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1 INTRODUCTION 
Highway accidents are serious threats to human life. Many 
efforts have been made to reduce the highway accident 
occurrence. Among those efforts, real-time traffic accident 
prediction is the technique that has been recently developed 
since 2000.  

Traditional traffic accident prediction uses long-term 
traffic data such as annual average daily traffic and hourly 
volume. In contrast to traditional traffic accident prediction, 
real-time traffic accident prediction relates accident 
occurrences to real-time traffic data obtained from 
inductive loop detectors. In addition, real-time traffic 
accident prediction focuses on the change of traffic 
conditions before an accident occurrence, while traffic 
incident detection studies are concerned with the change of 
traffic conditions after an incident occurrence [1]. And only 
a few studies have been conducted to predict the traffic 
accident occurrence by using real-time traffic data.  

In this paper, hazardous traffic conditions mean traffic 
patterns leading to traffic accidents and normal traffic 
conditions are traffic patterns not leading to traffic 
accidents. Oh et al. [2] developed a Bayesian classifier to 
classify traffic conditions into the one leading to the 
accident occurrence and the one not involved in an accident, 
and used the 5-min standard deviation of speed as the best 
indicator to represent the change of traffic conditions. Later, 
a framework of real-time hazardous traffic condition 
warning system was proposed and the Bayesian modeling 
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approach implemented by the probabilistic neural network 
was conducted to identify hazardous traffic conditions [3]. 
Lee et al. [4] developed a log-linear model to relate crash 
rates to the selected crash precursors. In a later study, the 
same authors [5] refined the aforementioned model and 
proposed a method to determine observation time slice 
duration prior to crash occurrence. Abdel-Aty et al. [6] used 
matched case-control logistic regression to predict freeway 
crashes. And a matched case-control model was then 
developed to model the crash potential based on traffic loop 
data and the rain index [7]. Abdel-Aty et al. [8] also used 
probabilistic neural network as the classification algorithm 
to predict crashes. Luo and Garber [9] found that the three 
different pattern recognition techniques - the C-means 
clustering method, the Naïve-Bayes method and the 
Discriminant Analysis - was only able to identify the 
patterns leading to crash with an overall classification error 
rate at about 50%, and they analyzed reasons for the 
unsuccessful identification of the patterns leading to crash. Qi 
et al. [10] used a discrete response model designed for 
panel data - the random effects ordered probit model, in 
predicting freeway accident likelihood. Qin et al. [11] used 
Bayesian network for traffic accident prediction.  

This study uses a relatively new pattern recognition 
method – support vector machines (SVM) – to identify 
hazardous traffic conditions and normal traffic conditions. 
SVM originated from statistical learning theory and can 
better solve the overfitting and local minima problems [12]. 
It has excellent learning ability, classification ability and 
high generalization performance [13]. This is the first time 
the SVM method is applied in real-time traffic accident 
prediction. This study will show that the SVM method can 
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be used to predict the traffic accident based on real-time 
traffic data.  

The rest of this paper is organized as follows. Section 2 
introduces support vector machines. Section 3 discusses 
how to select traffic accident precursors. Section 4 presents 
the application of SVM with accident precursors which are 
extracted based on methods in Section 3, and the results are 
described and analyzed. Section 5 gives conclusions. 

2 SUPPORT VECTOR MACHINES 
Traditional statistical pattern recognition methods are 
developed for large samples, and they may not work well in 
practical cases of limited number of data. Statistical 
learning theory (SLT) is developed for small number of 
data samples [13]. SLT provides us a new framework for 
the general learning problem, and a new powerful tool 
called support vector machines (SVM). The foundations of 
SVM have been developed by Vapnik [12] and it is gaining 
popularity due to many attractive features, and promising 
empirical performance. The formulation embodies the 
Structural Risk Minimization (SRM) principle, which has 
been shown to be superior to traditional Empirical Risk 
Minimization (ERM) principle, employed by conventional 
neural networks [12]. SVM implements the following idea: 
It maps the input vector into a high-dimensional feature 
space through some transformation. And in this space, an 
optimal separating hyperplane is constructed.  

The following paragraphs give a brief introduction to a 
type of SVMs called C-Support Vector Machines (C-SVM), 
which is used in this study.  

Given a training set 
{( ( ), ) | ( ) , { 1,1}, 1,..., }In

i iD x i y x i R y i N� � � � � , 
C-SVM [14, 15] requires the solution of the following 
optimization problem: 
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Where: 

 	 
( )x i�  means mapping ( )x i  from the original input 

space InR  into a new feature space hR  of higher 
dimension ( h In ). The exact form of 	 
( )x i� will not 
be discussed as we will later show this function can be 
replaced by a kernel function.  

0C  is the penalty parameter of the error term; 

i�  is the slack variable, which is defined as the distance 
that point i  goes beyond the boundary of its category. The 
values of slack variables are always nonnegative. 

