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Abstract— In recent years, the number of traffic accidents,
especially severe vehicle crashes has been incragsbecause of
rapid growth of volume of road traffic and rapid increase in
speed of road traffic. The costs of fatalities andhjuries due to
road traffic accidents have raised great concern &oss the globe.
Road traffic accident data are huge, heterogeneousnd
multidimensional. Data mining techniques have beeapplied to
analyze road traffic data to identify various factas that
influence injury severity, and to device road safgt measures and
strategies that reduce number and severity of roadraffic
accidents. This paper presents different data miningpproaches
to mine road traffic accident data.

Index Terms— data mining, road traffic accident data
mining, road traffic accident severity

I. INTRODUCTION

It is estimated by world Health Organization tHa2
million deaths and 50 million injuries are causedrbad
traffic accidents each year. The cost of thesehdeand

controlling these factors. As the traffic acciddata is huge,
heterogeneous and high dimensional many researbhees
followed data mining approaches to carry their itsid

Authors in [1] have applied artificial neural netiks and
decision trees to an actual data set containirfictieccident
records from 1995 to 2000 from the National Autonet
Sampling System (NASS) General Estimates SystenSjGE
The data set was narrowed to head-on collisiong. drtie
accident result variable ‘injury severity’ is givefive
label-values: no injury, possible injury, non-ineapation
injury, incapacitating injury and fatal injury. N networks
and decision trees are applied to investigate their
performances. The results showed that the decisiem
approach outperformed neural networks. The expeitisne
showed that the most important factors in fataliries are:
driver’s seat belt usage, light condition of thadway, and
driver’s alcohol usage.

Miao et al. [2] investigated the application of e
learning approaches: neural networks, decisiors tregbrid
decision tree neural network and support vectorhings on
the data from the National Automotives Samplingt&ys

injuries has a tremendous impact on the social aflASS) General Estimates System (GES). The data set

economical development of a location or countryuskhe

contained data pertaining to driver only data eslab other

methods that improve road traffic safety and redumad passengers’ was not included. The inputs weredikeers’
traffic accidents and accident severity are of tmea age, gender, alcohol usage, vehicle body type clelige,
importance to traffic agencies and the public. Malaga vehicle role, initial point of impact, collision maer, travel
mining-related studies have been carried out tdyaeaoad speed etc. and output was injury severity and & fie
traffic accident data and to identify the signifitéactors that values: no injury, possible injury, non-incapadédatinjury,
can help improve the overall driving safety, prehastidents incapacitating injury and fatal injury. The aboveahine
and also reduce injury severity. leaning approaches were applied to classify theritgvof

Data Mining: Data mining is a major step of knovged injuries more accurately. The results revealed, tliat
discovery in databases (KDD). KDD is the process dfon-incapacitating injury, incapacitating injury darfatal

extraction of non-trivial, previously unknown, véliand
potentially useful information from huge databassmme of
important data mining
clustering, association rule mining, outlier deitatt
segmentation, sequential pattern mining etc. Thapep
presents a few data-mining related studies thae Hseen
carried to perform analysis on road traffic accid#ata.

Il. LITERATURE REVIEW:

Many studies have been carried out to identifyfttugors
leading to severe road traffic accidents, and tuce the
number and the severity of the accidents by elitimgaor

48

injury classes, the hybrid approach performed betian
neural network, decision trees and support vectachimes;

techniques are classificatiorfor no injury and possibly injury classes, the figtapproach

performed better than neural network. Decisionstreauld
best model the no injury and possible injury classe

Bedard et al. in their work [3] applied multivagdbgistic
regression to determine the independent contributd
driver, crash, and vehicle characteristics to dasvéatality.
The results showed that increased use of seatkeliced
vehicle speed, and reduced number and severityvafrcdide
impacts might prevent drivers’ fatalities.

Sohn et al. [4] considered two categories of sgvefiroad
traffic accident data: bodily injury and propergmndage. Data
fusion, ensemble and clustering were applied tadwgp the
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accuracy of neural networks and decision treesa Bat was
divided into subsets by applying clustering aldoris and the
each subset of the data was used to train neusabries and
decision trees. The results showed that classticétased on
clustering works better, particularly if the datat shas
relatively large variation as in the case of Koreaad traffic
accident data set.

Feed-forward Multi-layer-perceptron  with
propagation learning was used by Mussone et al.t¢d5]
analyze vehicle accidents that occurred at roagtsattions
in Milan, Italy. The neural network model had hfut nodes
and one output node called accident index nodeathgent
index was calculated as the ratio between the nurobe
accidents for a given intersection and the numbaccidents
at the most dangerous intersection. Experimentaethdhat
the highest accident index for running over of stdans
occurs at intersections without signal at nightetim

In [6] to evaluate the interaction of gender, agyege of
crash, and occupant role in motor vehicle crashrieg
leading to hospitalization, we analyzed 1997 Wisoon
hospital discharge data for patients with primargdde
diagnoses of motor vehicle injuries. The overdlbraf males
to females (M/F ratio) hospitalized for motor vdaicrash
injuries was 1.33 (95% confidence interval (CIR6:1.41).
The M/F ratio varied by type of crash and differfxt
passengers and drivers. For injuries sustainedlirsions

uniform mass reduction of 20% would increase thalitst
rate by 5.4%. The model estimates trends in tratffety and
may help to identify priorities in active and passsafety.

