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Abstract— In recent years, the number of traffic accidents, 

especially severe vehicle crashes has been increasing because of 
rapid growth of volume of road traffic and rapid increase in 
speed of road traffic. The costs of fatalities and injuries due to 
road traffic accidents have raised great concern across the globe.  
Road traffic accident data are huge, heterogeneous and 
multidimensional. Data mining techniques have been applied to 
analyze road traffic data to identify various factors that 
influence injury severity, and to device road safety measures and 
strategies that reduce number and severity of road traffic 
accidents. This paper presents different data mining approaches 
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 that 1.2 
million deaths and 50 million injuries are caused by road 
traffic accidents each year. The cost of these deaths and 
injuries has a tremendous impact on the social and 
economical development of a location or country. Thus the 
methods that improve road traffic safety and reduce road 
traffic accidents and accident severity are of greater 
importance to traffic agencies and the public. Many data 
mining-related studies have been carried out to analyze road 
traffic accident data and to identify the significant factors that 
can help improve the overall driving safety, prevent accidents 
and also reduce injury severity.   

Data Mining: Data mining is a major step of knowledge 
discovery in databases (KDD). KDD is the process of 
extraction of non-trivial, previously unknown, valid and 
potentially useful information from huge databases. Some of 
important data mining techniques are classification, 
clustering, association rule mining, outlier detection, 
segmentation, sequential pattern mining etc. This paper 
presents a few data-mining related studies that have been 
carried to perform analysis on road traffic accident data. 

II.  LITERATURE REVIEW:  

Many studies have been carried out to identify the factors 
leading to severe road traffic accidents, and to reduce the 
number and the severity of the accidents by eliminating or 

 
 

controlling these factors. As the traffic accident data is huge, 
heterogeneous and high dimensional many researchers have 
followed data mining approaches to carry their studies. 

Authors in [1] have applied artificial neural networks and 
decision trees to an actual data set containing traffic accident 
records from 1995 to 2000 from the National Automotive 
Sampling System (NASS) General Estimates System (GES). 
The data set was narrowed to head-on collisions only. The 
accident result variable ‘injury severity’ is given five 
label-values: no injury, possible injury, non-incapacitation 
injury, incapacitating injury and fatal injury. Neural networks 
and decision trees are applied to investigate their 
performances. The results showed that the decision tree 
approach outperformed neural networks. The experiments 
showed that the most important factors in fatal injuries are: 
driver’s seat belt usage, light condition of the roadway, and 
driver’s alcohol usage. 

Miao et al. [2] investigated the application of machine 
learning approaches: neural networks, decision trees, hybrid 
decision tree neural network and support vector machines on 
the data from the National Automotives Sampling System 
(NASS) General Estimates System (GES). The data set 
contained data pertaining to driver only data related to other 
passengers’ was not included. The inputs were like drivers’ 
age, gender, alcohol usage, vehicle body type, vehicle age, 
vehicle role, initial point of impact, collision manner, travel 
speed etc. and output was injury severity and it has five 
values: no injury, possible injury, non-incapacitation injury, 
incapacitating injury and fatal injury. The above machine 
leaning approaches were applied to classify the severity of 
injuries more accurately. The results revealed that, for 
non-incapacitating injury, incapacitating injury and fatal 
injury classes, the hybrid approach performed better than 
neural network, decision trees and support vector machines; 
for no injury and possibly injury classes, the hybrid approach 
performed better than neural network. Decision trees could 
best model the no injury and possible injury classes. 

Bedard et al. in their work [3] applied multivariate logistic 
regression to determine the independent contribution of 
driver, crash, and vehicle characteristics to drivers’ fatality.  
The results showed that increased use of seatbelt, reduced 
vehicle speed, and reduced number and severity of driver side 
impacts might prevent drivers’ fatalities. 

Sohn et al. [4] considered two categories of severity of road 
traffic accident data: bodily injury and property damage. Data 
fusion, ensemble and clustering were applied to improve the 
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accuracy of neural networks and decision trees. Data set was 
divided into subsets by applying clustering algorithms and the 
each subset of the data was used to train neural networks and 
decision trees. The results showed that classification based on 
clustering works better, particularly if the data set has 
relatively large variation as in the case of Korean road traffic 
accident data set. 

Feed-forward Multi-layer-perceptron with back 
propagation learning was used by Mussone et al. [5] to 
analyze vehicle accidents that occurred at road intersections 
in Milan, Italy.  The neural network model had 10 input nodes 
and one output node called accident index node. The accident 
index was calculated as the ratio between the number of 
accidents for a given intersection and the number of accidents 
at the most dangerous intersection. Experiments showed that 
the highest accident index for running over of pedestrians 
occurs at intersections without signal at night time. 

In [6] to evaluate the interaction of gender, age, type of 
crash, and occupant role in motor vehicle crash injuries 
leading to hospitalization, we analyzed 1997 Wisconsin 
hospital discharge data for patients with primary E-code 
diagnoses of motor vehicle injuries. The overall ratio of males 
to females (M/F ratio) hospitalized for motor vehicle crash 
injuries was 1.33 (95% confidence interval (CI): 1.26-1.41). 
The M/F ratio varied by type of crash and differed for 
passengers and drivers. For injuries sustained in collisions 
between vehicles, the M/F ratio was 0.96 (95% CI: 
0.87-1.05); in loss of control accidents the M/F ratio was 1.95 
(95% CI: 1.76-2.17). Within each type of crash, the M/F ratio 
for drivers was similar to that for the entire type; the M/F ratio 
for passengers was about half of the type total. Expressed as 
rates of hospitalization per 100,000 people in the general 
population, hospitalizations of drivers in collisions with 
another motor vehicle increased steeply in males, but not in 
females, beginning at about age 70. For drivers in loss of 
control crashes, male rates exceeded female rates in all age 
groups, with peaks in the groups 15-24 and 85-89. For 
passengers, injury rates from collisions with other motor 
vehicles were greater for females, especially in the elderly, 
and injury rates from loss of control crashes were similar for 
both genders, with peaks at 15-24 and 85-94. The higher 
fatality of men in loss of control motor vehicle crashes, 
compared to women, suggests an important area for further 
investigation. 

