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ABSTRACT
Worldwide, traffic accidents cause over a million fatalities
every year. Thus, improving road safety and saving peo-
ple’s lives is an international priority. One major challenge
faced by researchers is to design an ideal system that is able
to predict road accidents and implement efficient preven-
tion actions. Context-aware systems are those systems that
are able to sense, reason and react upon the current con-
textual information. Utilising those systems in intelligent
transportation systems (ITS) might improve road safety and
enhance traffic efficiency. This paper introduces a context-
aware accidents prediction and prevention system taking
into account the most contributory factors that cause road
accidents including factors related to the driver, the envi-
ronment, the vehicle and other vehicles on the road. A
context-aware architecture based on VANET’s On Board
Unit (OBU) is presented. The architecture is divided into
three phases: physical phase, thinking phase and applica-
tion phase, which represent the three main subsystems of
context-aware systems: the sensing, the reasoning and the
acting subsystem respectively. In the thinking phase, a Dy-
namic Bayesian Networks (DBN) model has been proposed
to predict the accident likelihood and the severity level. The
evaluation of the proposed system showed good results in
predicting accidents and their levels of severity.
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1. INTRODUCTION
Worldwide, traffic accidents involving drivers, motorcyclists
and pedestrians cause a million of fatalities every year. Ac-
cording to the UK department for transport (DFT), in the

UK in the first quarter of the year 2011, 24770 people were
killed or seriously injured [3]. Therefore, there is evidently
still an abundant need to improve road safety and efficiency
in order to prevent road accidents, reduce the number of
fatalities and save people’s lives. Accordingly, governments,
vehicle manufacturers and researchers are seeking to find
and develop new technologies in order to achieve this goal,
and therefore several accidents prediction and/or prevention
systems have been proposed. However, there is still no com-
prehensive system that is able to predict the accident by
capturing information about the driver, the vehicle, the en-
vironment and other vehicles on the road to perform reason-
ing under uncertainty in order to accurratly predict the ac-
cident likelihood and severity. Wireless communication have
led to improvement in the ITS that focuses on road safety
and traffic efficiency. VANET has emerged as a key appli-
cation of ITS, each vehicle in VANET is equipped with an
OBU that uses the Dedicated Short Range Communication
DSRC/WAVE technology to offer two types of communica-
tion, vehicle to vehicle (V2V) and vehicle to infrastructure
(V2I). These two types of communication enabled a wide
range of safety applications, such as intersection avoidance
application [4].

Utilising context-aware systems in VANET safety applica-
tions might improve road safety by providing the ability to
sense information from different sensors, reason about the
captured context and perform the appropriate actions in or-
der to avoid or mitigate road accidents without driver in-
teraction. Thus, providing flexible proactive accidents pre-
diction and prevention system. In this paper, we propose a
novel five-layer context-aware architecture based on VANET’s
OBU for predicting and preventing road accidents, it is built
upon the five-layer conceptual framework [7]. The operation
of the architecture is divided into three phases: physical
phase, thinking phase and application phase, which repre-
sent the three main subsystems of context-aware system:
the sensing, the reasoning and the acting subsystems re-
spectively [15]. The physical phase is responsible for col-
lecting the contextual information and providing it to the
thinking phase. The thinking phase is in turn responsible
for performing reasoning under uncertainty to predict the
accident likelihood and severity, and deciding which appli-
cation has to be performed in order to prevent the accident.
A novel DBN model for inferring the information collected
from different sensors and predicting the accident likelihood
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and severity (fatal, serious and serious) has been proposed
in the thinking phase. This phase is also responsible for
calculating the actions that have to be performed by the ap-
plication phase in order to avoid or mitigate the accident.

The remainder of the paper is organized as follows. Sec-
tion 2 introduces the work that have been carried out in the
field of accidents detection and prediction. In section 3, the
proposed context-aware architecture is presented. Section
4 describes the proposed dynamic Bayesian network (DBN)
model for predicting the accidents, which is used to reason
about uncertain contextual information. System evaluation
is explained in section 5 and the conclusion is given in Sec-
tion 6.

