000; Pande and
AbdelAty, 2006) have used-Binute intervals to perform similar analysésr each
6-minute period, the &ffic database provides a series of speed, volume and
occupancy measurements for each Idime ecorded traffic volume and speedised

in the thesistwere for the sixminute period ending minutes before the accident
(from the closest downstream detagt This time lag wassedto avoid the impact of

the crash itself on the traffic variables and as a buffer to compensate for any
inaccuraciedin the exact time of the accident. For example, if an accident occurred
at 9:00h, the traffic data considenagre obtained from the 848:54 period Similar
techniques have been applied in other-tizaé data analyses (AbdAly et al., 2007;

Lee et al. 2006a)
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Loop detectorsftensuffer from problems that may result in unreasonable vdtres
speed, volumeand occupancy. We reviewed all data sequences based on time series
deviations, deviations across lanasgd logical rules derived from reasonabtdume,
occupancy and speed relationshifgberrant values (e.g. speed>200 km/h or spéed
along with flow=0) were discarded from the databagecidents with traffic data
unavailability were also discardedaé&h observation in the dataset is a record of the
crash typeof eachaccident the corresponding traffic conditions, and various external

factors.

Table2|presents the descriptive statistics of all crash types considered. Frontal crashes

M7\SH ¢ UDUHO\ RFFXU RQ IUHHZD\V $ QXBEHU RI D
EHORQJLQJ WR QRQH RI WKH GHVFUénHHa&coam \WHIRULHYV
almost 36% of total accidents which contradicts the common belief that almost all
freeway accidents are reands. Finally, accident distribution appears to be rather
balancé; this indication suggests the need for detailed analysis by crash type.

Table 2 Dependent variables in crasktype analysis

Crashtype  Type  Summary Statistics Description
Type 2 binary F(1)=21.3% =:10 ig{r?:rwigi with 2 vehicles;
Type 3 binary F(1)=16.6% :=10 igfrigfvs\lgier)with 2 vehicles
Type 4 binary F(1)=14.5% zé gt:wi?\jv?gg with more than 2 vehicles;
Type 5 binary F(1)=14.1% =1 if multiple collisions=0 otherwise
Type 6 binary F(1)=11.8% =1 if singlevehicle crashz0 otherwise

'F: frequency

Table 3|presents a definition for each independent variable considered together with

its type, some summary statistics, and a short description. Most independent variables

are defined as extractedRrfP WKH GDWD EDVHV XVHG ZLWK WKH H
u6'4 ¢ pu6'9 § PUSRLQWHYT LV D ELQDU\ YDULDEOH LQWUR(
occurred under congested or fiftew traffic regime. Peak and offeak hours per

direction were based on previmanalyses and are sdSHFLILF upu6'4 § HTXDOV
VWDQGDUG GHYLDWLRQ RI WUDIILF YROXPH DFURVYV ODQ'lt

the standard deviation of speed across lanes over 6 minutes. These variables were
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intended to capturdriver lane chage behaviorasthere is empirical evidence that
such variables are assoedtwith sideswipe crashes (Oh et al.,, 2001; Pande and
AbdelAty, 2006).

Table 3 Explanatory variables in crashtype analysis

Variable Type SummaryStatistics  Description

General accident information
Road direction

(sens) binary F(1)=47.1% =1from Paris; =2 to Paris
Type of day

(tjour) binary F(1)=83.0% =1 if weekday, Saturday; =2 if Sunday, holiday
Peak/offpeak period

(pointe) dummy F(0)=53.2% =0 if peak hours; =1otherwise

If (sens=1 and tjour=weekday) peak hours=710M0
If (sens=1 and tjour=Saturday) peak hours=8.0M0
If(sens=1 and tjour=2) peak hours=172000
If(sens=2 and tjour=weekday) peak hours=80000
If (sens=2 and tjour=Saturday) peak hours=1-1800
If (sens=2 and tjour=2) peak hours=0

Weather conditions

(meteo) dummy F(0)=83.0% =0 if weather is fine or cloudy; =1 otherwise
Lighting conditions
(jour) dummy F(0)=65.5 % =0 if daylight, dawn or dusk;1 otherwise

Road geometry
Road curvature

(tplan) dummy F(0)=39.1% =0 if straight line; =1 otherwise
Gradient
(profil) dummy F(0)=75.9% =0 if flat; =1 otherwise

Traffic characteristics
Traffic volume

(Q2) continuous M=112.4, SD=55.3 Averagetraffic volume per lane and over 6 minutes
vehicles)
(SDQ2) continuous M=22.35, SD=13.5 Standard deviation of traffic volume across lanes ove
minutes
Speed
(V2) continuous M=73.3,SD=31.7  Average speed for all lanes and over 6 minutes (in km/
(SDV2) continuous M=12.2,SD=7.9 Standard deviation of speed across lanes over 6 minut
Density
(D2) continuous M=2.4, SD=2.3 Average traffic density per lane over 6 minutes
veh/km)

LF: frequency
M: average value
SD: Standard Deviation

3.3.2 Methodology

Probit models havdeen widely used to analyztependentvariables of discrete

nature (0,1).The relationship among the dependent and the independent variables
does not lead to the estimation of a value for the dependent variable, but to the
estimation of a probability that one of the two alternativédsogcur (Washington et

al., 2003. Here, we use Probit model® testimatethe factors that affect the
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occurrence ba given crash type versus all other crash types considered. In this sense,
increased probability of a crash type occurrence under increased values of a specific
independent variable would indicate that the latter contributes to the mechanism of

occurrene of the specific crash type.

The general specification forumivariateProbit model(for an evenn resulting in an
outcome) can be expressed a&@shington et al., 2003

(Equation 3.1)

Where:

defines an unobserved variable representing the latent utility (or propdosity)
alternative,

is a vector of observed characteristics determittiegoutcome of the event

represents a vector of unknown coefficients to be estinfatetthe alternative,
and

represents a vector of error terms

If further assumed that follows the normal distribution antthati=1,2, we obtain

the specification of the binomial Probit mo@@lashington et al., 2003

(Equation 3.2)

Equation3.2 estimates the probability of occurrence of alternatider eventn. The

terms are normally distributed with zero mean and variankes L..

Any road accident can be regarded as an event whose outcome is the type of crash
that finally occurred (reaend, sideswipe etc.). The bwmial Probit model of
Equation 3 can be usedf estimating factors contributing or preventing a specific
crash type versus all other typesadér this assumption, Equatior23provides the

probability of occurrence of a crash type (alternative 1) for each ofabeidents.
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The multivariate pwbit model is one form of a multivariate discrete choice model that
simultaneously estimates the influence of independanables on (more than one)
dependent variables and allows for the error terms to be freely correlated. The
multivariate Probit modelis based on the multivariate normal distribution and is
recommended in caseghere the dependent variables may be reasonably assumed as
being correlated(Greene, 2008 Road accidentsare very complex events; the
contributing factors of each crash typeyras well have atpositive or negativet
influence to the occurrence of other crash types. Independence among different crash
types may not be a valid assumptidime multivariateProbit model was used ithe
analysisto jointly identify traffic patternghat contribute to accident occurrence of all
crash types while controlling for geometry and environmental conditions.

Multivariate probit models have been used in transportation research in a number of
cases mainly focusing on travel demand and modeceh@hoo and Mokhtarian,
2008; Goulias et al., 1998yhe general specification for a multivariate probit model

of n dependent variables (alternatives) can be express&tesnge, 2003

(Equation 3.3)

Where:

defines an unobserved variable representing the latent utility (or propensity) for
alternativei=1,2,

is a vector of observed characteristics determining alterriative

represents a vector of unknown coefficieiatde estimated, and

represents a vector of error terms that are normally distributed with zero mean and

constant variance.

The variancecovariance matrix of the error terms is given as follows:

(Equation 3.4)

where ! is a measure of the correlation among the latent utilities.
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The main barrier for extending the univariate probit model to a multivariate setting

lies in the evaluation of high@rder multivariate normal integra®iswanathanet

al., 2000. It has been suggested that it is possible to approximate multivariate normal

probabilities by random samplind-drman and Manski, 1981 Further, in cases

where errors of estimates vary randomly, an estimate of thék&dnood and its

derivatives can be obtained; these estimates are close to the one that results from the

actual computation of the integraM¢Fadden, 1989 In light of the above,

multivariate probit models are estimated using simulation methadsst frequentl

Monte Carlo integrationtratherthan conventional numerical approaches.

3.4 Empirical results

Separate binomial Probit models were applied for each dependent variable

considered; the statistical software Limpdep (v.8) was used for all applications.

Parameters of Equation 3.1were estimated using maximum likelihood. Univariate

estimation results are presentedTiable 4

A multivariate Probit modewas also

applied to jointly estimatethe probabilities of occurrence of each crash type,

considering thatthe contributing factorsra interrelated. The multivariatBrobit

estimation results are presentedTiable 6

while

Table 7

shows thecorrelation

coefficients amonghe five equations (ash type) that are significant athe 95%

level. All omitted variables were discarded on the grounds of low statistical

significance. In annex 2 of the dissertation, model outputs are attached.

Table 4 Model estimation for univariate Probit models

Dependent Variables

Type2 Type3 Type4d Type5 Type6
Indgpendent Coef t-stat  Coef t-stat Coef t-stat Coef t-stat Coef t-stat
Variables
constant 1.069 146 -1482 -570 -1.789 -5.00 -1.275 -4.67 -0.784 -4.03
V2 -0.171  -2.21 0.006 1.68
D2 -0.222  -2.47 0.07v6 1.79
Q2 0.004 1.92
Jour -0.321  -1.51 -0.410 -1.75
Tjour 0.443 1.76
profil 0.034 1.54 -0.473 -1.75 -0.616 -2.01
tplan -0.509 -2.13
observations 235 235 235 235 235
p-value for
overall
model 0.040 0.068 0.007 0.039 0.039
significance
(x°test)
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Table4|provides model estimation results for regd crashes involving two vehicles

HWAISH 1 VLIQLILFDQW IDFWRUV ZHUH WKH DYHUDJH Y|
ptov DQG OLJKRQYYQJ uAVRRGIIW -veicle pebrdiid_drasked seem
to be more probable (compared to all other crash types) during daytime compared to
nighttime; this finding is similar to the work of Golob and Recker (2001) who
reported that reaend collisionsare more likely to occur on dry roads during daylight.
Persaud and Mis (1995) and Ivan et al. (2000) concluded that all types of multi
vehicle crashes occur mainly during the daytime when light conditions are good. This
finding was supported by suggesfithat during daytime, congestion is formed and
sudden traffic decelerations are frequent. However, in our analysis, the variable
UHIOHFWLQJ FR Qid|HabMBL Rad nopiduhd @ Ve lsthtisticakbygnificant
revealing that this assumptioamains an open questioA possible explanation for
WKH ODWWHU PD\ EH WKH SUHVHQFH RI WKH YDULDEOH

relevant variancelThe use ofights during nighttime makes decelerationibis from

a longer distance angaction time may increase for oitoming drivers Therefore,

as drivers perceive potential dangers earlier, they have more time to reduce their
speed or perform other lastinute maneuvers to avoid the crasihe latter could
explain the increased probabilities of resd crashes under daylight conditions in

our data.

Regading traffic flow parameters, re@nd crashes were found to be more probable
for lower values of density and average speed. This result may seem contradictory to
previous finding tand appear surprisingas several studies including Abdaty et

al. (20r), Golob and Recker2004, Golob et al. (2008) indicated congestion as
being among the most robust precursors ofegal crash occurrence. However, when
considering that the specific site has heavy traffic during daytime, it can be reasonably
assumed tht these traffic conditions (low density and speed) most probably reflect
the critical transition from frelow to congestion (at least in the context of this
thesi3. In this context, reaend crashes seem to cluster at a traffic flow regime when
averagespeed starts to decrease, but traffic density is still not high; under this regime,

gueues are not yet formed, but sudden decelerations may occur at any time.

Table 4| includes model estimation results for sideswipe crashes involving two

YHKLFOHV pW\SH § WKDW ZHUH IRXQG WR EH SRVLWLYH!
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YROXPH p4 1 DQG URDG JUDGLHQW uSURILOY TKLV \
occurrenced VXFK D VLGHVZLSH FUDVK YHUVXV DOO RWKHU
IODWY URDG VHIPHQWY DQG IRU KLJK YROXPHYV RI WUDIIL
in speeds between adjacent lanes becomes more probable, lane change maneuvers
become more &quent, and sideswipe accidents may occur. In addition, road gradient

makes lane change maneuvers even more difficult due to visibility restrictions and
GLIILFXOWLHYV LQ PDLQWDLQLQJ WKH YHKLFOHYYV FRQWUF
among drivers &y be higher compared to flat road segments (due to different vehicle
mechanical properties), the latter indicating a higher propensity forclzamege

maneuvers.

Table4|also provides model estimation results for the occurrence eerehcrashes

LQYROYLQJ PRUH WKDQ WZR YHKLFOHV pW\SH f WKDW Z
with average traffic dens\ p' § DQG W\SH RI GD\ pW-8hBsXU Y ,Q S
involving more than two vehicles are more probable to occur (compared to all other

crash types) on Sundays and on holidays and for high levels of traffic density. This

finding is similar to othefindings that reaends happen under congestion as various

authors have reported (Abdaty et al., 2007; Lee et al., 2002; McCartt et al., 2004).

Under congestion, queues are formed anecaming drivers have to adjust their

speeds (or even immobilizbdir vehicle) on short time and distance; several reasons

such as driving at inappropriate speeds do not always allow for the appropriate actions

to be taken in order to avoid an accident from occurring. Further, while in queues,

other drivers do not havéhe possibility to react and, thus, mughicle chain

accidents are inevitable. This finding is further highlighted by the fact that, in contrast

to the above, reagnds involving two vehicles are not probable under congestion but

rather before its forman.