The optimization problem in Equation (1) is often 
solved through its dual form in Equation (2) and (3), which 
is easier to be dealt with. 
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Where: 

i� s are the Lagrange multipliers; 

	 
 	 
( ( ), ( )) ( ) ( )TK x i x j x i x j� �� is called the 
kernel function.  

After solving for i� s, w  can be calculated as 
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For new testing input x , the predicted output y�  using 
this C-SVM is  
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We only need to deal with the kernel function in the final 
prediction function because the mapping function has been 
replaced by a kernel function. Typical examples of kernels 
used in SVM are: 

�   Linear function: 

( ( ), ( )) ( ) ( ).TK x i x j x i x j�  
�   Polynomial function: 

	 
( ( ), ( )) ( ) ( ) , 0.
dTK x i x j x i x j r� �� �   

�   Radial Basis Function (RBF): 
2

2

|| ( ) - ( ) ||( ( ), ( )) exp{ }.x i x jK x i x j
�

� �  

�   Sigmoid function: 
( ( ), ( )) tanh( ( ) ( ) ).TK x i x j x i x j r�� �  

Where: � , r ,  d  and �  are kernel parameters.  
We used the RBF kernel in this research, which is one of 

the most widely used kernel functions. One reason is that 
the RBF kernel nonlinearly maps samples into a higher 
dimensional space, so it can handle the case when the 
relation between class labels and attributes is nonlinear. 
Furthermore, the linear kernel is a special case of RBF [16]. 
In addition, the sigmoid kernel behaves like RBF for certain 
parameters [17]. The second reason is the number of 
hyperparameters which influence the complexity of model 
selection. The polynomial kernel has more 
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hyperparameters than the RBF kernel. Finally the RBF 
kernel has less numerical difficulties [13]. Readers can 
refer to [18] for more details in this regard. 

The model we demonstrated so far is for two–category 
classification. However, this model can be extended to 
multi-category classification problems by adopting the 
“one-against-one” approach. Details of the SVM method 
can be found in [12]. 

3 SELECTION OF TRAFFIC ACCIDENT 
PRECURSORS 

In this paper, traffic accident precursors are defined as 
traffic flow measures that can represent changes between 
normal traffic conditions and hazardous traffic conditions. 
Traffic accident precursors are the input features. We 
selected accident precursors based on the separability 
criterion of the average Euclidean distance between classes, 
which is a common separability criterion [19]. The average 
distance between normal traffic conditions and hazardous 
traffic conditions was calculated in this paper as 

	 
 	 
 	 
1 2 1 2
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Where: 
n : the number of samples; 

1
kx : feature vector of normal traffic conditions; 
2
kx : feature vector of hazardous traffic conditions. 

Note: During the classifier design, 1
kx  and 2

kx  should 
be observed under the same conditions, such as weather, 
road segment. The chosen precursors should maximize the 
average distance between classes. 

Time slice calculation is another important factor that 
significantly impacts the traffic accident prediction because 
accident precursors are dependent of it. Most previous 
studies arbitrarily chose calculation time slice duration ( t� ) 
prior to crash occurrence on the basis of subjective 
judgment. t� was determined in [5] with a more objective 
method, which considered distributions of accident 
precursors. The chosen criterion of t� should maximize 
the difference of precursor values for hazardous traffic 
conditions and normal traffic conditions [5]. The method to 
estimate t�  in this study is one that maximizes the sum of 
squares of differences between precursors calculated from 
those two traffic conditions, which is 
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Where: 
� : difference of accident precursor values between two 

traffic conditions; 
 n : the number of hazardous (or normal) traffic 

condition samples; 

 ( )t iX � : precursor values for an interval t�  right 
before an accident occurrence; 

'
( )t iX �  : precursor values for an interval t�  50 minutes 

before an accident occurrence. 
 ( )t iX �  is the precursor value for hazardous traffic 

conditions, and  '
( )t iX �  is the precursor value for normal 

traffic conditions. The reason for choosing the data “50 
minutes” before an accident occurrence to calculate '

( )t iX �   
is that, it is believed that traffic conditions 50 minutes 
before an accident cannot affect that accident occurrence 
[2]. 

4 APPLICATION 

4.1   Data collection 

For this paper, traffic accident data and its corresponding 
real-time traffic data obtained from inductive loop detectors 
were collected from the traffic simulation software TSIS. 
TSIS is a microscopic traffic simulation software that 
enables users to conduct traffic operation analysis. The 
study section used for collecting data was about 3.2 km 
long. This section had three lanes with six stations spaced at 
about 0.5 km, as shown in Figure 1. Traffic volume, speed, 
and occupancy were collected every 20 seconds from three 
lanes. The location and time of traffic accident occurrences 
were designated by simulation parameters. 50 traffic 
accidents and their matching traffic data within 60 minutes 
before an accident occurrence on a dry road were collected 
from the simulation. Note: the data were only collected 
from the environment described above, so external effects 
on accident occurrence such as road geometry and weather 
effects, were well controlled. 