2. RELATED WORK
Several researchers have examined a wide range of work on
predicting road accidents using numerous methods, reflect-
ing the importance of accidents predication systems within
the ITS. Some have attempted to focus solely on the driver
and others on the vehicle. A summary for the main work
that have been carried out in this field is given below.

In [27], a pre-crash safety system utilising adaptive cruise
control (ACC) has been proposed. This system aims to
enhance the vehicle safety and reduce the injuries caused
by collisions by activating pre-crash seat belt and pre-crash
brake assist the occurrence of an unavoidable accident. The
author has developed millimetre wave radar as well as a
new signal-processing algorithm in order to increase the ac-
curacy of the ACC system. When the electronic control
unit (ECU) detects an incoming obstacle based on the time
to crash (TTC) and detects that a collision is unavoidable,
the PCS will activate the seat belt and brake assessment.
However, this system acquires information about the vehi-
cle only, leading to inaccurate crash predictions. Moreover,
the system works only in the case of unavoidable crashes,
which is insufficient, as the aim of this work is to predict the
crash early enough to avoid injuries.

Another pre-crash system based on short-range radar was
proposed in [25]. The Kalman-Filter approach has been
used to fuse information collected by sensors that detect
the position of objects using distance and velocity infor-
mation. A middleware architectural model [24] has been
designed to provide safety in high-speed vehicles forming a
vehicular ad hoc networks (VANET) network. The Intel-
ligent vehicular ad hoc networks (InVANET) system was
analysed for different situations, such as (a) high road traf-
fic intensity; (b) slow-moving vehicles; (c) abnormal vehicle
failure; and (d) drunk-driving. Different sensors were used
to form a VANET network on top of the vehicle commu-
nication structure. An experimental test-drive was carried
out on national roads in which nine cars were used for 25
driving hours. It was concluded that the InVANET network
had minimal delay in communicating with multiple vehicu-
lar nodes compared to other networks.

Yet, [1] has developed multivariate adaptive regression splines

(MARS) to predict a vehicle’s crash angles. The MARS
model is promising in terms of prediction and does not suffer
from interpretation complexity. The negative binomial (NB)
model was compared with the MARS model using exten-
sive data collected from unsignalised intersections in Florida.
Two models for angle crash frequency were estimated, one
at three-legged and the other at four-legged unsignalised in-
tersections. The crash frequency as a continuous response
variable for fitting a MARS model was examined by consid-
ering the natural logarithm of the crash frequency. Finally,
the MARS model was combined and examined with other
machine learning techniques, such as random forest. It was
concluded that the MARS model is considered to be an effi-
cient technique for predicting crashes such as angle crashes
at unsignalised intersections.

In [23], a context-aware system for collision warning and
avoidance systems was developed using ubiquitous data-mining-
based layered agent (UDMLA) model to support vehicle
safety. This system may be applied at any type of inter-
section and integrates multi-agent systems with ubiquitous
data mining designs. Sensor technologies were used for en-
vironment perception (infrared sensing, video and camera
image perception, LIDAR/RADAR sensors, gyro sensors
sensing vehicle motion and acceleration, and inertial sen-
sors such as tachometers and speedometers). The XML for-
mat was used for context modelling, and processing-sensed
data obtained through mathematical algorithms resulted in
a virtual understanding of the vehicle environment, such as
the path and position of vulnerable road users in relation to
other vehicles and road infrastructure.

The aforementioned systems focus on the detection or the
prediction of road accidents, they have achieved good results
in terms of enhancing road safety and improving traffic ef-
ficiency. However, no one of which has taken into account
information about the driver, the vehicle, the environment
and other vehicles on the road in combination, which reduces
their accuracy. Moreover, they have not considered the ac-
cident situation as a high-level context (uncertain contex).
This paper introduces a comprehensive system that is able
predict the accident before it takes place utilising a context-
aware system to collect and reason about contextual infor-
mation about the driver, the vehicle, the environment and
other vehicles on the road. In addition, the system is able
to perform reasoning about uncertain context (accident sit-
uation) utilising the dynamic Bayesian network (DBN). The
accident can then be prevented by implementing the appro-
priate actions.