Table4|further provides model estimation results for the occurrence of-mahicle

collisions otherthanreaHQGYV PW\SH 1 VLJQLIL gx@ftid sppdeWR UV ZH L
M9 9 OLIJIKWLQJ FRQGLWLRQV upMRXUST DQG URDG JUD

seem more probable to occur at high speeds, during daylight conditions, and on flat

road segments. It can be assumed that this crash category mainlyes multi

vehicle crashes related to lakeKDQJH PDQHXYHUV UHVXOWYV LQGLFDW

driving conditions (in terms of lighting and road gradient), when drivers chose their
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speed freely (high speeds at fift®v regime), multivehicle collisiois have a higher

propensity of occurring. One possible explanation could be that, under such
conditions, driver attention decreases and possible fatigue may result in longer

reaction times. Besides, the risk homeostasis hypothesis suggests that under
HGOHMIR XV FRQGLWLRQV GULYHUYVY DGDSW WKHLU EHKDYL
increased risk (Wilde, 1982); as a result, drivers do not react promptly in order to

avoid their implication in an accident occurring at their vicinity, particularly at high

speeds. Besides, at lower speeds, mugtiicle reatend crashes are more probable to

occur (as already mentioned). We do note however that this suggestion needs to be

further investigated.

Table 4|also includes model estimation results for the occurrence of smbiele

FROOLVLRQV upuW\SH § WKDW ZHUH IRXQG WR EH H[FOXV
HMSURILOY pWSODQTY -vehizleEathed Lseetd eUmor¥ Ip@Lbiablel

(compared to all other crash types) on straight and flat road segments. In the literature,

single-vehicle accidents are reported under lighaffic conditions (Golob et al., 2008)

and after sunset (lvan et al., 2000; Persaud anciMLB95), while no association to

road geometry has been reported. However, this was not found here, avaingke

accidents seem to cluster on straight and flat road segments. Several possible

explanations can justify the above; first, as in the caseudtf-vehicle collisions, this

finding can be attributed to lower driver attention under such geometric conditions.

Second, the risk homeostasis hypothesis suggests that under conditions perceived as

HGDQJHURXVY VXFK DV DVFHQ GadQ@egmentd)WFwe® &a@J RU FX

their behavior and compensate their exposure to increased risk (Wilde, 1982). As a

UHVXOW GULYHUV PD\ ORVH WKH YHKLFOHTVY FRQWURO G

all other drivers, because of favorable geometric feafueact on time to avoid their

implication and, thus, occurring accidents remain sivgleicle ones. On the other

hand, higher probability for singleehicle accident occurrence on flat and straight

roadway segments could be attributed to drivers awpidther vehicles. In any case,

this finding needs further investigation.
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Table 5 Qualitative results for univariate Probit models

Independent Variables
constant V2 D2 Q2 jour tjour profi tplan
I

Dependent
variables

Type 2 * - - -

Type 3 - + +
Type 4 - + +

Type 5 - + -

Type 6 -

A comparative overview of the univariate Probit models qualitative results allows for

interesting remarkgl@ble5). Surprisingly, weather was not found to be significant in

any of the models estimated; probably +&dILPH WUDIILF REVHUYDWLRQV pL
LQIOXHQFH DQG SDUW L DroaddidenD &evtiRéhée] In_audition] Ithd FW R
VWDQGDUG GHYLDWLRQV RI DYHUDJH WUDIILF PHDVXUHYV

discarded from the final models due to low statistical significance (below 90%).

However, we note that in the literature, there i®rgijrempirical evidence that the
difference in traffic characteristics among adjacent lanes significantly affects crash
occurrence (Abdedty et al., 2007; Golob and Recker, 2001; Lee et al., 2002).

Noticeably, trafficrelated independent variables were found significant in almost all

models. This finding suggests the importance of considering such variables in crash
frequency analyses; in particular, results indicate thatvevocle crashes (sidegués

and reatends) seem to cluster at traffic regimes close to transition fronflineeo

congestion. Multivehicle rearends are most probable under congestion, while all

other multivehicle crashes most frequently occur under-fl@e. Singlevehicle

accidents (hibbject, ok RYHUV HWF FDQQRW EH DWWULEXWHG WF
as it is possible that many other exogenous factors (such as alcohol use and fatigue)

may intervene.

Multivariate model result§T@ble 6) reveal no difference in the manner in which

independent variables affect crash outcome (crash type). However, not all variables
were found to be statistically significant; stanontraffic-related factors resulted in
low t-statistics for all crash types with the exception of sikwgkicle accidents. The
outcome of a crash (involving at least two vehicles), in terms of resulting crash type,
seems to be almost exclusively definby the prevailing traffic conditions shortly

before its occurrence. This finding would be neglected under a univariate analysis per
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crash type. Further, the correlation coefficiefifalie 7
HITHFWV DPRQJ GLIIHUHQW FUDVK W\SHVY PHFKDQLVP
validity of the proposed multivariate investigation, particularly in this setting where

reveal significant shared

limited data are availabl@he negave sign of all correlation coefficients implies that
each crash type occurs under different traffic regimes; the latter coming to support the
necessity for bycrashtype analyses. As previous findings of this chapter (concerning
traffic parameters) alsaiggest, singlevehicle crashes appear to be the less related to

other crash type patterns of occurrence. However, they appear to happen under

markedly different conditions compared to reads involving 2 vehicles. Finally, the

shared effects among allha&r crash types result to be of similar magnitude.

Table 6 Model estimation for multivariate Probit model

Dependent Variables

Independent Type2 Type3 Typed Typeb Type6
Variables Coef t-stat Coef t-stat Coef t-stat Coef t-stat Coef t-stat
constant 0.927 0.10 -1.476 -5.01 -1.703 -4.39 -1.226 -4.62 -0.526 -3.38
V2 -0.016 -1.85 0.006 1.73
D2 -0.201 -1.54 0.075 1.57
Q2 0.004 1.62
Jour -0.24 -1.06 -0.363 -1.70
Tjour 0.387 1.45
profil 0.240 0.98 -0.633 -2.42 -0.529 -2.05
tplan -0.645 -3.89
Number of observations : 235
p-value for overall model significance?pest) : 0.0328
Table 7 Correlation coefficients for multivariate Probit model
Correlation Coefficients
coefficient t-stat
R(type2,type3) -0.278 -2.24
R(type2,typed) -0.327 -2.02
R(type3,typed) -0.335 -1.80
R(type2,type5) -0.288 -5.59
R(type3,type5) -0.224 -1.52
R(type4,type5) -0.278 -2.86
R(type2,type6) -0.426 -2.60
R(type3,type6) -0.876 -0.88
R(type4,type6) -0.003 -0.03
R(type5,type6) -0.186 -1.08
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Qualitative results from the Multivariate Probit model application are illustrated in

Figure 7

The fundamental diagram depicts the relationship between traffic volume

(Q) and speed (V) on a given freeway segment; each crash type (whose probability is

traffic-dependent) is related to articular traffic regime which corresponds to a

specific part of the diagram. The simultaneous analysis by vehicle involvement and

maneuver possibly indicates that aggregation wtrhaghtype analyses may lead to

erroneous estimations. Reamd crashesre more probable under congestion, while
sideVZLSHY DUH PRUH SUREDEOH XQGHU pLQWHUPHGLDW
findings were reported by Golob and Reckz0(4).

Figure 7 Crash type distribution

type 5

type3

type?2

type4d

v
O

3.5 Concluding remarks

We assessed the effects of fimt/ariables (as obtainemh areattime basis) on crash

type while controlling for road geometry and environmental factemgpirical results

indicated a divems effect of accident contributing factort® each crash typ along

with interdependencies that would be neglected under a univariate amcalysst

Rearend crashes involving two vehicles were found to be more probable for

relatively low values of both speed and density, while #&@als involving more than

two vehicles appear to be more probable under congestionvéole sideswipe

accident probability increases with increasing volume, while mehicle sideswipe

crashes are morprobable at high speeds, during daytime, and on flat freeway

segments. Overall, multiehicle crashes tend to occur under low or very high speeds,
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while road geometry was found to be the single crash type indicator for-gsefgtde
accidents. In partical, singlevehicle accidents were found to be more probable on
flat and straight road segments.

Weather and traffi &andard deviation across lanes were not found to be statistically
significant indicators ofcrash type. Empirical results seem prongsin establishing
reattime crash type predictorslowever, we recognise thtitis analysis suffer§rom
limitations needing further investigatipfirst, loop detectors aggregate counts and
occupancies over -fin intervals. Possibleuncertainty in the exa time of the
accident occurrencghouldalso be examinedFurther, ve did not distinguisiin our
analysisamong freeway lanesnd only separated traffic regimes in two (peak and
off-peak). Goloband Recker(2004), after performing a similar analysis, provided
importantevidence thatt is significant (i) to capture variations in speed and flows
separately across lanasd (i) to more strictly defingraffic regimes

The potential benefits of integrating empirical résuin a reatime traffic
management application are numeroQQFH D pORFDWLRQY L H D VSHFLI
operational and travel characteristidgs)identified as being susceptible to a given
crash type occurrencd, may be flagged with warnings tbugh variable message
signs (VMS).Further the concept of variable speed limits could be used to intervene
on driver behavior antb reduce speedariation In addition to reatime monitoring

of safety levels, a safety performance tool can be usedojegbrevaluation and
planning.Safety aspects of costs and benefits can be assessed by comparing the levels
of safety estimated before and after implementation of a treat@ettl{and Recker,

2004) Finally, a procedure that uses re@he data on trafé flow, speed, and
occupancy and the relationship between these variables andtypasbccurrence

could be used to develop congestion mitigation strategies that incorporate safety
(Garber andubramanyar2001).
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Chapter 4

Vehicle Occupant Injury Severity on Highways: An

empirical Investigation

In this Chapter, & apply a random parameters ordered probit model to explore the
influence of speed and traffic volume on the injury level sustained by vehicle

occupants involved in accidents on the/8b junction in the Paris region. Results

indicate that increased traff volume has a consistently positive effect on severity,

while speed has a differential effect on severity depending on flow conditions.

*This chapter has been published to Accident Analysis and Prevention 42 (201062606



Chapter 4 Vehicle Occupant Injury Severity on Highways

4.1 Introduction

Accident severity investigations are of particular concern to both decision makers and
researchers and the literature has indicated several factors as significantly influencing
crashinjury severity level sustained by road users (Abdlgi 2003; Chimba and

Sando, 2009; Gray et al., 2008; Kockelman and ¢tw@002; Lapparent, 2008; Lee

and Abdel $ W \ 29'RQQHOO DQG &RQQRU 3DL DQG 6D
al., 2002; Xie et al., 2009; Zajac and Ivan, 2002). Among the most importémtsfac

are driver age, collision type, weather and lighting conditions that have been
extensively explored as to their effect on severity.

Results from previous research indicate that low speeds and high traffic volumes
decrease accident severity, while higpeeds and low traffic volume produce the

opposite effect (see for example Martin, 2QG2jesult largely based on mean annual

traffic values. However, few studies have investigated the association between traffic
accident severity and actual trafficazhcteristics (traffic volume, speed) collected
reatEWLPH GXULQJ WKH WLPH RI WKH DFFLGHQWYV RFFXU
Quddus et al., 2009).

We extend research on the factors influencing the level of accident injury severity by
including traffic data from the moment of the accident. Thus, the purpose of this
research effort is to elaborate a model that associates traffic characteristics to the
severity outcome of freeway accidents. Rk traffic data are nowadays available

for most freeway n&vorks. Their integration to road safety analyses offers the
possibility to associate accident attributes to the actual traffic flow characteristics at
the time of the accident. Based on the analysis of historical data, typical traffic
patterns recorded jor to accidents may then act as rBale identifiers (AbdelAty

and Pande, 2007). Such research is useful for researchers and practitioners in
estimating accident and congestion external costs and in transportation planning.
Further, it may enable pratitiners and authorities to locate hazardaton severity
grounds xspots on the road networks by utilizing réiade data widely available.
Finally, it may provide additional insight regarding the factors that may contribute to
higher probabilities contéXfor severe injuries (given that an accident occurs). The

model controls for various driver, vehicle, and crash characteristics along with real
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time traffic and weather, by exploring possible associations between these factors and
the severity outcome stiasned by individuals involved in accidents.

4.2 Background

There has been extensive literature documenting links between accident

characteristics and the severity levels sustained by road users; studies have

investigated the effect of road and vehiclearacteristics, driver attributes, weather

etc. |(Table 8|provides a summary of previous research efforts in the injury severity

area).

In all modeling efforts, thelependentariable is severity, usually depicted on-a08

4-point ordinal scale (e.g. no injury, severe injury, fatal). Tha& of analysisvaries

across studies and depends on the objective; units include, for example:

X non-motorized road users (pedeatrs and/or bicyclists) (Ballesteros et al., 2004;
Kim et al., 2008; Lee and Abddilty, 2006; Sze and Wong, 2007),

x crashes (Chang and Wang, 2006; Eluru et al., 2008; Gray et al., 2008; Wang and
AbdelAty, 2008; Yamamoto and Shankar, 2004),

X motorcycle occpants (Pai and Saleh, 2008; Pai, 2009),

x drivers (AbdelAty et al., 1998; AbdeAty, 2003; Conroy et al., 2008; Kockelman
and Kweon, 2002) or

X any car occupant (Lapparent, 2008)

Theindependent variablesonsidered usually include driver, vehicle, crash and road
characteristics. Driver (or rider) characteristics most commonly refer to driver age,
gender, alcohol consumption, and safety equipment usage (Boufous et al., 2008; Helai
et al., 2008; Kim et al2008; Lapparent, 2008; Pai, 2009; Sze and Wong, 2007; Wang
and AbdelAty, 2008; Yamamoto and Shankar, 2004¢hicle characteristics refer to

the type of vehicles (car, heavy vehjaic.) and the number of vehicles involved in

the crash (Ballesteros et.,a2004; Helai et al., 2008; Kim et al., 2008; Pai, 2009).
Road factors include curvature, number of lanes, type of road (e.gandratban),
surface conditions, junction control and so on-@klamdi, 2002; Milton et al., 2008;

Savolainen and Mannerin@007; Shankar et al., 1996). Crash characteristics are
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related to the exact circumstances under which the accident occurred (vehicle
maneuverngEHIRUH FROOLVLRQ FUDVKYV PDLQ FDXVH DQG VF
Gray et al., 2008; Helai et al., 2008/ang and AbdeAty, 2008; Yamamoto and

Shankar, 2004). Other variables such as speed limit, day of the week, time of day,

AADT, weather and traffic conditions have also been examined regarding their

influence on accident severity (Abdaty, 2003; Conroyet al., 2008; Gray et al.,

2008; Helai et al., 2008; Kim et al., 2008; Milton et al., 2008; Pai and Saleh, 2008;

Pai, 2009; Savolainen and Mannering, 2007; Sze and Wong, 2007; Yamamoto and
Shankar, 2004; Zajac and lvan, 2002)

Findings from previous stugs are, to a large extent, consistent. Factors most

commonly found to increase severity are:

X increased driver or rider age (Sze and Wong, 2007; Xie, &(#l9)

x driving while intoxicated (Kim et al., 2008; Savolainen and Mannering, 2007,
Zajac and lvan2002).

x headon-collisions (Eluru et al., 2008; Savolainen and Mannering, 2007),

x crashes with heavy vehicles and motorcycles (Lee and Akgel 2005;
Yamamoto and Shankar, 2004),

x poor lighting conditions (Chimba and Sando, 2009; Gray et al., 2008; éteddi
2008),

X vertical and horizontal curvature (Savolainen and Mannering, 2007; Xie et al.,
2009),

X rural versus urban areas (Lapparent, 2008), and

x speeding (Boufous et al., 2008; Lee and Abalgi, 2005 Pai and Saleh 2008

In contrast to the abovehd use of restraint systems (helmet or seat belt) appears to

significantly decrease the level of injuries sustained by road users (Wang and Abdel

Aty, 2008; Yamamoto and Shankar, 2004).