 
(a) Study site and location of detector station 

 
(b) Simulation environment in TSIS 

Figure 1. Study site used in this paper 
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4.2   Selection of accident precursors 

We chose six variables as candidate accident precursors. 
These variables were the means and the standard deviations 
of traffic volume, speed and time headway. 1

kx  and 2
kx  are 

assumed to be precursor values, which were recorded 
5-min period 50 minutes before an accident occurrence and 
5-min period right before an accident occurrence, 
respectively. If raw traffic data is directly used to determine 
accident precursors, variables with large values may 
dominate those with small values, and they would be more 
easily chosen as accident precursors. So we first linearly 
scaled the mean and standard deviation of traffic volume, 
speed and time headway right before and 50 minutes before 
accident occurrences to the range [0, 1], respectively. Then 
we used equation (5) to determine accident precursors. 
Following that we used equation (6) to determine t� . The 
results are as follows:  

If one variable is selected as an accident precursor, it is 
the standard deviation of time headway; if two accident 
precursors are selected, they are the standard deviations of 
speed and time headway; if three variables are chosen, they 
are the standard deviations of traffic volume, speed and 
time headway. And the best calculation time slice duration 
for the standard deviation of time headway, speed and 
volume are 5 minutes, 2 minutes and 1 minute, respectively 
based on equation (6), as shown in Figure 2. 
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(a) Standard deviation of time headway 
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(b) Standard deviation of speed 
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(c) Standard deviation of volume 
Figure 2. Determination of calculation time slice duration 

 

4.3   Classification results and discussion 

The C-SVM classification method was applied in this study 
to identify hazardous traffic conditions and normal traffic 
conditions, which took into account single variable 
(5-minute standard deviation of time headway), two 
variables (5-minute standard deviation of time headway 
and 2-minute standard deviation of speed) and three 
variables (5-minute standard deviation of time headway, 
2-minute standard deviation of speed and 1-minute 
standard deviation of volume). The performance of 
classification results were measured by the overall error 
rate (OER), normal pattern to dangerous pattern error rate 
(NDER) and dangerous pattern to normal pattern error rate 
(DNER), which were defined as in [9]. 20 samples of 
normal traffic conditions and hazardous traffic conditions 
were randomly chosen as training sets, respectively, and the 
remaining samples were used as testing sets. The RBF 
function was used as the kernel function and the LibSVM 
Toolbox [20] was used for the SVM training and 
classification.  

Table 1. Test results of SVM with the RBF kernel 

 OER NDER DNER

5-minute standard deviation 
of time headway,  

2-minute standard deviation 
of speed, 

1-minute standard deviation 
of volume 

30% 36.7% 23.3%

5-minute standard deviation 
of time headway,  

2-minute standard deviation 
of speed 

50% 6.7% 93.3%

5-minute standard deviation 
of time headway 53.3% 63.3% 43.3%

Table 1 shows the classification results. Firstly, as the 
number of accident precursors increases, the classification 
result of the SVM method becomes more satisfying. 
Secondly, the overall error rate is around 53% based on one 
single variable, which indicates that we cannot identify 
hazardous traffic conditions from normal traffic conditions 
based on one single variable. This result is also consistent 
with what found in [9], in which the C-means clustering 
method, the Naïve-Bayes method and the Discriminant 
Analysis are used. Thirdly, The DNER of 5-nearest 
neighbor method with three variables is 23.3% in this study, 
which means 76.7% of hazardous traffic conditions are 
identified by 5-nearest neighbor method with three 
variables. 59% of crashes were identified in [7], where a 
matched case-control model is developed to model the 
crash potential based on traffic loop data and the rain index. 
And 74% of crashes are identified in [11], in which the 
Bayesian network is used for traffic accident prediction. 

5 CONCLUSIONS 
This study tries to identify traffic conditions leading to 
traffic accidents more likely by using the SVM method 
while controlling the geometry, environmental factors, etc. 
Data used in this research was collected from the simulation 
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software TSIS. The findings from this study are presented 
as follows.  

This study illustrates that the more traffic accident 
precursors, the lower the classification error rate. 76.7% of 
hazardous traffic conditions are identified by the SVM 
method with three variables in this research.  

This study shows that we cannot identify hazardous 
traffic conditions from normal traffic conditions based on 
one single variable by using the SVM method. This result is 
also consistent with what has been found in previous 
studies in which different methods are used. 

This study demonstrates that it is promising for real-time 
traffic accident prediction by using the SVM method. 
Real-time traffic accident prediction algorithms can be 
integrated into Advanced Traffic Management Systems. It 
is believed that real-time traffic accident prediction can 
play an important part in preventing the traffic accident 
occurrence and improving the safety and efficiency of 
transportation systems.  
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