The purpose of paper [8] is to develop a statiktivadel
explaining the relationships between certain driver
characteristics and behaviors, crash severity, mjuty
severity. Applying techniques of categorical datalgsis to

backcomprehensive data on crashes in Hawaii during ,19@0

build a structural model relating driver charactes and
behaviors to type of crash and injury severity. Stractural
model helps to clarify the role of driver charaigtics and
behaviors in the causal sequence leading to morerese
injuries. From the model we estimate the effectyarfous
factors in terms of odds multipliers—that is, howah does
each factor increase or decrease the odds of raeeeescrash
types and injuries. We found that driver behavafralcohol
or drug use and lack of seat belt use greatly aserehe odds
of more severe crashes and injuries. Driver eaoggound to
have a small effect, while personal characterisifcage and
sex are generally insignificant. We conclude witlistussion
of our modeling approach and of the implicationsoof
findings for appropriate traffic safety intervemtsand future
research.

Injuries trends of passenger car drivers in head-on
collisions are identified based on crash data etachfrom
the National Automotive Sampling System [9]. Annimgdiry

between vehicles, the M/F ratio was 0.96 (95% Cincidence levels are estimated for years 1990—200@r that

0.87-1.05); in loss of control accidents the M/oravas 1.95
(95% CI: 1.76-2.17). Within each type of crash, M€ ratio

for drivers was similar to that for the entire tyfiee M/F ratio

for passengers was about half of the type totgbr&ssed as
rates of hospitalization per 100,000 people in geeeral

population, hospitalizations of drivers in collis® with

another motor vehicle increased steeply in malesnbt in

females, beginning at about age 70. For driverbss of

control crashes, male rates exceeded female ratel age

groups, with peaks in the groups 15-24 and 85-8%.

passengers, injury rates from collisions with otheotor

vehicles were greater for females, especially & d¢lderly,

and injury rates from loss of control crashes vebnglar for

both genders, with peaks at 15-24 and 85-94. Thhehi
fatality of men in loss of control motor vehicleashes,
compared to women, suggests an important areauftiref

investigation.

In [7], a new mathematical model was developed
estimate average injury and fatality rates in fabetr-to-car
crashes for changes in vehicle fleet mass, imppeed
distribution, and inherent vehicle protection. Tésimates
were calculated from injury fatality risk data, @eV
distribution and collision probability of two velés, where
delta V-depends on impact speed and mass of thidicgl
vehicles. The impact speed distribution was assutodae
unaffected by a change in fleet mass distribufidre results
showed that safety in frontal crashes would impr2ve35%
by a 10% increase in fatality risk parameters, Wwheflected
substantial improvement in inherent vehicle protect A
40% safety improvement was attained by a 10% imgaetd
reduction. Consequences of vehicle fleet mass weteas
strong, but depended on the average mass ratie dliset. A
reduction in mass range would be the most benkfighile a

period, the number of crashes is predicted to is&1%.
However, the number of serious injuries to drivemsxpected
to rise by only 41% and driver fatalities are aptited to
decrease by 9%. Meantime, the types of injuriefesed by
drivers are changing. Year-to-year shifts in injygtterns
result from changes in vehicle size classes withian US
vehicle fleet population and increases in seatusgtand air
bag availability. The effectiveness of air bagsaving lives
is estimated to be 30%, and with more air bag-qupdpcars

Fon the road, the probability of sustaining a lifeeiatening

head or atorso injury is reduced. Air bags, howeae not as
effective in preventing upper and lower extremityuries,
and thus arm and leg injuries will become more @let in
years to come.

Hanrahan R B, Layde P M et al. [10] used Wiscofsash
data from 2002 to 2004 to study the associatiotrivkr age
with traffic injure severity. The data set contain@02,964
tcecords pertaining to drivers’ involved in a motagrhicle
crash. Logistic regression model was applied te daita set
and the results showed that the drivers older 8%ayears had
the highest risk for severe injury and fatality.

In [11] to identify the important factors contrilng to road
accidents in Britain, a large data set containid@7different
records with 52 different attributes is analyzearf this data
set they have evaluated first simply the percenthfgtalities
in the data. They also interrogated the percerdgfgecidents
involving one or more children whose age is gretttan 0
and less than 16. Analysis is also performed to vgeat
gender age group was involved in the most accidetisther
there were any trends in the types of vehicles tharte
involved in the accidents. Finally classificationasv
performed on data to see a common occurrence @y'tod
roads, multiple car accidents.

49



International Journal of Emerging Technology in Conputer Science & Electronics (IJETCSE)
ISSN: 0976-1353Volume 4 Issue 1 — DECEMBER 2013.

Logistic regression models were employed to develdfl

crash-related injury prediction models. SingletQin et al

[12], analyzed traffic crash data in Kentuchy 2@D01 using

[10]

logistic regression and concluded that concludeat the

occupant’s risk factors for high level of injuryvegity were
age, female gender, and restraint non-use, ejefrioom the

[11]

vehicle and driver imparity.

In [13], the authors used logistic regression mouel [12]

quantify the association of driver's age with ti@finjury
severity. Winconsin crash data from 2000 to 2004 used to

study 602,964 drivers encountered mot, or vehidslg and

[13]

discovered that the oldest drivers, especiallygtader than

85 years had high risk of severe injury and fatalit

[14]
Artificial neural networks were applied to analymead

traffic accident data. In [14], to model potentjation-linear
relationships between the injury severity levelsd anps
crash-related factors, authors used a series oahetworks.

In

[15], artificial neural networks are employednmdel the

relationship between driver injury severity and tivenber of
crash factors.

Il
The costs of deaths and injuries due to road traffi

CONCLUSION

accidents have a tremendous impact on the socioaton
development of a country. It has been acknowledged
global phenomena and traffic safety has gainedriause
concern globally. Many researchers have analyzeat ro
traffic accident data to identify key factors ofatbtraffic
accident severity. Many data mining approaches Heeen
used to analyze traffic accident data. This papesgnts
some of the works done in mining traffic accideatad
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