However, research reports conflicting findings on some occasiorigugely when

it comes to factors such as gender, intersections type, road surface conditions and
VHDWLQJ SRVLWLRQ )RU H[DPSOH 21T'RQQHOO DQG &RC
(2007) concluded that female drivers are associated with increased severigy, whi

Shankar et al. (1996) and Yamamoto and Shankar (2004) report the opposite. Milton
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et al. (2008) and Xie et al. (2009) found that interchanges and junctions decrease
injury levels, Lapparent (2008) and-&hamdi (2002) both found that intersection
presece decreases severity, while Helai et al. (2008) and Boufous et al. (2008) report
that severity increases in more complex intersection arrangements (such as Y and T).
Yamamoto and Shankar (2004) observed that icy pavements are associated with lower
severites in urban areas and Shanlaral. (1996) argued that in single vehicle
crashes wepavements increase severity, while icy or sramvered pavements tend

to decrease it. Xie et al. (2009) found that both icy and wet pavements decrease
accident severitywhile in Quddus et al. (2002), wet surface was found to decrease
the severity outcome of motorcycle accidents. Seating on theegfiposition is more
GDQJHURXV DFFRUGLQJ WR 21'RQQHOO DQG &RQQRU
all car seating pos#QV DUH VDIHU WKDQ WKH GULYHUYV VHDW

Interestingly, in most studies, fine weather was found to increase severity (Eluru et
al., 2008; Gray et al., 2008; Kim et al., 2008; Pai and Saleh, 2008; Pai, 2009; Quddus
et al., 2009; Yamamoto arf8hankar, 2004; ¥ et al., 2008 while other veather
conditions (rain angnow) tend to decrease it; still, various authors claim the opposite
(AbdelAty, 2003; Lee and AbdeAty, 2005), while some conclude that weather has

no significant effect on severity (Abdéty, 2003). Drivers seem to rather adjust their
behavior to inclement weather by decreasing the speed which has a positive
(decreased) effect on injugeverity (Quddus et al., 2009; Shankar et al., 1996).
Further, adverse weather may alarm drivers who tene todre vigilant and become
more conservative in their driving behavior as argued in the offset hypothesis, which
predicts that users adapt to innovations that improve safety by becoming less vigilant
about safety. For example, Winston et al. (2006) teftedoffset hypothesis using
disaggregate data to analyze the effects of airbags and antilock brakes on automobile
safety and found that safetpnscious drivers are more likely than other drivers to
acquire airbags and antilock brakes; however, theseysddeices were not found to
have a significant effect on collisions or injuries, suggesting drivers trade off

enhanced safety for speedier trips.

Average traffic characteristics such as truck percentage and traffic volume have been
used as explanatory vables in a number of studies (Abd&ty et al., 1998; Milton
et al., 2008; Wang and Abdgaly, 2008; Zajac and lvan, 2002); these studies were
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limited to average values of the parameters such as the annual truck percentage or the
Average Annual Daily Trdic (AADT). Traffic data at the moment of the accident

have seldom been utilized to explore crash severity (Quddus et al., 2009).

For example, in Abdefty et al. (1998), the odds for severe crashes for Average
Daily Traffic>20,000 were found much highter young and middle aged drivers and
much smaller for very old drivers (over 75), while the middle age group4amrars

ROG ZDV IRXQG WR EH WKH pvVDIHVWY LQ WHUPV RI LQMX
AADT was not found to significantly affeahjury severity in pedestrian crashes.
Wang and Abdelty (2008) examined lefturn crashinjury severity at signalized
intersections and concluded that neither the total approach traffic volume nor the
entire intersection volume, but rather specific vihitrajectories, affected crash
injury significantly. In Milton et al. (2008), findings were not consistent across
segments, suggesting that the effect of traffic (AADT) on inggyerity outcomes
cannot be assumed uniform across geographic locationslu@ud al. (2009) used
reattime traffic data from the time of the accident; arBibutes timelag was applied

to avoid the traffic impact of the crash itself and traffic flow was found to be
important in explaining the severity of each road accident, wiffic increases
leading to crash severity decreases. In general, despite the large number of research
efforts on the topic of accident severity, papers investigating the impact of traffic

characteristics on accident severity remain few.
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Table 8 Summary of injury severity modeling studies

Study Injury severity Data source Method of Unit of analysis Independent Summary of findings
scale analysis variables
employed considered
Chimba (1) Property 2003 Florida (USA) (1) ANN - Driver Factors increasing severity
and Sando damage only high crash location backpropagatio characteristids ~ x No daylight
(2009) (2) Incapacitating database n -Speed limit x Cloudy sky
and fatal (2) ordered -General |nf5 X Curved sections
probit model -Weather x Higher speed limit
-Road x Alcohol use
geometry x Turning movement
Other finding
XANN performs better than OP
Pai (2009) (1) Slight injury 19912004 UK twe or  Binary logistic ~ Motorcyclist -Driver Factors increasing severity
(2) Serious injury morevehicles crashes, model characteristids  x Rider being over 60
(3) Fatal injury occurring at ¥ -Motorcyclist x Engine size over 125cc
junctions, involving at characteristics xHeavy goods vehicle involvement
least onanotorcycle - Motorcycle X* YHKLFOHV LQYROYHG
and resulting to at least characteristics x Fine weather,
one slight injury - Crash o xNon builtup roads
character!stlcfs X Right-of-way-violation
-General inf8 Other findin
-Weather o 9 ; ;
xInjuries were greatest when a travelling straight motorcy
on the main road crashé@do a rightturn car from a minor
road, particularly at stefyield-controlled junctions
Quddus et (1) Slight injury 20032006 UK M25 (1) Ordered Crash leading tc - General inf8  Factors increasing severity
al. (2009) (2) Serious injury motorway crash and logit at least one -Traffic x Fine weather versus rain
(3) Fatal injury traffic dataset (2) slight injury characteristids x Weekdays and darkness
Heterogeneous -Congestion Factors not influencing severity uniformly or at all
choice model -Weather x Congestion
(HC™m) -Road x Traffic flow
(3) Generalized geometr§ X SNOW

ordered logit
(4) Partial
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proportional
odds

Xie et al. (1) No injury 2003 USnational crash (1) Ordered Driver -Driver Factors increasingeverity
(2009) (2) Possible injury database (automobiles, probit model characteristic5  x The age of the driver and of the vehicle, drunk driving,
(3) Non SUVs, vans) (2) Bayesian - Vehicle curvy road alignments, inadequate light conditions, initia
incapacitated ordered probit characteristics impact points on the left side area, rollover and fire
injury model -General inf8 Factors decreasing severity
(4) Capacitated -Road x Crashes related to junctions or interchangssei wet
injury geometry surfaces and adverse weather
(5) Fatal injury - Crash Other findings
characteristics  x For large sample data, the two models produce similar
-Weather results
x For small sample data and proper prior setting, the BOP
overperforms the OP
Boufous et Survivalriskratio 20062001 New South Linear Driver -driver Factors increasing severity
al. (2008)  (the number of Wales (Australia) crash regression characteristids ~ x Complex intersections (Y or T junctions and roundabout
patients with a accidents that resulted - vehicle x High speed limit
certain injury in the hospitalization of characteristiés  x Not wearing sedbelt
code who have  drivers aged over 50 - crash X '"ULYHUYY HUURUV H J GLVREH\L(
not died in the characteristics Speeding
hospital and the -general inf8 x Rural areas
total number of -road geometry
patients diagnosel -area type
with that code)
Conroy et Injury severity 19972006 U5 headon  logistic Driver -driver Factors increasing severity
al. (2008) score (B75) frontal crashes resulting regression characteristiéds  xDrivers with intrusion into their position

in at least one serious
injury and in which car
occupants used safety

- crash
characteristics
-vehicle

x Driving a passenger vehicle
Factor decreasing severity
x Drivers in wide impacts versus narrow impacts
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beltsandYHKLFOH damage Other finding
was under 8 years x Drivers in wide frontal impacts were almost four times
more likely to have a head injury
Eluru etal. (1) No injury or 2004 NHTSA (US) (1) Ordered Crash involving - Driver Factors increasing sefity
(2008) possible injury crashes involving non  response logit non motorists  characteristicS  xBeing pedestrian versus being cyclist
(2) Non- motorists (pedestrians model - Vehicle xHigher speed limits
incpacitating and cyclists) (2) Mixed characteristics x Being male and older
injury generalized - Crash x Crashes with vehicles other than passenger cars
(3) Incapacitating ordered characteristics  , Frontal impact crash
injury response logit - Road x Evening and late night periods
(4) Fatal injury geometry Factors decreasing severity
- Norrmot_or!st X SNOW
characteristics x Signalized intersections
- Weather 9
Gray et al. (1) Sight injury Subset of 1992003 Ordered probit Crash -Young male  Factors increasing severity
(2008) (2) Serious injury accidents in Great model driver x Driving in darkness
(3) Fatal injury Britain involving male characteristics  xTrips in early morning and towards teed of the week
drivers aged 1-25 -Crash x Driving on main roads
characteristics  x Overtaking maneuvers
-Generalinf8  y  {HDWKHU RWKHU WKDQ pILQH QR
- Road x Speed limit of 60mph
g\e;\(;mert]rfl x Passing the site of a previous accident versus other
- Weather carriageway hazards
Helaietal. (1) Low 20032005 Singapore  Hierarchical Driver-vehicle - Driver Factors increasing severity
(2008) individual crashes at signalized  binomial unit characteristiéds  x Night versus daytime
severity intersections logistic model - Vehicle xY or T intersections
(2) High characteristis  x Rightmost lane
individual -Crash xBad street lighting
severity characteristics  y Red light camera presence
- General inf8 5 \heelvehicle
- Road xBeing aged under 25 or over 65
geometr§
- Weather
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Kimetal. (1) Possibe orno 19972000 North Heteroskedastic Pedestrian - Driver Factors increasing severity
(2008) injury Carolina (U3 logit model characteristids  xIntoxicated driver, darkness with or without streetlights,
(2) Non- pedestriarvehicle - Vehicle greater pedestrian age, spatitity vehicle, truck, freeway,
incapacitating crashes involving one characteristics stateroute,andspeethg
injury pedestrian and one - Crash Factors decreasing severity
(3) Incapacitating vehicle characteristics  x Intoxicateddriver, PM peak (15:0417:59), traffic signal
injury - General inf§ control,andinclement weather
(4) Fatality - Road Other finding
geometrf( XPHGHVWULDQYYV DJH ZDV D VLJQLI
- Pedestrian heteroskedasticity by increasing the variance of the erro
characteristics terms acrospedestrians with age, but the gender did not
- Area type affect the variation
- Weather
Lapparent (1) No injury 2003 crashes at France Bivariate Car user - Car user Factors increasing severity
(2008) (2) Light injury ordered probit characteristids  xIncreasing age
(3) Severe injury model - Crash X Crash at intersection for drivers
(4) Fatal injury characteristics  x Crash on secondary roads and being fsmt passenger
- General infd X Crash out of the city
- Road Factors decreasing severity
geometry x Crash at intersectiorend being frontor rearseat
passenger
x Crash on highways and being resrat passenger
Other finding
x Safety belt use reduces injury level whatever the positior
the car occupant
Milton et (1) Property - Washington State Mixed (random The most - ADT" Factors decreasing severity
al. (2008) damage only highway segments parameters) severely injured - Road x Grade brakes, interchanges and horizontal curves
(2) Possible injury accident database logit model person geometry Factors noinfluencing severity uniformly
(3) Injury - Western Regional - Traffic xIncreasing truck ADT
(evident, Climate Centre weather characteristidls  y ADT
disabling or database - Weather x Average annual snowfall
fatality) - WSDOT traffic data x Truck %
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Pai and (1) Noinjury 19912001 GB Ordered probit Motorcycle - Motorcyclist ~ Factors increasing severity
Saleh (2) Sight injury accidents at Junctions model occupant characteristids  x Rider being male or over 60
(2008) (3) Serious injury involving motorcycles - Motorcycle xIncreasing engine size
or fatality and resulting to at least characteristiés  y Crash partner other than motorcycle
one injury - Crash o x Darkness, fine weather, spring/summer, midnight/early
characteristics morning,andweelend riding
- General inf8 x Speeding
- Road Other finding
geometry x The effects of some variables on injury levels vary acros
- Weather different crash types
Wang and (1) Noinjury 2000-2005vehicular Partial Accident - Driver Factors increasing severity
AbdelAty  (2) Possible injury left-turn crashes at-4 proportional characteristids  x Crashes involving motorcycle, with drivers ejected from
(2008) (3) Non- legged signalized odds model - Vehicle vehicle, front impact, conflicting with neaide
incapacitating intersections in Central with logit and characteristics approaching vehiclgnddriver being intoxicated
injury Florida (U9 probit functions - Crash Factors decreasing severity
(4) Incapacitating characteristics  x Driver being youngr using safety equipment, crashes
injury - General inf8 occurring at night at intersections with street lights
(5) Fatality - Road Factor not influencing severity
geometry X AADT
- AADT
Savolainen (1) Noinjury or 20032005 Indiana (Up Nested logit Motorcycle - Driver and Factors increasing sesity in singlevehicle crashes
and possible injury motorcycle accidents  model operator rider X Increasing age, speeding, April and July, darkness,
Mannering (2) Non- Standard characteristics collisions with roadside object, being femaladalcohol
(2007) incapacitating - Vehicle involvement
injury Multinomial characteristics  Factors decreasing severity ingl@vehicle crashes
(3) Incapacitating logit model - Crash x Helmet use, motorcycle@s$s than 5 yearandwet
injury characteristics pavement and intersection crashes
(4) Fatality - General inf8
- Road
geometr§
- Speed
Sze and (2) Slightly 19912004 Hong Kong Logistic Pedestrian - General inf8  Factors increasing severity
Wong injured police crash database regression - Road xAge above 65, head injury, a crash at a crossing or on a
(2007) (2) Killed or (crashes involving geometry road section with a speed limit above 50km/h or at a

seriously injured

pedestrians)