3. CONTEXT-AWARE ON BOARD UNIT AR-
CHITECTURE

This section introduces the proposed context-aware On Board
Unit architecture for predicting the accident likelihood and
its severity level (fatal, serious and serious). As depicted in
Figure 1, the proposed architecture incorporates three main
phases: A physical phase, a thinking phase, and an appli-
cation phase, all of which together represent the three main
subsystems of a context-aware systems: sensing, reasoning
and acting subsystems [15]. performing the prevention ac-
tions in the application phase depends on the output of the



Figure 1: Context-aware On Board Unit Architec-
ture

thinking phase which in turns depends on the contextual
information received from the physical phase.

3.1 Physical Phase
The physical phase is responsible for gathering low-level con-
textual information about the driver, the vehicle, the envi-
ronment and other vehicles on the road. This phase contains
the following two layers: sensing and raw data layers.

3.1.1 Sensing Layer
This layer is responsible for acquiring the context data us-
ing different types of sensors. It consists of two types of
data sources (sensors) internal data source and external data
source integrated into the driving environment in which the
system operates. Several types of sensors can be equipped
depending on the system needs. The internal data sources
represent a set of sensors that are fixed within the vehi-
cle, such as camera, GPS, brake pedal sensor, steering an-
gle Wheel, radar, ultrasonic, blind spot and driver profile,
that are responsible for providing information about lane,
location, brake status, steering angle, direction, surround-
ing vehicles and the driver [27, 5, 8, 19, 16, 17, 26, 3]. The
external data sources include the traffic management cen-
tre and the adaptive hello messages which are periodically

disseminated in VANET, those sensors provide information
about the traffic and other vehicles’ positions, speeds and
directions [3, 2].

3.1.2 Raw Data Layer
This layer is responsible for separating the low-level sensing
details from the upper layer of the system, as well as for
converting the sensed context into a machine-readable form
and then provide it to the next phase (the thinking phase).
This layer is also responsible for the managing the sensors
and provides the reusability of the sensed contextual data.

3.2 Thinking Phase
This phase comprises the management of contextual infor-
mation. This can vary from a simple mechanism for query-
ing the data to powerful reasoning, including the inference
of new context. There are two types of contextual informa-
tion: certain contextual information, which can be obtained
from a single sensor, and uncertain contextual information,
which cannot be acquired by a single sensor and which might
be incomplete or inexact. The accident likelihood and its
severity level is considered as uncertain context, and there-
fore a reasoning under uncertainty technique is required to
accurately predict the accidents and efficiently determine its
severity. In this paper, the DBN has been implemented to
predict the accident as will be shown in (section 4). This
phase consists of two layers as follows: processing layer and
storage/management layer.

3.2.1 Processing Layer
This layer is responsible for extracting information about
hazardous situations. The processing layer consists the fol-
lowing: the context reasoner, the context manager and the
interface unit.

• Context Reasoner (CR): This component is responsi-
ble for evaluating the exact situation and reason about
uncertain contextual information in order to make de-
cisions about it. The CR’s task is to predict the ac-
cident likelihood and severity levels as a first step to
accidents prevention; the design, implementation and
verification for this stage have been achieve using a
DBN model.

• Context Manager (CM): This component is respon-
sible for triggering an appropriate application based
upon the information being received from the CR. It
receives the predicted accident likelihood and the sever-
ity level, then it should select the suitable solution in
order to either avoid or mitigate the accident sever-
ity deploying an algorithm (this algorithm is out of
the scope of this paper). This processor is connected
to the dynamic data base using bidirectional arrow to
store, retrieve and learn different type of data (e.g.
historical driver behaviours, road accidents, etc.). It is
considered as the next stage after predicting the acci-
dent likelihood and severity.