In [7], a new mathematical model was developed to 
estimate average injury and fatality rates in frontal car-to-car 
crashes for changes in vehicle fleet mass, impact speed 
distribution, and inherent vehicle protection. The estimates 
were calculated from injury fatality risk data, delta-V 
distribution and collision probability of two vehicles, where 
delta V-depends on impact speed and mass of the colliding 
vehicles. The impact speed distribution was assumed to be 
unaffected by a change in fleet mass distribution. The results 
showed that safety in frontal crashes would improve 27-35% 
by a 10% increase in fatality risk parameters, which reflected 
substantial improvement in inherent vehicle protection. A 
40% safety improvement was attained by a 10% impact speed 
reduction. Consequences of vehicle fleet mass were not as 
strong, but depended on the average mass ratio of the fleet. A 
reduction in mass range would be the most beneficial, while a 

uniform mass reduction of 20% would increase the fatality 
rate by 5.4%. The model estimates trends in traffic safety and 
may help to identify priorities in active and passive safety. 

The purpose of paper [8] is to develop a statistical model 
explaining the relationships between certain driver 
characteristics and behaviors, crash severity, and injury 
severity. Applying techniques of categorical data analysis to 
comprehensive data on crashes in Hawaii during 1990, we 
build a structural model relating driver characteristics and 
behaviors to type of crash and injury severity. The structural 
model helps to clarify the role of driver characteristics and 
behaviors in the causal sequence leading to more severe 
injuries. From the model we estimate the effects of various 
factors in terms of odds multipliers—that is, how much does 
each factor increase or decrease the odds of more severe crash 
types and injuries. We found that driver behaviors of alcohol 
or drug use and lack of seat belt use greatly increase the odds 
of more severe crashes and injuries. Driver errors are found to 
have a small effect, while personal characteristics of age and 
sex are generally insignificant. We conclude with a discussion 
of our modeling approach and of the implications of our 
findings for appropriate traffic safety interventions and future 
research. 

Injuries trends of passenger car drivers in head-on 
collisions are identified based on crash data extracted from 
the National Automotive Sampling System [9]. Annual injury 
incidence levels are estimated for years 1990–2007. Over that 
period, the number of crashes is predicted to rise by 71%. 
However, the number of serious injuries to drivers is expected 
to rise by only 41% and driver fatalities are anticipated to 
decrease by 9%. Meantime, the types of injuries suffered by 
drivers are changing. Year-to-year shifts in injury patterns 
result from changes in vehicle size classes within the US 
vehicle fleet population and increases in seat belt use and air 
bag availability. The effectiveness of air bags in saving lives 
is estimated to be 30%, and with more air bag-equipped cars 
on the road, the probability of sustaining a life-threatening 
head or a torso injury is reduced. Air bags, however, are not as 
effective in preventing upper and lower extremity injuries, 
and thus arm and leg injuries will become more prevalent in 
years to come. 

Hanrahan R B, Layde P M et al. [10] used Wisconsin Crash 
data from 2002 to 2004 to study the association of driver age 
with traffic injure severity. The data set contained 602,964 
records pertaining to drivers’ involved in a motor vehicle 
crash. Logistic regression model was applied to this data set 
and the results showed that the drivers older than 85 years had 
the highest risk for severe injury and fatality. 

In [11] to identify the important factors contributing to road 
accidents in Britain, a large data set containing 9297 different 
records with 52 different attributes is analyzed. From this data 
set they have evaluated first simply the percentage of fatalities 
in the data. They also interrogated the percentage of accidents 
involving one or more children whose age is greater than 0 
and less than 16. Analysis is also performed to see what 
gender age group was involved in the most accidents, whether 
there were any trends in the types of vehicles that were 
involved in the accidents. Finally classification was 
performed on data to see a common occurrence on today’s 
roads, multiple car accidents. 
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Logistic regression models were employed to develop 
crash-related injury prediction models. Singleton, Qin et al 
[12], analyzed traffic crash data in Kentuchy 2000-2001 using 
logistic regression and concluded that concluded that the 
occupant’s risk factors for high level of injury severity were 
age, female gender, and restraint non-use, ejection from the 
vehicle and driver imparity. 

In [13], the authors used logistic regression model to 
quantify the association of driver’s age with traffic injury 
severity. Winconsin crash data from 2000 to 2004 was used to 
study 602,964 drivers encountered mot, or vehicle crash, and 
discovered that the oldest drivers, especially those older than 
85 years had high risk of severe injury and fatality 

Artificial neural networks were applied to analyze road 
traffic accident data. In [14], to model potentially non-linear 
relationships between the injury severity levels and 
crash-related factors, authors used a series of neural networks. 
In [15], artificial neural networks are employed to model the 
relationship between driver injury severity and the number of 
crash factors. 

III.  CONCLUSION 

The costs of deaths and injuries due to road traffic 
accidents have a tremendous impact on the socioeconomic 
development of a country. It has been acknowledged as a 
global phenomena and traffic safety has gained a serious 
concern globally. Many researchers have analyzed road 
traffic accident data to identify key factors of road traffic 
accident severity. Many data mining approaches have been 
used to analyze traffic accident data. This paper presents 
some of the works done in mining traffic accident data. 
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