- Non-motorist

sigralized intersection
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characteristics

Factorsdecreasing severity

- Speed limit x Being male, aged below 15, being on an overcrowded o
- Congestion obstructed path and being involved in a daytime crash o
road section with severe or moderapmgestion
Chang and (1) Noinjury 2001 accidents in the  Classification ~ Crash - Driver Factors increasmseverity
Wang (2) Injury Taipei area (Taiwan)  andregression characteristids  x Collisions with pedestrians, motorcycle and bicycle rider
(2006) (3) Fatality tree model - Vehicle Other finding
characteristics  x Collision type, contributing circumstance and driver/vehi
- Crash action are critical in determining severity
characteristics
- General inf8
- Road
geometry
- Speed limit
- Weather
Lee and (1) No injury 19992002 Florida (U Ordered probit pedestrian - Driver Factors increasing severity
AbdelAty  (2) Possible injury pedestrian accidents at model characteristids  x Pedestrian being old, female or intoxicated
(2005) (3) Non- intersections - Vehicle xHigh vehicle speed
incpacitating characteristics  x Adverse weather and dark lighting
injury o -General inf0  yvans, buses and trucks versus passenger cars
(4) Incapacitating - Road x Rural versus urban areas
inury -~ geometrf( x Intersectios without traffic control
(5) Fatal injury - Pedestrian
characteristics
- Area type
- Weather
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Ballesteros (1) Non fatal (1) 19951999 Logistic Pedestrian - Vehicle Factor increasing severity
et al. (2) Fatal Maryland (UB) crashes regression characteristis ~ xSUVs and Bs compared toonventional cars
(2004) (1) 1ISS<16 involving at least one - Speed limit Factor not influencing sevity
(2) 1SS>=16 pedestrian having been xVans compared to conventional cars
treated or dead and
either a conventional
car, asports utility
vehicle, apickup truck
or avan
(2) Trauma registries by
Emergency Medical
Services
(3) 19951999 fatalities
from medicalexaminer
Yamamoto (1) Property 19931996 Washington Bivariate Accident - Driver FactorsL Q FU H D V L @jliryGéeverityHriufban areas
and damage only State (UB) single ordered probit characteristids  x Off-roadway, collisions with trees, driver age, speeding,
Shankar (2) Possible injury vehicle collisions with  model - Vehicle falling asleepandbeing sober
(2004) (3) Evident injury fixed objects characteristids  )DFWRUV G H F U idj0ryde@edityGnUitb¥rHae 88/
(4) Fatality - Crash x Intersection, rain, icy pavement, restraint systeras us
characteristics vehicle age, driving a motorcycle or truck, being male,
- General inf&* collisions with sign posts or concrete barrier
- Road YDFWRUV LQ FU H DAjuryFavesity Wi irdap areas |
geometry xDULYHUYV DJH GULYHU EHLQJ LQ"
- Number of increasing number of passanmsg, the driver being male
passengers JDFWRUV GHFUHDVLQJ SDVihaQarehs *
- Speed xIntersection, rain, restraint systems use, being a truck
- Weather passenger, collisions with sign posts or bridge face
AbdelAty (1) Property 19992000 Central (1) Ordered Driver - Driver Factors increasing severity
(2003) damage only Florida (US) crashes probit model characteristids  xBeing over 65
(2) Possible/ near toll plaza (2) Multinomial - Vehicle x Being female
evident injury logit model characteristics xImpact on the side
(3) Severe/fatal (3) Nested logit - Crash x No seatbelt use
injury model characteristics X e-pass use
- General infd N\ mber of impacts
- Road x Adverse weather
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geometry xNot driving a truck
- Area type Otherfindings
- Toll _ x OPM performs than MLM
characteristics  xThe NLM performs slightly better than the OPM but is
- Weather more difficult to estimate
Al-Ghamdi (1) Non-fatal A subset of 1992998  Logistic Accident - Driver Factors increasing severity
(2002) (2) Fatal accidents on urban regression characteristids  x Non-intersection versus intersection
roads in Riyadh (S. - Vehicle x Wrong-way versus all other causes (violations)
Arabia) leading to at characteristiés  Other finding
least one slight injury - Crash x Among all independent variables, only the location and
characteristics cause of the accident were foudstgnificantly affect
- General |nf6 Se\/erity
- Road
geometry
Kockelman (1) No injury 1998 US datset Ordered probit  Driver in - Driver Factor increasing severity
and Kweon (2) Not severe including property model 1. single characteristids  xUnder singlevehicle crash conditions, the use of pickups
(2002) injury damages, injury crashe: vehicle crash - Vehicle and spar utility versus passenger cars
(3) Severe injury  and fatal crashes 2. twovehicle  characteristics  Factor decreasing severity
(4) Death crash - Crash xIn two-vehicle crashes, driving a pickups or sport utility
3:all crashes  characteristics vehicle vesus being occupant of other collision partners
- General inf8
Quddus et (1) Sight injury 19922000 Singapore  Ordered probit The most - Motorcyclist ~ Factors increasing severity
al. (2002) (2) Serious injury accidents involving model severely injured characteristics  x The motorcyclist having neSingaporean nationality

(3) Fatal injury motorcycles person - Motorcycle x Motorcycle increased engine capacity
characteristis  x Motorcycle headlight not turnechaluring daytime
-Crash x Collisions with pedestrians and fixed objects
characteristics  y Having a pillion passenger
- General inf8 x Riding during early morning hours
- Road x The motorcyclist being at fault
geometry Factor decreasing severity
x Wet surface
Factor not influencing severity
x Motorcyclist age
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Zajac and (1) No injury 19891998 rural Ordered probit Crash - Driver Factors increasing severity
Ivan (2002) (2) Probable Connecticut (US) model characteristiés  x Driver alcohol consumption
injury, but not highwayaccidents - Vehicle x Pedestrian age 65yeaand older
visible involving pedestrians characteristics  y pedestrian alcohol consumption
(3) Not disabling  crossing the road at - General inf8  yvillage, downtown fringe and lowensity residential areas
injury, but visible locations with no traffic - ADT _ versus compact residential, la¥ensity commercial and
(4) Disabling control - Non-motorist medium density commercial areas
injury characteristics  Factor not influencing severity
(5) Fatality - Speed limit x On-street parking
- Area type
- Weather
AbdelAty (1) No injury 19941995 Florida crast Log-linear Drivers by age - Driver Factor increasing fatality
et al. (2) Injury and ADT files model with 3 group characteristids  x Being very old(80+) versus being old (6B9)
(1998) (3) Fatal variables and - ADT" Factor decreasingserity
two-way x Belonging to middle age group (B2)
interactions
29'RQ Q (1) Non-treated 1991 NSW (Australia) (1) Ordered Motor-vehicle - Vehicle Factors increasing severity
and Connor injury motor vehicle accident logit model occupant characteristics  x Seating on the leftear position
(1996) (2) Treated injury  YLFWLPVY ILO (2) Ordered - Crash x Being female
(3) Admitted probit model characteristics xBeing involved in hea®n collisions
injury -OFFXSDQ other finding
(4) Death characteristics  x The effects of increasing the age of casualty from 33 to !
are greater than effects of a speed increase from 42 to 1
km/h
Shankar et (1) Property 19881993 accidents on Nested logit Accident - Driver Factors increasing sesity in singlevehicle crashes
al. (1996) damage only rural freeways in model characteristids ~ x WetpavementreaHQG FROOLVLRQV FXU
(2) Possible injury Washington State (& - Vehicle all drivers being male, vehiclmass difference indicator
(3) Evidentinjury characteristics  Factors decreasing s®ity in singlevehicle crashes
(4) Disabling - Crash x lcy or snowcovered pavement,siaint system use
injury or fatality characteristics
- General inf8
- Road
geometr§
- Weather
Incident Occurrence and Response on Urban Freeways 113



Chapter 4 Vehicle Occupant Injury Severity on Highways

48 Q G Mriverp(rider/car user) characteristfisategory, several different variables related to the drivers (riders/car usepdicated in the
accidents treatedre considered in each study. E.g. alcohol consumptidsex.

®Under general infofcategory, several different variables related to the crash are considered. E.g. dagliiphe.

‘Under ppad geometr{category, several different variables related to the geometry of the road sepmevhich the accident tookagile are
considered in each study. E.g. curvatameintersection.

dUnder pehicle characteristicategory, several different variables related to the vehittieglicated in the accidents treatette considerd in
each study. E.g. age atype.

®Under prash characteristidsategory, several different variables related to the crash incident are considered in each study. E.g. collision type or
speed.

'Under praffic characteristic§category, several different variables related to traffic are considfesath study. E.g. traffic floandtruck %.
Y%Under pon motorist characteristi§sategory, several different variables related to pedestrians and cyiligliated in the accidents treated
are considered in each study. E.g. agdsex.

"Averagedaily traffic volume.

'Under poll characteristic§category, several different variables related to toll plazas and road users are considerephds.gser or nand
plaza structure.

JUnder RFFXSDQWfV PlsaieydiyF veetdlLdifidrenE Vabies related to each occupawif the vehicles involved in crasheare

considered in eacstudy. E.g. position in vehicle aradje.
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4.3 Data and Methodology

4.3.1 The data

To explore the factors that determine occupant injury severity, the highwa864
sectionfrom a dense urban area a few miles to the east of Reassselected
Accident, weather, and traffic data were extracted from the same databases as in the

crash tye analysig§3.3.1 The Dat*i

The unit of the analysis adopted wasy vehicle occupantvolved in an accident
(rider, driver or passenger) resulting in at least one person being slightly injured. The
severity levelsconsidered were

X LQR LQMXU\T

X UVOLIJKW LQMXU\T

X UWWVHYHUH RU IDWDO LQMXU\T

Each observation in the dataset is a record of the level of injury sustained by each
vehicle occupant involved in the accident and by various external factors. By the term
MYHBHFRFFXSDQWY ZH UHIHU WR HLWKHU GULYHUYV

accident corresponds to various observations; whose number equals the number of all

persons involved in the accidefitable 9| presents a definition for each variable

together with its type, some summary statistics, and a short description.

Table 9 Explanatory variables in severity analysis

Variable

Type Summary Description
Statistics

General accident information
Road direction

(sens) Binary F(1)=47.1% =1from Paris; =2 to Paris
Type of day
(tday) Binary F(1)=63% =1 if weekday; =2 if weekend

Time of the day

(heure) Continuous M=11.7,SD=7.9 time ofaccident (24 clock)
Lighting conditions

(daylight) Dummy F(0)=40.4% =0 if daylight; =1 otherwise

(crepus) Dummy F(0)=12.7% =0 if dawn or dusk; =1 otherwise

(nsansep) Dummy F(0)=1.5% =0 if nighttime with no public lighting; =1 otherwise

(nepallum) Dummy F(0)=45.4% =0 if nighttime with public lighting; =1 otherwise
Road surface condition

(normal) Dummy F(0)=63.0% =0 if dry; =1 otherwise

(mouille) Dummy F(0)=35.4% =0 if wet; =1 otherwise

Pavement condition

(bon)

Dummy F(0)=99.3% =0 if good orcomfortable; =1 otherwise
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Road curvature

(ligne) Dummy F(0)=60.0% =0 if straight line; =1 otherwise
(flat) Dummy F(0)=65.2% =0 if flat; =1 otherwise
Weather conditions
(normale) Dummy F(0)=77.2% =0 if weather is fine or cloudy; =1 otherwise
(pluie) Dummy F(0)=22.5% =0 if raining; =1 otherwise
(neige) Dummy F(0)=0% =0 if snowing; =1 otherwise
(brouilla) Dummy F(0)=0.3% =0 if weather is foggy; =1 otherwise
Road user attributes
Socieprofessional status
(c_chom) Dummy F(0)=6.4% =0 if unemployed=1 otherwise
(c_prof) Dummy F(0)=2.8% =0 if professional driver; =1 otherwise
(retrait) Dummy F(0)=1.9% =0 if retired; =1 otherwise
Sex
(masculine) Dummy F(0)=93.9% =0 if male; =1 otherwise
Age
(age) Continuous M=34.3,SD=11.6 5RDG XVHWY&Ww DIJH LQ
Travel purpose
(travail) Dummy F(0)=32.5% =0 if work or university; =1 otherwise
(prof) Dummy F(0)=17.8% =0 if professional use; =1 otherwise
Restraint system use
(utilse2) Binary F(0)=83.9% =1ifyes; =2 no
Alcohol consumption
(alcoo) Binary F(1)=95.4% =1 if legal; =2 if illegal
Road user
(conduct) Dummy F(0)=78.9% =0 if driver; =1 otherwise
'ULYHUTTV H[SH
(anciperm) Continuous M=9.4,SD=9.7 Years of driving license holding
(ancienwl) Continuous M=8.8,SD=9.2 =anciperm*normale
O9HKLFOHYV FKDUDFWHULVWLFV
Vehicle type
(moto) Dummy F(0)=20.2% =0 if 2wheels; =1 otherwise
(VL) Dummy F(0)=71.9% =0 if car; =1 otherwise
(HV) Dummy F(0)=4.4% =0 if heavy vehicle; =1 otherwise
Vehicle age
(ancient) Continuous M=6.0,SD=4.3 O9HKLFOHTV DJH
Traffic characteristics
Traffic volume
(Q6miInv) Continuous M=104.2,SD=41. Average traffic volume per lane and over 6 minutes
3 vehicles)
(QL) Dummy F(0)=67.9% =0 if Q6minv<112; =1 otherwise
(Q2) Dummy F(0)=32.1% =0 if Q6minv>112; =lotherwise
Speed
(Vmoy) Continuous M=82.6,SD=31.4 Average speed for all lanes and over 6 minutes (in km/h)
(VQ1) Continuous M=75.7,SD=31.1 =Vmoy*Q1 (in km/h)
(VQ2) Continuous M=85.7,SD=31.1 =Vmoy*Q2 (in km/h)

LF: frequency
M: average value
SD: Standard Deviation

Almost all independent variables are defined as extracted from the data bases used,
ZLWK WKH H[FHSWLRQ RI pDQRMHQAZ TAQRLHQZAMMHEXD @V
the years of driving license holding under weather conditidher than normal. This

variable was defined to explore the combined effect of adverse weather and driving
HISHULHQFH 7KH PHDQ YDOXH DQG WKH VWDQGDUG GHY
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DIWHU RPLWWLQJ DOO |JHUR YDOXHWG p4 RIZWKH BBHVYHQ/(
to separate traffic flow in two regimes; that is respectively over or under 112 vehicles

per lane in éminutes time. The 112 value resulted after performing various trials to
VLIQLILFDQWO\ VHSDUD WD Q& Hi O B l&bHD Lr&flecY they 9 4
differential effect of speed on severity under different traffic flow regimes. It has to be

noted thatzDV LQ WKH F DV HthR® tlegpddpfive Lstati3ts fcomputatiafisr

both VQ1 and VQRwere made after discarding of adirb values.