• Interface Unit (IU): This unit receives the final deci-
sion from the context manager regarding which ap-
plication should be used to avoid the accident. This
unit contains the actuator which is responsible for car-
rying out specified control of the vehicle without any



command from the driver, human machine interface
(HMI) which is responsible for issuing driver warning
and selecting a suitable means of warning the driver
(alarms), and the DSRC/WAVE which is a network
device based on IEEE 802.11p for communicating the
vehicle with other vehicles or with the road side units
(RSUs) [142].

3.2.2 Storage/Management Layer
This unit is responsible for storing all the data and infor-
mation needed to support the context manager. It forms a
dynamic context knowledge base, which is extendible and
regularly updated; i.e. it can be adjusted to update the
stored information, including road maps, driver’s historical
data and historical accidents data [144].

3.3 Application Phase
This phase represents the acting subsystem in context-aware
systems. It is responsible for disseminating warning mes-
sages that include corrective actions for the other vehicles on
the road. It is also in charge of operating in-vehicle alarms
to warn the driver and controlling the vehicle via actua-
tors in order to prevent the occurrence of accidents and to
decrease the number of potential fatalities. Two types of
applications might be applied in the proposed architecture,
as follows (This part is left for the future work):

• Avoiding applications which are responsible for taking
the appropriate actions to avoid or mitigate the acci-
dents. This can be achieve by applying a number of
applications, such as auto-brake and lane change.

• Warning applications which are responsible for warn-
ing drivers via seat vibration, tightening seatbelts, on-
board messaging or voice-based alarms. These appli-
cations can also warn other vehicles travelling on the
road about an abnormal situation using an adaptive
HELLO message.

4. DYNAMIC BAYESIAN NETWORK (DBN)
ACCIDENTS PREDICTION MODEL

In this section, the proposed DBN for predicting the acci-
dents likelihood and severity has been proposed. As men-
tioned earlier, the accidents likelihood is considered as un-
certain (high-level) context and the status of an accident
might change over the course of driving according to several
factors (i.e. traffic status). Moreover, the uncertainty might
takes place in the physical phase where the captured con-
text that will be inferred to predict the accidents likelihood
and severity might be incomplete or inexact [3]. There-
fore, a reasoning under uncertainty technique is required
to collect and analyse different context that is related to
the vehicle, driver, environment and other vehicles on the
road. In context-aware systems, there are available different
techniques for reasoning under uncertainty, such as Neural
Networks, Fuzzy Logic, Bayesian network, Hidden Markov
Model and Dynamic Bayesian Network (DBN) [6]. In this
paper, the DBN has been justified as the most effective and
accurate reasoning technique which can be used to predict
the likelihood of an accident due to the following reasons: it
is considered as the most reliable method for dealing with
inaccurate data and unobservable physical values, it is able

to model time series data (the situation that changes over
time), it is efficient in combining uncertain contextual in-
formation from a wide range of sensors in order to deduce
high-level contextual information (it can perform reason un-
der uncertainty) and it is able to combine prior data with
the current data [13, 22, 29, 20, 14].

DBN is a directed acyclic graph that represents the con-
ditional independence between a set of random variables,
and which deals with uncertain information and probabilis-
tic inference upon receiving evidence. It consists of a set of
nodes that represents the random variables and a set of arcs
that represents the conditional independences between vari-
ables. It is considered as a set of static Bayesian networks
interconnected by sequential time slices. The relationship
between two neighbouring time slices can be modelled using
the first-order Hidden Markov Model, which means that the
random variables at time slice (t) are affected by the vari-
ables at time slice (t) and the variables at time slice (t-1 )

only [3, 11]. This is defined as a pair of (S,
−→
S ), where (S)

is a BN that defines the prior or initial state distribution

of the state variables P(Z1), and
−→
S is a two-slice temporal

Bayesian network (2TBN) that defines the transition model
P(Zt | Zt−1), as in the following equation [18]:

P (Zt|Zt−1) =

N∏
i=1

P (Zi
t |Pa(Zi

t)) (1)

Where N is the number of nodes in the network, Zi
t is the

ith node at time slice t and Pa(Zi
t) are the parents of Zi

t.

There are several operations that can be performed using
DBN including filtering, predicting, smoothing and viterbi
decoding. We will use the prediction operation in our pro-
posed model in order to predict the future likelihood of an
accidents and its severity. The prediction process takes place
by providing the current and the past sensors readings, and
then calculating the future likelihood of an event [11]. There
are several steps that have to be followed in order to con-
struct a DBN for predicting the likelihood and the severity.
The first step is to identify the hypothesis variables (nodes).
The second step is to identify the information variables that
denote somthing about the hypothesis nodes. After defin-
ing the hypothesis variable and the information variables,
the next step is to create the directed links between the
variables in the networks which represent the conditional
independences between the identified variables. Finally, the
prior probability tables for the root nodes, the conditional
probability tables for the leaves nodes and the conditional
probability over time in the network have to be created
[12]. In our proposed system the DBN is treated as a singly
connected static Bayesian networks in which the hypothesis
node at time slice (t) depends on the observations at time
slice (t) and the hypothesis node at time slice (t-1 ) only,
where the prediction of the accident likelihood and severity
will be calculated in time slice (t+1 ).

4.1 Identifying the DBN Variables (Nodes)
The hypothesis node in this network is the (crash) node,
which includes four mutually exclusive states: fatal, serious,



slight and no crash. The rest of the nodes are divided into
two groups: information factors and observable factors. The
first group (the information nodes) represents the variables
that may affect the state node, such as age, gender, driver,
day of the week, time, traffic status, weather condition, road
surface conditions, light status, speed limit and road type.
The second group (the observable nodes) corresponds to the
information that results from the state node, such as brake
pedal, distance, speed, lane, steering angle and blind spot.
All the nodes in our network have been identified based on
the UK department for transport dataset which provides in-
formation about 60000 records (50000 records were used for
parametrising the DBN and the other 10000 records were
used for system evaluation) for accidents with different lev-
els of severity [9]. In addition, several published papers and
researches have been used to effectively chose the nodes (fac-
tors) in our proposed model [10, 28]. Each node in our pro-
posed model has a set of mutually exclusive states, during
the system operation each node will be in one of its states.

4.2 Dynamic Bayesian Network Graph
In this step, the conditional independence between the DBN
nodes is decided after the variables have been chosen; this
step consists of drawing the directed acyclic graph. Figure 2
depicts the DBN structure at time (t-1 ),(t) and (t+1 ) and
the conditional independence between the variables. The
hypothesis node at time slice (t+1 ) is affected by the infor-
mation variables at time slice (t) and the hypothesis node
at time slice (t-1 ).

As shown in Figure 2, the higher nodes represent the infor-
mation factors, the node in the middle, which is the crash
node, represents the hypothesis node (unobservable node),
and the nodes below represent the observable nodes. The
network consists of different time slices, all of which contain
an identical Bayesian network. The nodes between the time
slices are connected with arrows to represent dependencies
among these time slices. The proposed DBN is unrolled to
represent a static Bayesian network that consisting of three
time slices (t-1 ),(t) and (t+1 ) in order to infer it using the
clustering inference (prediction) algorithm.

4.3 Specifying the Conditional Probability Ta-
ble

After choosing the DBN nodes, drawing its graph by spec-
ifying the relations between the nodes, the next step is to
fill in the conditional probability table (CPT) values with
the prior probability of the root nodes and the conditional
probabilities of the links in the network. Deciding the value
for each node is the main key to enable the network to in-
fer the network and obtain the likelihood of accident and its
severitys. The following two methods may be used to obtain
the probabilities of the states for each node in the network
[3]:

• Obtaining the values by performing statistical analy-
sis of a huge amount of training data. Training data
is obtained by performing several tests in a test-bed
specifically designed for the system and collecting the
output for each test.

• Parametrising the network can be done using syntacti-
cal data from several published papers that are related

or similar to the system, accidents reports and trans-
portation standards.