4.3.2Methodology
Orderedresponse models recognize the indexed nature of dependent variables and

assume the existence of an underlying continuous latent varisblated to a single

index of explanatory variableand an error terrfGreene, 208). In an ordered probit

model the random error associated with this continuous variable is assumed to follow

a normal distribution. Because the injury severity outcome of traffic accidents is

ordered (0 for no injury, 1 for slight injurieand 2 for severe injury/fatality), ordered

probit models have been extensively usediodel the marginal probability effects of

several contributory factors on severity (Abdgy, 2003; Gray et al., 2008;

Kockelman and Kweon, 2002; Lee and Abd¢y, 2005; 2T'RQQHOO DQG &RQQR
1996; Pai and Saleh, 2008; Quddus et al., 2002; Xie et al., 2009; Zajac and lvan,

2002). Markedly, all such models are multinomial choice models (polytomous) as

they provide more than two available possibilities.

The normality assuption made by the ordered probit models is not restrictive, since
MVKLIWLQJY WKH WKUHVKROGV ZRXOG DOWHU WKH SUR
outcome (Washington et al., 2003); further, it allows conditional heteroskedasticity to

be captured more sidy than with other specifications. An additional attractive

property of the ordered probit mod#lersus other models of discretendbsat makes

it appropriate for exploring severity is that the differences between the ordinal
categories of the dependevariable (no injury, slight injuryand fatality) are not

assumed to be equal (McKelvey and Zavoina, 1975).
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The severity function determining the severity level for each individailcan be
defined as follows (Greene, 28)0

Y*¥in= Xint @ (Equation 4.}

where:

y*in denotes the latent injury risk propensity for each individual involved in a road
accident,X;, is a vector of the independent variables consideras,the vector of
estimable coefficientsand @ is a random error term assumed to follow the standard

normal distribution across individuals.

It is reasonable to assume that unobserved values of igjsrycorrespond to
observed values of injuny, as follows (Greene, 23

0if-" \in*< 1 (no injury)
Yin= 1if <yin*< (slight injury)
2 if Ryjpp*< 7 (severe or fatal injury)

Thresholds 1, 2( 1< 2)are constant and to be estimated along with the

Then, the predicted probability of the injury levé€l = 0,1,2 for givenXi, is given by
(Greene, 208):

(Equation 4.2

However, some assumptions of the standard probit model pose limitations to its
application, including marginal probability effects that (marginal effects) change their
sign exactly once when moving from the smallest to the largest outcome and that
possible heterogeneity among observations is not properly addressed; these

shortcomings are a result to the following properties:
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(i) independent variables coefficientare fixed across injury levels
(ii) the thresholds are fixed acros observations

(iii) the probability function (Equatiof.2) is single #ndexed
(iv) the error term is normally distributed.

Much research in the statistics and econometrics literature has gone into addressing
these shortcomings. To address the fixedfficients assumption (i), Everitt (1988)
proposed dinite mixture modethat accounts for heterogeneity between groups of
individual observations by clustering. In the case of ordered data, it provides a very
flexible way of modeling heterogeneity amomggoups of individuals (Boes and
Winkelmann, 2006), while also improving on the marginal effect estimation. In the
same case (i), Boes and Winkelmann (2006) propasaddom coefficients modabk

a more flexible specification. These models randomize #narpeters of interest by
introducing an error term correlated with the unobserved facto@s(inom Equation

4.1). In the case of fixed thresholds (ii), Terza (1985) and Maddala (1983) proposed
the generalized threshold modelhich overcomes the limitation of fixed thresholds

by allowing them to be dependent on covariates; this generalization also makes the
analysis of marginal effects more flexible, but includes additional parameters to be
estimated. In the case of the proitigbfunction (iii), Boes and Winkelmann (2006)
proposed @&equentiabrderedresponse moddlased on methods used in the literature

on discrete time duration data. The probability function of the dependent variable is
expressed as a sequence of binanyiashmodels where each decision is made for a
specific category conditional on refusing all smaller categories (this is achieved by
starting from the lowest category and moving stepwise to the highest). Under this
generalization, even though marginaleetls estimation is more flexible, it becomes

computationally cumbersome.

In transportation research, some of these variances to the standard ordered response
model have been employed; examples are the works of Anastasopoulos and
Mannering (2009), Eluret al. (2008)and Milton et al. (2008). Irthe present thesis

we use the random coefficient specification where road user is the unit of analysis.
Since each individual has specific characteristics that may influence the severity

outcome differentially, ere is a possibility of (additional) heterogeneity in the
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model. However, in the standard ordered probit model the distributional assumption
does not allow for additional heterogeneity between individual realizations; the
random parameter models allow tinluences of variables affecting accident injury
severity proportions to vary across observations. This is achieved by adding an error
term that is correlated with the unobserved factor)imnd translating individual

heterogeneity into parameter hetgeneity as follows (Greene, 280

in= + 3 (Equation 4.3

where 3is a randomly distributeterm.

The severity function now becomes (Greene, 3200

Y*in= Xint @1 (Equation 4.3
where Giis the new error term (Greene, Z)0

QT in 3+ @ (Equation 4.%

4.4 Empirical Results

Choice probabilities in random parameters (mixed) models of discrete choice take the
form of a multidimensional integral over a mixing distribution (Brownstone and
Train, 1999). The integral does not have a closed form and, so, it must be evaluated
numerically. If the integral is approximated with random draws, a large number of
draws is usually needed to assure low simulation error in the estimated parameters
(Train, 2000). % KD W WHVWHG +DOWRQ VHTXHQFHV upuLQW
logit estimation and found them be vastly superior to random draws. In particular, he
found that the simulation error in the estimated parameters was lower using 100
Halton numbers than0DO random numberdhe reasons for the improvement are
twofold. First, the Halton numbers are designed to give fairly even coverage over the
domain of the mixing distribution. With more evenly spread draws for each
observation, the simulated probabilitiesry less over observations, relative to those

calculated with random draws (Train, 2000).
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The probit specification of Egation 45 was estimated using simulatibased
maximum likelihood, as maximum likelihood estimation of the random parameters
ordered probit model is computationally cumbersome (Anastasopoulos and
Mannering, 2009). Halton draws were used to estimate the parameters that maximized
the simulated logdikelihood function and normal, triangular and uniform distributions
were considered for éhfunctional form of the parameter density functidine

statistical software Limpdep (v.8) has been used for all applications.

Model estimation results are shownTiable10} omitted variables were removed from

the final model on the basis of low statistical significance. All estimated parameters
included in the final model are statistically significant (at a 95% confidence level) and
the signs are plausible as dissed below. The standard deviation of the parameter
distribution was significantly different from O for all but two of the variables included

in the final model; average speed in low traffic conditions and traffic voluae w
found to have fixed parameters across the population of road users. The normal
distribution was found to provide the best statistical fit for the density function of the
random parameters.

Table 10 Model estimation results for random and fixed parameters ordered probit models

Variable Fixed parameters model Random parameters model
coefficient t-statistics coefficient t-statistics Ssp?

Constant 0.426 0.33 2.429 6.48 0.737
H7GD\T -0.737 -7.71 -1.680 -9.62 1.132
HMGD\VOLJK) 0.930 10.17 1.544 10.18 2.277
M1IRUPDOT -0.508 -5.32 -1.064 -6.39 0.574
H)ODWT 0.629 7.09 0.764 5.59 0.092
MSQFLHQZ -0.009 -8.69 -0.067 -3.46 0.027
HMORWRTY -0.627 -6.74 -1.805 -10.79 0.110
p+91 0.626 6.74 0.481 1.69 0.030
npo4d 1 0.017 1.26 0.015 8.59 0.000
H4 PLQYT -0.001 -0.83 -0.012 -6.96 0.000
Thresholds

1 0.988 22.36 1.934 13.52

2.011 33.13 4.330 16.65
Number of observations 893
Log-likelihood with constantonly LL ~ -1207.487 -1207.487
Log-likelihood at convergence LLJ -1045.860 -590.441
=(LLI-LL(b))/LL(c) 0.134 0.511

®Standard Deviation of parameter distribution
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Table 10|indicates that the random parameters model significantly overperforms the

fixed parameters model based on both thelilagihood at convergence.l(( )) and

the overall fitting (  statistic) which improve noticeably when moving from the fixed

to the random parameters specification (Washington et al., 2003). Also, the likelihood

ratio test yields a value of 910.84, indicating a confidence that the random parameter
PRGHO SHWHWWHWRME 7KLY PRGHOLQJ DSSURDFK DOORZ\
heterogeneity being present as it can capture the different effects of the independent
variables on the population of vehicle occupants. We note that, besides statistical fit,

the two modeling sgcifications yield different qualitative and quantitative results for

WKH SDUDPHWHU HVWLPDWHV )RU H[DPSOHnd WKH WUD
M4 PLQY ZHUH IRXQG WR EH VWDWLVWLFDOO\ VLJQLILFI
analysis, which would yld on widely different policy recommendations depending

on the model selected.

Thetype of the dayworking day or weekend/holiday) on which the accident occurred
was found to have an effect on the severity outcome and resulted in a normally
distributed random parameter with a mean-b680 and a standard deviation of
1.132. In particular, accidentg@urrence on weekdays seems to increase the severity
outcome sustained by most vehicle occupants, but this effect varies across the
population of vehicle occupants. This finding may result from the higher level of alert
of the emergency response systems vegekends. Further, regular drivers that
commute daily and follow the same itinerary may be -@anfident, may over
estimate their abilities and undestimate potential dangers. However, further
research is needed to validate the above. Similar werénthiags in Quddus et al.
(2009), but not in Gray et al. (2008), where more severe crashes were found to occur
on Fridays, Saturdays and Sundays. If we attempt to further interpret the distributional
results, we find that approximately 93.1% of the indinits are more seriously
injured on working days (only 6.9% of the distribution is above 0). The latter

indicates that not all users react uniformly to the tgpday variable. This conclusion

! The likelihood ratio test statistic ¥[LL( fixed-LL( random] and isX? distributed with the degrees
of freedom(Washington et al., 2003) is equal to the difference in the numbers of parameters in the
fixed and random parameter®dels(here =7).
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would have been neglected under a fepadameter analysis, natducing a bias in the
results because of unaccounted heterogeneity.

The lighting conditionswere also found to be significant in the injury outcome.
Specifically, daylight conditions were found to exercise a positive and variable
influence on the seveyitoutcome of road users involved in accidents. A random
parameter with a mean of 1.544 and a standard deviation of 2.777 was estimated for
the related indicator variable (O if daylight, 1 otherwise). This suggests that 71% of
the distribution is over zerooW FDQ EH DVVXPHG WKDW XQGHU GD\C
vision is better and, eventually, they have more time to perceive and comprehend the
road environment and to react correspondingly. Therefore, as they perceive potential
dangers earlier, they have maiime to reduce their speed or perform other-last
minute actions that reduce the severity of arcoming crash. Similar conclusions
were drawn by Chimba and San(l009) Helai et al. (2008), Lee and Abeaty

(2005), Pai and Saleh (2008), Savolainen amehihéring (2007).

Even though weather conditions were not found to determine sevedty,surface
conditionsseem to significantly affect it. The presence of normal surface conditions
(normal=0) versus all others (wet or icy pavement) resulted in a fgrdistributed
random parameter with a mean-&f064 and a standard deviation of 0.574 implying
that normal road surface conditions significantly increase accident severity (negative
coefficient), but their effect is not the same across different inaisd Interestingly,

the distribution is over 0 at almost 97% of its surface, suggesting that normal road
surface conditions almost always aggravate the severity outcome. We note however
that this effect is not the same across road users (as it wouldalfex@tparameters
model), but has a varying magnitude; normal surface conditions were found to
provoke more severe accidents in several stud@esdlainen andlannering 2007

for singlevehicle crashes; Quddus et al., 20Bxvolainen andyamamoto and
Shankar 2004 for urban areas; Shankar et al., 1996; Xie et al., 2009). This effect can
be explained by driver ris&djusting behavior to the environment (risk offset

hypothesis), where on wet or icy pavement drivers are more careful.

Further, as anticipat, no (oad) curvature was found to reduce severity of

individuals involved in crashes. In other words, vertical curvature is expected to
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LQFUHDVH WKH VHYHULW\ OHYHO VXVWDLQHG 7KH UHOD)
for no vertical curvaturand 1 otherwise. Its estimated coefficient was found to be

normally distributed with a mean of 0.764 and a standard deviation of 0.092, implying

that practically all road users react uniformly to road curvature with respect to the

severity outcome. AscendQJ RU GHVFHQGLQJ KLJKZD\ VHIPHQWYV PI
field of vision causing a reduction in the time available for reacting to potential
dangersThis finding corroborates earlier observations by Savolainen and Mannering

(2007) for singlevehicle crabes.However, the magnitude of this effect is variable

across driverand rather limited as freeways design meet high standards

The variable capturing the combined effectdDLQ\ ZHDWKHU DQG GULYHUVS
MDQFLHQZ f ZDV GHILGssIR assBcidips keRvedd sevétity ahd the

behavior of inexperienced drivers (holding recent driving licenses) under adverse

weather conditions. Indeed, it was found that under severe weather conditions such as

VQRZ VHYHULW\ OHYHGW LYDHW HODLVFH QR Y YIU HFRHHIJ®HULHQF

corresponding coefficient was found to be normally distributed with a me#&n0&7

and standard deviation of 0.027. This finding implies that under fine weather

conditions, there is no significant effect oKH GULYHUYfV H[SHULHQFH RC(

outcome. On the contrary, increased experience causes a significant reduction in the

probability of severe accidents in rainy weather.

7ZR Rl WKH H[SODQDWRU\ YDULDEOHYV uPRWRY p+997 HI[D
in which the road user was travelling at the time of the accident. They were both
found to follow the normal distribution. Specifically, the parameter distribution for
the indicator variable for-&heelers (moto=0, 1 otherwise) was found to have a mean
of -1.805 and a standard deviation of 0.110. Correspondingly, the parameter
distribution for the indicator variable of heavy vehicles occupants (HV=0, 1
otherwise) was found to have a mean of 0.481 and a standard deviation of 0.030. This
indicates that praically all 2-wheels riders (all distribution below zero) have
significantly higher probabilities of getting severely injured if involved in accidents.

In contrast, practically all heavy vehicle drivers and passengers (all distribution above
zero) have sigficantly lower probability of suffering a severe injury when involved

in crashes. This finding can be explained by the difference in the mass of heavy

vehicles compared to other vehicles; in case of a collision, the lighter vehicles absorb
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the greatest phof the kinetic energy. The limited protection that motorcycles offer
along with their reduced stability and the difficulty in being observed by other road
users influences severity in this direction. Abé&ey (2003) claimed that passenger
car occupantsuffer more severe injuries than van and pickup occupants. Shankar et
al. (1996) concluded that the vehigteass difference indicator is a factor significantly
affecting severity, while Yamamoto and Shankar (2004) found that driving a
motorcycle or truckn urban areas significantly decreases driver injury severity. We
note that, in the UK, heavy goods involvement in motorcycle accidents occurring at
T-junctions was also found to increase severity (Pai, 2009).

Turning to traffic characteristics, modektimation results indicate that they have
fixed parameters across observations as the standard deviation was not found to be
significantly different from zero. The negative sig®.012) of the traffic volume
coefficient (Q6minv) implies that for lowendffic volumes, probability of more
severe accidents is significantly higher. The latter comes tiy vilhe common
assumption that under free floarivers tend to travel at higher speeds and, thus, the
severity level of potential accidents increases ¢Bdtal., 2008; Quddus et al., 2009;
The Scottish Office Central Research Unit, 109Ihdeed, the average speed
developed under dense traffic conditions (>1,12@icles/lane/hour) was found to
have a significant and positive association with severityh@gorresponding variable
u94 9 KDV D SRVLWLYH SDUDPHWHU FRHIILFLHQW
traffic volume level (1,120/lane/hour), higher speeds imply higher probability for
more severe accidents. However, there appears to bemificaigt difference beneath
this traffic volume; this can be attributed to the dispersion of speeds under free flow at
a rather random manner and does not affect severity in a consistent pattern. We note
that in previous work by Aron et al. (2009) in aad frequency estimation, the
DXWKRUV FRQFOXGHG WKDW XQGHU plOXLGY WUDIILF FI
RFFXU ZKLOH IHZHU LQMXU\ DFFLGHQWY RFFXU LQ pGHQ
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45 Concluding remarks

Accident severity is of particular concern to batecision makers and researchers.
Past studies have indicated several factors as significantly influencingimpash
severity (e.g. driver age, weather conditions and so orthermpresent thesisising
highway data from Paris, France, we found thewelling on 2wheels, at night or on
highway segments with curvature significantly increases the probability of getting
involved in more severe accidents. In contrast, travelling in heavy vehicles, on
weekends or on dry pavement surfagesluces the prability of severe accidents.

Less experienced drivers seem to encounter problems in dealing with adverse weather

conditions and related potential dangers.

Most importantly, the analysisillustrated that there is a significant relationship
between the sevity outcome and the traffic characteristics at the time of the accident.
Traffic volume was found to have a consistently positive effect, while speed appears
to have a differential effect with respect to traffic volume. While in higher traffic
volumes hgher speeds aggravate severity outcome, in lower traffic volumes speed
does not significantly influence severity in a consistent pattern. This finding indicates
that speededucing measures should be considered even in rather dense traffic
highway segment@hat allow however for speed variation among drivers) and should
address speeds lower than the posted speed limits. In this context, real time
adjustment of speed limits may prove very beneficial, though further research is

needed to verify the latter.

The modéng approach presented in this chapigra random parameters ordered

probit model that offers the possibility of heterogeneity as it captures the differential
effect of the independent variables on the population of road users. This
differentiation does not only concern the magnitude of the effect on the population,
but also the effect itself, whether it is positive or negative across the population. The
use of a fixed parameters ordered probit model would lead to neglecting

heterogeneity, biasintpe results and making incorrect policy recommendations.

Introducing reatime collected data from the time of the accident can provide

additional insight into the context that severe accidents occur and could also prove
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helpful in reducing severity of accidents. If further combined with frequency models,
they ould help in identifying appropriate safety enhancements, in estimating

monetary gain and possibly in preventing severe accident occurrence.

Suggestions for further research would include the influence otinealtraffic data
aggregation level. On th&eeway treated, traffic data are collected every 6
minutes, while on other infrastructures, the respective period is much shorter. For
example, on most U.S. freeways the measurements are averaged and cfaotected
every 30 seconds.
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Chapter 5

Incident management using real-time traffic data on

urban freeways

This Chapteinvestigates the introduction odad safetyanalyss outcomesn an
integrated incident management scheme. To this end, we prosyoh®jpsiof related
incident management analyseé synthesis is then performedtie effort of
establishinga conceptual framework for incident management applications using
real-time traffic data on urban freewaydle usedissertationprevious findings to
explore potential imptations towards incident propensity detection and enhanced

management.
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5.1 Introduction

5.1.1Incident management and duration

Over the last decades)cident managemenhas been of great interest to both
researchers and practitioners. Incident management includes a variety of applications
under the objective of best addressing an incident occurrence (as well as its
consequences) in various fields such as industrial &sjuratural disasters, and so on.

In transportation research, incident management is defindk aystematic, planned,

and coordinated use of human, institutional, mechanical, and technical resources to
reduce the duration and impact of incidents, angrowe the safety of motorists,
crash victims, and incident respondé$HWA, 2000).

Incident duration ighe time elapsed betweehe occurrence of an incident aris
completeclearance (Zografos et al., 200Buring this time interval, @nsecutive
actions taken by the operators are: detection, verification, motorist information,
response, site management, traffic management, and clearance (Bunn and Savage,
2003). Among other goals, incident management strategies aim at minimizing
incident durationAn Integrated Management System (IMS) consists of the following
three subsystems: i) incident detection, ii) incident response logistics, and iii) motorist
information and traffic management (Zografos et al., 2002). The benefits of
minimizing incident durion are numerous and concern highway operators (e.g. cost,
road safety performance), crash victims (e.g. time to hospital), other road users (e.g.
delays, secondary incidents), and society (e.g. incident externalBiesides, e

proper identificationand prioritization of factors that contribute to emergency
management services response and clearance times result in better usage of taxpayer

resources (Lee and Fazio, 2005).

5.1.2 Emergency response and location analysis

Emergency station locatiofe.g police, fire stations) analysis falls into location
analysis; term that refers to the modeling, formulation, and solution of a class of
problems that can best be described as sitting facilities in some given space (ReVelle
and Eiselt, 2005). Obviouslyreergency unit location is important to overall incident
duration. In particular, the time needed to reach an incident scene is of great concern

to emergency medical services (EMS) in order to mitigate incident consequences on
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people. In a redlime context EMS managers are faced with two main problems: an
allocation problem and a redeployment problem (Gendreau et al., 2001). The
allocation problem consists of determining which ambulance must be sent to answer a
call. The redeployment problem consists dbcating available ambulances to the
potential location sites when calls are received; ambulances are assigned to potential
sites to provide coverage. Covering constraints may be either absolute or relative.
Absolute constraints require that all demands satisfied withinr, minutes, while
relative constraints require that a proportion of demarsl also satisfied withim

minutes (2> r1).

There are four components that characterize location problems; these are 1)
customers, who are presumed to beady located at points on routes, 2) facilities
that will be located, 3) a space in which customers and facilities are located, and 4) a
metric that indicates distances or times between customers and facilities (ReVelle and
Eiselt, 2005). Facility locatio models have been widely applied in real life problems
with examples that include the sitting of EMS, police and fire stations, bus garages
and airline hubs (Current et al. 2002). Comprehensive reviews of such models can be
found in Drezner and Hamach&0Q2), Goldberg (2004), Revelle and Eiselt (2005)

and Jia et al. (2007), while Brotcorne et al. (2003) provide a focused review of their
application in emergency response services. Location models are distinguished in
coverage and median type models (Bannand Krass, 2002). Coveratype models
attempt to locate servers so that adequate coverage is provided to demand points,
implying that there is at least one server that can undertake demand for service in a
position within a preset maximum distance. Ndgetype models minimize average or

total travel cost between servers and demand and locate them accordingly.

Early efforts onemergency responservice planning focused on two basic coverage
models: the Location Set Covering Problem (LSCP) by Toreigak €.971) and the
Maximal Coverage Location Problem (MCLP) by Church and Revelle (1974). The
former consists in minimizing the number of facilities required to cover all demand
nodes within a specified time or distance standard, while the latter asthahdise
number of vehicles is less than the number needed to cover all demand nodes. Later
efforts considered the case of several server types (Marianov anell&el992

Schilling et al., 1979) and multiple coverage of demand for service (Gendrebu et a
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1997, 2001 Hogan and ReVelle, 1986). On the other hand, tmeedian problem,
originally proposed by Hakimi (1964) was used by Calvo and Marks (1973), Carson
and Batta (1990) and Paluz2i0(4) for planning emergency response services.

Basic locatim models are deterministic and, in that sense, do not capture inherent
uncertainties often encountered in emergency response services (Brotcorne et al.
2003 Jia et al., 2007). As a result, dynamic models that involve uncertainty (mainly
uncertainty regatidg demand evolution) were developed (Revelle and Eiselt, 2005).
Probabilistic methods and scenario approachvese employed to address such
problems. Nonetheless, Revelle and Eiselt (2005) note that very few references exist
on the subject of cyclic demds for emergency responses. Cyclic or periodic
demands refer to relatively predictable demand patterns that fluctuate through a day or
a year. Another approach derives from queuing, where customers will patronize
facilities not only based on their proximitto them, but also on the expected
congestion at facilities (Larson, 1974). If parameters are uncertain, and furthermore,
no information about probabilities is known, we refer to robust optimization problems

(Snyder, 2006) that often optimize the worsteperformance of the system.

5.1.3 Ambulance location and relocation problems

Brotcorne et al. (2003) provided a substantial reviwthe ambulance location and
relocation modelgproposed over the last 30 years. The authors note that advanced
information technologies are often used to assist the ambulance management process
in terms of road network surveillance, vehicle positioning systems, geographical
information systems, and sm. Ideally, they remark, these systems should be fully
integrated and interconnected within an ambulance relocation module. Besides, with
newest models and algorithms, large scale problems can be solved rapidly and
dynamically in reatime, with a high ével of accuracy. Thus, a new ambulance
redeployment strategy can be recomputed at any tinusing reattime available
information. The authors trace only one such research effort (Gendreau et al., 2001)

and note potential research interest in the field.

Carson and Batta (1990) developed a model where a single ambulance was relocated
on the Amherst Campus of the State of New York according to the population

movements throughout a day. The authors divided the day in four unequal time
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periods and solvedne-medium problems on respective network states to determine
locations for the ambulance. Gendreau et al. (2001) developed a modet ithat
addition to the standard coverage and site capacity consteamgtkided a number of
practical considerations iehent to the dynamic nature of the problem such as
avoiding long trips, and avoiding round trips. The objective was to maximize the
backup coverage demand minus a relocation cost. The model was truly dynamic since
it incorporated new information on the tetaf the system received at each petiod

that a call was registered. The authors developed a fast tabu search heuristic
implemented on parallel processdrajagopalan et al. (2008) formulated a dynamic
model with the objective of determining the minimumamber of ambulances and
their locations for each time cluster in which significant changes in demand pattern
occurred while coverage availability requirements were Mete recently, Schmid

and Darner (2010) worked on ambulance location and relocatioblems in urban
environment. They developed a muggriod version, taking into account time
varying coverage areas, where they allowed vehicles to be repositioned in order to
maintain certain coverage standard through the planning horizon. The totahgla
horizon of 24hours was equally split into 6 time intervals and-te@endent travel

times were aggregated accordingly.

An overview of timedependent ambulance location and relocation models reveals

that dynamic models may refer to:

x fluctuationsin demand (calls) (Rajagopalan et al., 2008)

X population movements throughout a day (Carson and Batta, 1990)

x changing fleet sizes (Repede and Bernardo, 1994)

Xx DPEXODQFH VSHFLILF EXV\ SUREDELOLWLHV *DOYmMR HYV

X travel time variability (Schmid and Dower, 2010)
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5.2 Reattime traffic data in incident management

Conventionally, planning and resources coordination were predefined. Lately,
technological advancements allow for resourcesrdination to be made retine

taking into account time@arying parameters such as traffic flolowadays, most
freeways are equipped with continuous surveillance systems making disaggregate
traffic data readily available; these have been usedingident management
applications. In particular, reéiime traffic data Ave been largely utilized under the

scope of: a) travel time estimation, and b) incident detection.

a) Travel time on freeways is largely traHtependent; minimized under frlew, it
reaches a maximum when congestion is formed.-idoarrent congestio is
related to incident occurrences and accounts for over 50% of the total delay
suffered by road users (Lindley, 1987). Incident response strategies include travel
time implications as they search to minimize incident duration; the latter including
emergHQF\ XQLWVY WUDYHO WLPH DQG WKH WLPH WR UHV
studies address the issue of locating emergency units under the objective of
minimizing travel times with regards to changing traffic conditioBshimid and
Doerner, 201)) while othersfocus on traffic incident management-the-scene, in
order to minimize the time required to restore road capéBiyn and Savage
2003). All such efforts remairreactive in natureas theyattempt tominimize
incidentimpacs, while they donot sarch to prevent incidents from happening (as

in proactive investigationsY.heyall take place after an incidence occurrence.

b) Reaitime decision support systems have been identified as promising means for
improving the decision making capabilities imcidence response logistics
(Zografos, 2002)Towards this directionvarious authors (Madanat et al., 1995
Stephanedes and Liu, 1995) developed incident detection algorithms in the effort
to promptly detect incidents and reduce the time required taatmitiraffic
managemenactionsand emergency response measures (Corby and Saccomanno,
1997). Various criteria were used as acciedgtection parameterchange in
speed, vehicle occupangytraffic volume and so onincident detectionnvolves
the analysis of patterns in traffic surveillance data observed just after the incident

The analysis is performad order to develop models that separate-tiez traffic
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conditions resulting from incidents from frflew and/or recurring conggtion
(AbdelAty and Pande, 2007). In the 1990s, incident detection analyses attracted
research interest since re¢ahe traffic data became widely available. Later, new
technologies (the use of mobile phones, GPS, CCTV systems etc.) made incident
detection rather obsolete as users communicate directly with road operators in the
case of an emergency; with the latter being able of promptly verifying an incident
occurrence. Incident detection analysial®reactive in nature aneby definition

ttakes place after an inciddroccurrence.