Our proposed network has been Parametrised applying a
combination of both of the above methods. The dataset that
is published by the UK department for transport has been
used to learn the majority of the nodes. While, some of the
nodes have been learned depending on published work that
are similar (related) to our model [30, 14, 13, 21, 9]. After
determining the parameters of the DBN, the network at this
stage is ready to collect and analyse contextual information
and predict the probability of accidents and the different
levels of severity in the future time slice (t+1 ) given sensors
readings of the current and the previous time slice (t) and
(t-1 ) respectively.

5. EVALUATION
This section introduces the evaluation of the proposed acci-
dents prediction and prevention system. The proposed sys-
tem has been implemented and tested using the GeNIe ver-
sion 2.0 software [11], as it provides powerful tools, graphical
user interface and it is reliable and freely available software.
Different scenarios have been performed in order to chal-
lenge the system and to verify its validity and effectiveness
in predicting different types of accidents with different levels
of severity. In each scenario, the network has been enrolled
for three time slices representing the past, current and the
future time slice. Sensors readings were provided for the past
(t-1 ) and the current (t) time slices, the system was able to
accurately predict the probability of accidents in the future
(t+1 ) time slice. It is impossible to include all the scenarios
here, we will explain the evaluation of the system using the
10000 records obtained from the UK department for trans-
port to show the accuracy of the proposed DBN model. As
mentioned earlier, the UK department for transport has pro-
vided a dataset for accidents occurred in the Great Britain
in year 2011 [9]. The dataset includes 60000 records, 50000
of which have been used for learning the system. While, the
other 10000 records have been used here for system accu-
racy verification. The GeNIe 2.0 software has the ability to
validate the Dynamic Bayesian Network accuracy using real
datasets. The evaluation using 10000 records for accidents
showed good results for the crash node with different levels
of severity at all time slices, (t-1, t, t+1 ).

Figure 3 depicts the system evaluation using the data pro-
vided by the UK department for transport. It can be seen
from the figure that, there are two curves representing the
the total number of records for each severity category and
the number of situations that are correctly predicted by our
propose system. The evaluation records include the total of
919 fatal accidents, the system was able to accurately pre-
dict 624 fatal accidents with accuracy degree of 0.68. As for
the serious accidents, the total number of serious accidents
included in the evaluation records was 2253, the system was
able to predict 1260 serious accidents with the accuracy de-
gree of about 0.56. For the situation of slight accidents, 3054
records were reported, the system has detected the amount
of 2513 slight accidents with the accuracy degree of 0.82.
Finally, for the no crash state, the the system was able to
accurately predict 3703 situations out of 3774 situations.
The evaluation results showed the validity and the effective-
ness of our proposed model in predicting different accidents



Figure 2: Dynamic Bayesian Network Graph

Figure 3: System Evaluation

with their levels of severity, which will provide the ability to
perform set of action in order to mitigate or prevent road ac-
cidents, and hence enhancing road safety, increasing traffic
efficiency and saving people’e lives.

6. CONCLUSION
VANET safety applications are attracting the attention of
researchers due to their potential in preventing road acci-
dents, and hence enhancing road safety and improving traf-
fic efficiency. There are many factors that contribute to road
accidents including factors related to the driver, the vehicle,
the environment and the other vehicles on the road. There-
fore, it is important to capture all the above factors in order
to perform accurate reasoning (prediction) using the DBN
model. In this paper, we introduced a context-aware acci-
dents prediction and prevention system for VANET, the sys-
tem is able to accurately predict road accidents by collecting

information about the driver, the vehicle, the environment
and the other vehicles on the road. Our contribution can
be summarised as follows. An On-board unit architecture
based on context-aware system is presented to predict the
accident and its severity (fatal, serious or slight), and to
prevent or mitigate the accident by applying the appropri-
ate actions. The architecture is divided into three phases
and contains five layers . Moreover, a Dynamic Bayesian
Network (DBN) model that is able to predict the accident
likelihood and severity by collecting information from dif-
ferent sensors under uncertainty is introduced. Our future
work comprises the design of accidents prevention model and
the addition of more contextual information to the proposed
DBN model in order to increase its prediction accuracy.
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