5.3 Reaktime traffic data in road safety

Madanat and Liu (1995) were of the first researchers to conceive the idea of a real
time incident likéihood prediction simulator t@roactively address incidents. They
used freeway geometric characteristics, segmaae characteristics (e.g. weather,
time of the day), and secti@pecific conditions (e.g. traffic volume, speed, speed
variance) as inputs to their model. The outputs were theuwangng likelihoods of

traffic incidents.

Oh et al. (2000) classified traffic conditions in two patternsd{sjuptive beingthe
traffic condition potentially leading to an accident occurrence anddbyal, being
the traffic pattern not involved iaccidens. The standard deviation of speaderaged
over a 5minute interval was the best indicator of disruptive traffic fldwey used
the 1880 freeway (California) accident and traffic dataset and estimated the
likelihood of giventraffic observationgas described by speed variation) belaggo

eitherdisruptive or normal contdons.

Golob and Recker (2@0 200L) and Golob et al. (2008) extensively worked on the
matching of traffic flow parameters and crash characterist@dgding injury severity
Accident and traffic data from South California highways were used in that purpose.
Traffic flow was measured in terms of -38c observations from inductive loop
detectors in the vicinity of the accident prior to the time of its occurrei2cg o -
30min). In Golob et al. (2004)aprototype software tool was generated in an effort to
develop a realime safety monitoring toolKockelman and Ma (2007) used a subset

of the previous study dataskt associate the time distance of a traffleservation
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(from accidentoccurrencetime) to crash likelihood. However, empirical findings
indicated no relationship between speed, speed variandecrash likelihood.

AbdelAty and Pande (2005)Pande and Abdelty (2006) andAbdelAty et al.

(2007) used reatime traffic and accident data from the Icorridor inOrland to
identify crash propensity factors. Results showed that at least 70% of the crashes on
the evaluation dataset could be identifi€dirthermore, he authorsevaluatedITS
strategies in a simui@n environment (PARAMICS) for their potential benefits in
improving readtime safety on the-4 corridor (Abdel-Aty et al, 2007). It was found

that under congestion, ramp metering and/or route deviation can yield significant
reduction in reatime crashrisk. However, variable speed limits may be more

beneficial

/[HH HW DO RSSRVHG WKH QRWLRQcévept®hbBHHPSW LY H
incident detectiomeactive systes The goalwastwofold: to a)in reattime identify
traffic conditionsassociated with high crash frequency, and)tmtervene tomodify
traffic conditions(e.g. variable speed limitCrash potentialvas defined athe long
term likelihood that a crash will occur for given traffic, environment, and roadway
conditions Using data from Canadian freewaykee et al., 2002, 2003, 2006a,
2006b) the authorgound that variationin speed and traffic density weestatistically
significant predictors of reaH Q @&&gfiency while variation in flow and peak/off
peak periodsvere carelated with sideswipe crasheBhe optimal observation time
was found to be precursespecific. In Lee et al. (2006b)a microscopic traffic
simulationwas usedo realistically simulate changes in traffic conditions agtiect

of variable speed limitdn Lee et al. (2006c), theffects of a safety measure (ramp
metering)were quantified resultssuggestedhat ramp meteringvould reduce crash
potential by 537%.

Concluding, safetpriented analyses using rea@he traffic data attempt to identify
appropriate crash precursors that could act as identifiers of potentially dangerous
situations. Results seem very promising, but have not been extensively applied.
Applications include traffic management measures such as ramp metering (Lee et al.,
2006¢) andhave not been integrated in IMS schemeseiohancedraffic incident

management.
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5.4 Conceptual framework

5.4.1 Proactive vs. reactive approaches

In many fields (e.g. industry, medicine), the concept of prevention is commonly
described by a division into stdoncepts, each of which is intended to represent one

main preventive strategy (Andersson and Menckel, 1995). The most widely employed
classifiation in medicine was launched by Gjestland (1955). According to this

classification, preventive activities are divided into primary, secondary, and tertiary
activities that are related to different periods in time in the course of a disease.
Primary prevation is taken in advance, while secondary and tertiary actions are taken

later on.

Primary prevention can be further divided into proactive and reactive (Catalano and
Dooley, 1980). Proactive activities are designed to deter or limit exposure, while
reactive activities are aimed at the promotion of coping or increasing adaptation in
response to an exposure that has already taken place (Catalano and Dooley, 1980).
Thus, proactive actions are taken before expognmary activities) while reactive

actions can be taken either before or after exposure but are always designed to have

an effect after exposure (Andersson and Menckel, 1995).

In line with the above, npactive incident management includes all investigations
made in the aim of finding ways tbmit dangerous conditions and farevent
incidens from happening Reactive approaches tgeneric incident management
include all research performed in the area of being prepared to deal with the

occurrence of a specific incident and of its consequentes following scheme

summarizes all possible preventive activit|legy(ire §Error! Reference source no
found.).

Figure 8 Preventive Activities

Preventive Strategies

. Proactive
Primary :
accident Reactive
Secondary Reactive
Tertiary Reactive
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5.4.2 Incident management taxonomy

Employing a similar terminology in transportation resegprbactive traffic incident
managemenivould refer to all actionsakenin advance in order timit or deter road

XVHUVY H[SRVXUH LQ GDQJHU ,Q HVVHQFH DOO VXFK LC
from happening and may include passive or active measures; the latter requiring

human participationral initiative. In line with the above, proactive measures may

refer to enhanced road design (a passive measure), driver additional traamng (

active measurl or even reatime applications such as variable speed limits.

accordance t&jestland (195pclassification, proactive incident management wosld

by definition be aprimary prevention as it takes place before incident occurrences.

Similarly, reactive traffic incident managememtould include all conventional

incident management approachesnglwithall actions taking placafterthe incident

and aiming at mitigating its consequenddswever, to the best of our knowledge, no

primary reactive techniques have been developed with traffic incident management
analysis. Such techniques would tagdtacebeforethe accident occurrence; while still

targeting consequence mitigatidf. for example, a hazardous situation is occurring

due to high speeds, the operator cotdbactively warn drivers for potential dangers

or directly decrease speed limt D SDVVLYH PHDVXUH LI GULYHUVYS
considered givenHowever, if drivers do not react accordingly and/or risk level stays

high, the operator couldteactively relocate the position of emergency vehicles in

order to respond faster tqoatental incident occurrence.

To the best of our knowledgegactiveincident management approaches taking place

before the incident occurrence while utilizing re@he traffic data are not yet

considered|Table 11| summarizes the proposed framework fwaffic incident

management techniques with respect to their target (proactive vs. reactive), to whether
human initiatives are required (active, readtiand to the time they apply (primary,

secondary or tertiary)ndicative xamples are givefor each emerging category.
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Table 11 Traffic incident management taxonomy

Proactive Reactive
active passive active passive
Primar e.g.warning message for e.g.variable  e.g.warning message foi  e.g.ambulance
y potential dangers speed limits restraint system use relocation
e.g.warning message foi  e.g.ambulance
Secondary incident occurrence allocation
Tertiary 3 ) ) e.g.enhanced healtr

treatment

Concluding, even though other disciplindscluding road safety and traffic
management)consider both proactive and reactive strategies, traffic incident
management has remaineinly reactivein nature Furthermore, imainly considers
passive measures and strategies where road user initiatives are not Neededer,
incident management techniques mainly take place after an incident occurs excluding
any primary prevention consideratiorfSinally, crash typespecific $rategies have

little been discussed.

Real time traffic data availability enables fadditionalapplications incorporating

such data in incident management enables for new perspectives in road safety
techniques andeems beneficial in many wayRoad afety studies have dealt with
minimizing road user exposure by adopting either active or passive approaches;
however without incident management considerations. To the best of our knowledge,
incident management dynamic models do not take full advantageakiime traffic

data availability. Under the light of the above, integrating road safety analyses (using
reattime traffic data) in incident management would help in minimizing incident

duration as well as in reducing incident occurrences.

5.4 3 Integating road safety analyses to incident management

In Chapter3, we examined the effects of various traffic parameters on type of road
crash. Multivariate Probit models were specified eyedrs of data from the AA86
highway section in the llde-Franceregion, France. Results provided the propensity
of each of the five crash types considered with regard to lighting conditions, road
gradient, traffic density, average speed, and traffic voluGrash type propensity
could be used in an IMS as an additiboanstraint in EU locationFirst, there is
strong empirical evidence thatvegity outcomes are crash tygdependent Yau,

2004; Pai and Saleh, 200&econd,incident management (in terms of type of EU
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needed, overall duration, and so on) is relateatrash type (Drakopoulos et al.,
2001) the model outcomes could be usecestimate on a reéiime basis the location
of crashspecific emergency units such fe-fighting vehicles Third, crash type
propensity(if combined with a corresponding crashginency analysis) could be used
in crash prediction modeb.

In Chapter4, we applied a random parameters ordered probit model to explore the
influence of speed and traffic volume on the injury level sustained by vehicle
occupants involved in accident$ dhe A4A86 junction in the Paris region. The
application estimated a predicted probability of several injury levels given that an
incident occurs with regard to type of day, lighting conditions, pavement condition,
weather, road curvature, driver expede, type of vehicle, traffic flow, and average
speed.

Severity probability estimation could be used in IMS in various waseffic crash
severity has the most effect aesponse times; by assessing resources currently
dedicated to insignificant factors, emergency management services can further
improve response times to those casualties that crucially need emergency services
(Lee and Fazio, 2005Moreover, sverity outcone probability could be utilized in
relocating ambulances along the highway according to the probability of severe
incident occurrence. As a result, ambulances could be relocated nearer to the point
where they are most needed and incident response timedwation could be
significantly reducedTo the best of our knowledge, rsuchdynamic ambulance

relocation model using probabilistic demand on highways has been developed.
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Conclusions

This Chaptessummarizeshesismajor findings and provides overall conclusions
regarding the analysis performedhe thesis contribution is discussed, while

indications forfuture research are given.



Chapter 6 Conclusions

6.1 Researchundertaken

Increases iraccident related costs along with sustainable development concern have
turned countries and international organizations towards accident mitigation programs
and policies. Incident occurrence and response have also attracted considerable
research interest ithe past three decades. Regardless of modeling techniques, a
serious factor of inaccuracyin most past studiexhas been data aggregation. The
Average Annual Daily Traffic (AADT) has been the most commonly used measure to
reflect traffic conditions. Heever as most freeways are equipped with continuous
surveillance systems, disaggregate traffic data collection is possible as well as readily
available; such data have been used in only a limited number of studies.

In this contextthe main research ques of the thesis was whether and how traffic
parameters affect accident patterning, consequences, and respdwesehedis
objectivewas touse highway traffic data collected on a riale basis in order ta)
explore the effects of various traffic paneters on type of road crash, b) investigate
the influence of traffic parameters on the injury level sustained by vehicle occupants,
and to c) explore possible implications in incident management stratégidss end,
four main research activities wewadertaken:

1) aliterature review of relevanbad safetyesearch,

2) an empirical investigation caxcident type propensity,

3) an empirical investigation of vehicle occupant injury severity, and

4) the development of a conceptual framework towandsoducing reatime

traffic data in incident management and response.

6.2 Summary of findings

In the first research activitfChapter 2) we summarized the state of the artroad

safety research; the large body of literature was organized on the basoth
methodological and thematic criteria. These criteria included a) the method employed,
b) the level of analysis assumed, c) the scope of the performed analysis, and d) the
incident phase considered. The dissertation field of interest was defittedespect

to the taxonomy established. In particular, a data observational study was conducted

within a descriptive scope of analysis. Stochastic modeling was used to address the
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main research questions in a rather disaggregate context of analysgentnci
outcomesz=in terms of either crash type or severtywere the dependent variables

considered. Incident type refers to accident patterning, while severity is linked to

incident consequences. To this end, -teak traffic data were extracted from
conWLQXRXVY ORRS PHDVXUHPHQWY DW WKH WLPH RI WKFE

field observations).

In the second research activighapter 3)we examined the effects of various traffic
parameters on incident type. Multivariate Probit models were spg@f 4years of
data from the A4A86 highway section in the Hde-France region, France. Empirical
findings indicated that incident type could almost exclusively be defined by the
prevailing traffic conditions shortly before its occurrence. Reat crakes, for
example, involving two vehicles were found to be more probable for relatively low
values of both speed and density, fread crashes involving more than two vehicles
appeared to be more probable under congested conditions, while-\ahgite

crashes appeared to be largely geomeependent.

In the third research activityChapter 4) we extended research on the factors
influencing the level of incident severity by including traffic data from the moment of
the accident. A random parameters ordered probit model was applied to explore the
influence of speed and traffic volume on the injueyel sustained by vehicle
occupants involved in accidents on the-Ag46 junction in the Paris region. Results
indicated that increased traffic volume had a consistently positive effect on severity,

while speed had a differential effect on severity dependn flow conditions.

In the fourth research activi(Chapter 5)we investigated the introduction of incident
analysis outcomes in an integrated incident management scheme. To this end, a
synthesis of related incident management analyses was perfdtrondter, crash data
studies using traffic data collected on a @@l basis at the time of the incident
occurrence were analyzed. Tegnthesis led to establishimgconceptual framework

for incident management applications using teak traffic dataon urban freeways.

We used findings from the previous research activities to explore potential

implications towards incident propensity detection and enhanced management.
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6.3 Conclusions andhesiscontribution

The main research question of the thegas to explore the effect of various traffic
parameters on accident type frequency and accident sewstitgsearch activities
indicated a strong and critical impact of prevailing traffic conditions upon accident
occurrences. Traffic speed and volumeeviound to almost exclusively define crash
type and to significantly affect the injury severity level sustained by vehicle occupants
involved in accidents. This overall conclusion suggests that similar accident
investigations shouldtonsiderthe actual @ffic conditions at the moment of the

accident occurrense

The thesis offered an important potential gain to society as additional light was shed
on the accident mechanism of occurrence. Road users roagnbeble to recognize
hazardous situations (i.gaffic conflicts), to know the best way of addressing them,
and to react appropriately towards mitigating the hazard. Also, road authorities may
implement effective redime measures and, thus, reduce accident probabilities.
Emergency response authomtieould benefit from results in order to provide a
quicker and more effectivdreatmentto injured persons and, consequently, reduce
fatalities and heavy injuries due to crashes. All these potential benefits may
significantly reduce traffic accident sewgrand mitigate related fatalities that figure
among the leading causes of death, especially in developing countries and among

young people.

Thethesiscontribution to research state of the art and practice is manifohktgme

traffic data are radily available in most freeways and shewnificant potential for
research and applicatiandowever, related work has been limited in the past years.
In freeway incidentresearch, most studies use aggregation of exposure data
nedecting their natural variance whichay result in heavy underdispersidie used

traffic data averaged over anginute interval and collected retiine at the moment of

the L Q F L Gddd@vérfce. From a methodological standpoint, such disaggregation
minimizes possible bias and provides better estimates. Moreover, the exploration of

the influence ofeattime traffic variables on incidemtutcomes (in terms of both type

and severity) provided significant insight intheQFLGHQWYYV PHFKDQLVP RI
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Based on the analysis of historical daexformed typical traffic patterns recorded

prior to accidents may then act as +eale identifiers (AbdelAty and Pande, 2007).

Such research is useful for researchers and practitioners in estimating accident and
congestion external costs and in transportation planning. Further, it may enable
practitioners and authorities to locate hazardous spots on the road networks by
utilizing realtime data widet available. Once a location is identified as being
susceptibléo a given crash type occurrence, it may be flagged with warnings through
variable message signs (VMS). Furtinere the concept of variable speed limits
could be used to intervene on driver behavior and to reduce speed varfidigon.
presence of traffic gice on the designated locations could also serve as a crash

prevention measure.

In addition to reatime monitoring of safety levels, a safety performance tooldbe
developed andised in project evaluation and planning. Safety aspects of costs and
benefits can be assessed by comparing the levels of safety before and after
implementation of a treatment (Golob and Recker, 2004). Finally, a procedure that
uses reatime data on traffic flow, speed, and occupancy and the relationship between
these varibles and crastype occurrence could be used to develop congestion

mitigation strategies that incorporate safety (Garber and Subramanyan, 2001).

In conclusion, the attempt to further study and develop accident models, and in
particular the integration ofealtime data, can significantly contribute to the
elaboration of a bettestructured incident response system with predictive power.
Thus, accidentountswould be decreased and their consequences would be further
limited. Apart from human lives savean economic burden would be taken fodfm
societies; nowrecurrent congestion would be decreased, while environmental gains

would occur.
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6.4 Future research

We recognise thathe analysisperformedsuffers from limitations needing further
investigation; first, loop detectors aggregate counts and occupancies -ovier 6
intervals.Second, the set of influencing factors used as regressors was not exhaustive.
Possible uncertainty in the exact time of thecident occurrence should also be
examined. Further, we did not distinguish in our analysis among freeway lanes, and
only separated traffic regimes in two (peak andpeffik). Golob and Recker (2004),
after performing a similar analysis, provided impattavidence that it is significant

(i) to capture variations in speed and flows separately across lanes and (ii) to more
strictly define traffic regimes.

Considering the aboveiggestions for further research would include the influence of
reattime treffic data aggregation level. On the freeway treated, traffic data are
collected every 6 minutes, while on other infrastructures, the respective period is
much shorter. For example, on most U.S. freeways the measurements are averaged
and collected every 3@condsin addition, more causal factors should be included in
future analyses in order tcquire a better understanding of accident mechanism of
occurrenceAlso, considering more traffic regimes may provide additional insight in

the impact of traffic conditions on safety analyses.

Furthermore, we have assumed linearity of the utility functions in all model
specifications. We note however that the possybiit a nonlinear utility function
cannot be rejected; recent research in meéonomics (Orro et al., 2010) provides
evidence that linearity may not be always the case. To the best of our knowledge, in

road safety, such an assumption has not been tgsted

Also, we used a dummy variable to test for the homogeneity of data over the analysis
period (20002002 and 2006) and found them to be homogeneous even though
operational changes haddeedtaken place (e.g. speed camera enforcemdig.
robustness faresults was not tested for the case of other changes (such as extension of
the calibration period); such stability evaluations could be madertier validate

results. In addition, the site studied (AA486 junction) has very specific
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characteristics. A a result, any extrapolation and transferability assumption regarding
the results obtained should be first tested.

Finally, realtraffic time data availability enables fqrimary preventive incident
managementapplications; i.e. applications thaake place before the incident
occurrenceslncorporating realime traffic data in incident management enables for
new perspectives in road safety techniques and seems beneficial in many ways;
however it has not been adequately considered Wet.should notehat all such
techniques and measures should be first tested for their efficiency in terms of road

safety enhancement.
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Model outputs

Examples of nodel outputs(Limpdep v.8)

-- > probit;lhs=type4; rhs= ONE,tjour,k2 $

Normal exit from iterations. Exit status=0.

+

| Binomial Probit Model |
| Maxi mum Likelihood Estimates

|
| Model estimated: May 10, 2010 at 11:17:06AM. |

| Dependent variable TYPE4 |
| Weighting variable None |
| Number of observations 235 |

| Iterations completed
| Log likelihood function

| Number of parameters 3 |
| Info. Criterion: AIC = .82928 |

| Finite Sample: AIC = 82972 |
| Info. Criterion: BIC = .87

| Info. Criterion:HQIC = .84708 |

| Restricted log likelihood

| McFadden Pseudo R -squared  .0278167

| Chi squared 5.404346 |
| Degrees of freedom 2
| Prob [ChiSqd > value] = .6705965E

| Hosmer - Lemeshow chi - squared = 10.76788

| P -value= .21520 with deg.fr. = 8

+

R R E—— R ——

-+

|Variable| Coefficient | Standard Error |b/St.Er.|P[|Z|>Z]| Mean of
X|

R R E—— R ——

-+

————————— +Index function for probability

Constant -1.78863194 .35827108

TIJOUR | . 44331172 .25263488
K2 | .07607589 04261042 1.785 .0742 2.41355111

Probit model for variable TYPE4 |

P
N= 235N0= 201 N1= 34 |
LogL= - 94.440 LogLO=

Efron | McFadden | Ben./Lerman |
.02370| .02782 | .75868 |
Cramer | Veall/Zim.| Rsqrd_ML |
02482 | .04967 | .02273 |

+— " +—-———— +_—_— +

| Information Akaike I.C. Schwarz I.C.
| Criteria .82928 .87344 |
+

-4.992 .0000
1.755 .0793 1.17021277

Fit Measures for Binomial Choice Model |

roportions PO=.855319 P1=.144681 |

Estrella=1 - (L/LOY™ - 2L0/n) =.02305 |
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Model outputs

-- > MPROBIT;Lhs=TYPE2,TYPE3, TYPE4,TYPE5,TYPES®;
Eq1=ONE,v2k2,jour;
Eq2=0ONE,qg2,profil;
Eq3=ONE,k2 tjour;
Eq4=0ONE,V2,profil jour;
Eg5=0ONE,profil,tplan$

Normal exit from iterations. Exit status=0.

+ +
| Multivariate Probit Model: 5 equations. |

| Maximum Likelihood Estimates |

| Model estimated : May 04, 2010 at 02:41:33PM.|

| Dependent variable MVProbit |

| Weighting variable None |

| Number of observations 235 |

| Iterations completed 42 |

| Log likelihood function -446.7275 |

| Number of parameters 27 |

| Info. Criterion: AIC = 4.03172 |

| Finite Sample: AIC = 4.06281 |

| Info. Criterion: BIC = 442921 |

| Info. Criterion:HQIC = 4.19197 |

| Replications for simulated probs. = 20 |

+ +

 — R — R — S — + +
+

|Variable| Coefficient |Standard Error |b/St.Er.|P[|Z|>z]|Mean of X|

 — R — B — + + +

--------- +Index function for TYPE2
Constant| .92657704 93157796 .995 .3199

V2 | -.01614016 .00871664 -1.852 .0641 73.3042553
K2 | -.20092640 .13071583 -1.537 1243 2.41355111
JOUR | -.24011301 .22614560 -1.062 .2883 .34468085
————————— +Index function for TYPE3

Constant| -1.47561169 .29450580 -5.010 .0000

Q2 | .00375210 .00231056 1.624 .1044 112.404752

PROFIL| .24023659 24634945 975 .3295 .25106383
————————— +Index function for TYPE4

Constant| -1.70263483 .38816560 -4.386 .0000

K2 | .07535639 .04800296 1.570 .1165 2.41355111

TIJOUR| .38705066 . 26728168 1.448 .1476 1.17021277
————————— +Index function for TYPES

Constant| -1.22576893 .26534673 -4.619 .0000

V2 | .00590282 .00342004 1.726 .0844 73.3042553

PROFIL| - .63319856 .26183919 -2.418 .0156 .25106383

JOUR | -.36314454 .21306959 -1.704 .0883 .34468085
————————— +Index function for TYPEG

Constant - .52630315 .15578289 -3.378 .0007

PROFIL| - .52906800 .25835671 -2.048 .0406 .25106383

TPLAN | - .64455388 .16572314 -3.889 .0001 .60851064
————————— +Correlation coefficients

R(01,02)] -.27817767 .12408676 -2.242 .0250

R(01,03)] -.32671084 .16161857 -2.021 .0432

R(02,03)] -.33545709 .18665474 -1.797 .0723

R(01,04)] -.28810840 .05151744 -5.592 .0000

R(02,04)] -.22396158 .14735068 -1.520 .1285

R(03,04)] -.27769381 .09720964 -2.857 .0043

R(01,05) | -.42603264 .16410021 -2.596 .0094

R(02,05)| -.08756017 .09923649 -.882 .3776

R(03,05)| -.00302254 .10815616 -.028 9777

R(04,05)| -.18599181 .17283783 -1.076 .2819

Incident Occurrence and Response on Urban Freeways 174



Model outputs

- > create; if (Q6MINV<112) Q 1=0%
- > create; if (Q6MINV>112) Q1=1 $
- > create; if (Q6MINV<112) Q2=1 $
- > create; if (Q6MINV>112) Q2=0 $
- > create; vql=vmoy*ql $
- > create; vgq2=vmoy*q2 $
-- > create; ancienw=anciperm*pluie $
-- > ordered;lhs=grav2;rhs=one,tjour, jour, normal, plat, retrait,
ancienw, moto,pl, vql, géminv
;RPM;Pts=5;Halton
;Fcn=one(c),tjour(c), jour(c), normal(c), plat(c), retrait(c),
ancienw(n)...
moto(c),pl(c), vgl(n), gébminv(n) $
Normal exit from iterations. Exit status=0.

+ +
| Random Coefficients OrdProbs Model |

| Maximum Likelihood Estimates |

| Model estimated: Jun 20, 2009 at 05:27:37PM.|

| Dependent variable GRAV2 |

| Weighting vari able None |

| Number of observations 893 |

| Iterations completed 20 |

| Log likelihood function -563.2782 |
| Number of parameters 16 |

| Info. Criterion: AIC = 1.29738 |
| Finite Sample: AIC = 1.29807 |

| Info. Criterion: BIC = 1.38328 |

| Info. Criterion:HQIC = 1.33020 |

| Sampleis 1pdsand 893 individuals. |
| Ordered probability model |

| Ordered probit (normal) model |

| LHS variable = values 0,1,..., 3 |

| Simulation based on 5 Halton draws |

+ +
F — B F + + R
-+

|Variable| Coefficient | Standard Error |b/St.Er.|P[|Z|>z]| Mean of

X

+-| ------- B E + + +

-+

————————— +Means for random parameters

Constant| - 44301558 .59438251 -.745 .4561

TJIOUR | -.93295707 13437103 -6.943 .0000 .21200750
JOUR | .80057043 11946992 6.701 .0000 .48217636

NORMAL | -.71503572 12310491 -5.808 .0000 .27204503
PLAT | .93164857 12137748 7.676 .0 000 .32082552

RETRAIT | 1.02478454 52600775 1.948 .0514 .97936210
ANCIENW | .02977253 .00538850 5.525 .0000 9.14071295

MOTO | -.69683858 16128257 -4.321 .0000 .78986867

PL | .44336970 23218199 1.910 .0562 .94934334

VQl | .00520172 .00156140 3.331 .0009 29.7847717

Q6MINV | -.00650266 .00159127 -4.086 .0000 107.034703
————————— +Scale parameters for dists. of rando m parameters

Constant| .000000 ...... (Fixed Parameter).......

TIJOUR | .000000 ...... (Fixed Parameter).......

JOUR | .000000 ...... (Fixed Parameter).......

NORMAL | .000000 ...... (Fixed Parameter).......

PLAT | .000000 ...... (Fixed Parameter).......

RETRAIT | .000000 ...... (Fixed Parameter).......
ANCIENW | .00366067 .00309254 1.184 .2365
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Model outputs

MOTO | .000000 ...... (Fixed Parameter).......
PL | .00 0000 ...... (Fixed Parameter).......
VQ1l | .00176403 .00095787 1.842 .0655

Q6MINV | .00099245 .00044707 2.220 .0264

--------- +Threshold parameters for probabilities

MU(1) | 1.15355006 .09034273 12.769 .0000
MU(2) | 2.22566575 14479618 15.371 .0000

Implied standard deviations of random parameters

Matrix S.D_Beta has 11 rows and 1 columns.

1/ .0000000D+00
2| .0000000D+00
3| .0000000D+00
4| .0000000D+00
5| .0000000D+00
6| .0000000D+00
7] .00366
8| .0000000D+00
9| .0000000D+00

10| .00176

11] .00099
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