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Abstract: The concept of predicting road crashes in real-time is influenced by the idea that 
instantaneous crash probability can be fathomed using the instantaneous traffic flow data and 
thus road users can be informed about the existence of any hazardous traffic condition in real-
time as part of proactive safety measure. This paper presents a methodology for building such 
a model for urban expressways using Bayesian Network. Sixteen month (December, 2006 to 
March, 2008) crash data and 24-hour traffic data (5 minute aggregated average speed and 
cumulative  flow)  were  collected  for  a  two  kilometer  study section  on  Shinjuku  4  Tokyo 
Metropolitan Expressway. The model was built with 150 field crash data and later validated 
with  50  separate  crash  data  taking  place  on  the  same  road  section.  The  outcome  was 
encouraging as the newly developed model could successfully predict 74% future crashes using 
average crash probability as the threshold value.
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1. INTRODUCTION

Crash prediction modeling is a growing research field in transportation engineering with a 
history spanning for more than two decades. Most of the early as well as contemporary models 
are developed based on historical crash data in relation to traffic (ADT, AADT or hourly traffic 
volume,  design  speed  limit,  etc.)  and/or  road  geometry  (horizontal  curve,  vertical  curve, 
number of lanes, shoulder width, divided or undivided roads, etc.) and environment (lighting 
condition, rainfall/snowfall, etc.) data. In general, these models forecast the number of future 
crashes that may occur on a road or road section within a certain period of time. These models 
are  widely  used  by  transportation  planners  to  devise  countermeasures  by  identifying 
blackspots, assessing road improvement projects, conducting cost benefit analysis for future 
road projects, etc. However, these models are not immune to criticisms. It is widely accepted 
that  road crash is a complex phenomena caused by three factors – road and environment, 
vehicle and human. The trend setting study by Sabey et al. (1975) based on UK data suggested 
that  human factors  alone  contribute  to  65% of  the  road  crash  cases  where  as  road  and 
environment and vehicle related factors independently contribute to 2% of the crashes each. A 
similar study by Treat et al. (1977) on US data concluded that human, road and environment 
and vehicle related factors independently are responsible for 57%, 3% and 2% crash cases 
respectively. Thus the existing methods of crash prediction models receive heavy criticism for 
their incapability to incorporate human factors as input variables. Moreover, it has also been 
argued that crashes may occur due to  sudden turbulent traffic conditions which can not be 
detected with large aggregated measures of traffic variables such as speed (from speed limit) 
and volume (e.g., AADT) (Abdel-Aty and Pande, 2004). Lee  et al. (2003) further criticized 
that substantial resources have been invested in reactive safety measures, such as, detecting 
incidents on roads to prevent secondary crashes or forecast traffic delay but little effort has 
been employed in proactive safety measures like predicting the crash risk in real time, which 
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can be coupled with Advanced Travelers' Information System to alert the drivers about existing 
hazardous  driving  conditions  and  prevent  near  future  crashes.  These  concerns  regarding 
present crash prediction models have heightened the demand for a new kind of crash prediction 
model, being known as, real-time crash prediction model, where real-time traffic data are taken 
as input to calculate the instantaneous crash risk. It has also been argued that real-time traffic 
data can be considered as imperfect measures of human factors as the outcome of most of the 
human factors  are  abnormal driving behavior  which can be captured  by measuring  traffic 
variables, such as speed, flow and occupancy at very short intervals (Hossain and Muromachi, 
2008). Moreover, these real-time models require real-time traffic data, which are now being 
available due to  the fast growth in the IT sector which is fueling the growth in Intelligent 
Transportation Systems (ITS).  As technology is becoming affordable,  more and more road 
networks are being equipped with detectors which are ensuring the availability of real-time 
traffic data in future, specially for the urban roads in the developed countries like Japan. Till 
date seven prominent studies have been carried out, all in North America, on real time crash 
prediction. However,  being at  its primitive stage and due to  scarcity of past  real-time data 
(both  quality  and  quantity),  the  present  models  are  yet  theoretical  and  largely prone  to 
unrealistic data requirements and thus not  eligible to  be implemented in practical situation. 
Researchers around the globe are still trying different methods of modeling to find a suitable 
approach that can be implemented in real-life scenario. In this paper we propose a new real-
time  crash  prediction  model  using  Bayesian  Network  –  a  relatively  new  method  in 
transportation research but a well established and highly applauded method for both real-time 
and non real-time risk  prediction in studies  involving medical science,  software  reliability, 
financial decision making and military intelligence.  We have organized the  paper  into  four 
sections. This first section has already introduced the problems associated with present crash 
prediction models and emphasized how a real-time crash prediction model can address most of 
these issues. The following section provides a brief description of already completed and on 
going studies on real-time crash prediction. The third section outlines the method proposed in 
this paper and explains the modeling procedure. Lastly, the fourth section discusses the results 
and recommends future research directions.

2. LITERATURE REVIEW

Oh et al. (2001) developed the first real-time crash prediction model where he separated traffic 
dynamics into two categories – disruptive and normal, and assessed the likelihood of future 
traffic flow data falling into either of these two categories. Normal condition was specifically 
defined as a 5 minute period occurring at  30 minutes prior to  the crash and the disrupted 
condition was defined as the 5 minute time period just before the crash. They used 52 crash 
data and corresponding traffic data from loop detectors and applied nonparametric Bayesian 
approach (Oh et al. 2005a) to identify the real-time crash likelihood. In the later study (Oh et  
al. 2005b) they applied Probabilistic Neural Network (PNN).  They employed t-test  on the 
mean and deviation of  three  variables –  occupancy,  flow and speed,  to  identify the crash 
indicator.  However,  there  was  no  suggestion  explaining  if  they have  tested  the  data  for 
normality  as  t-test  is  applicable  only  with  the  assumption  that  the  data  follow  normal 
distribution. Some later studies (e.g., Luo  et al., 2006) found that the standard deviation of 
speed on freeways does not follow normal distribution. Another study (Ulfarsson et al., 2005) 
indicated that mean and standard deviation of speed are correlated. Oh et al., in their first two 
studies (2001, 2005a) identified standard deviation of speed to be the most significant variable. 
But in a later study (Oh et al., 2005b) they selected standard deviation of speed as well as the 
average  occupancy to  be  the  predictors.  Later  they evaluated  their  newly built  model  by 
randomly selecting 30 crash data from their sample and testing their outcome and repeating the 
process  for  30  times.  They  used  two  threshold  values  and  the  prediction  success  was 
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respectively 38.2% and 44.9%.

The motivation for Golob et al. (2002) to develop a real-time crash prediction model was to 
understand the complex relationship between traffic flow and traffic crashes rather than to 
develop a proactive highway safety system. The study by Lee et al. (2002) was the first of its 
kind to point out the potential of real-time crash prediction to be applied as a proactive road 
safety  management  system,  i.e.,  anticipate  future  crashes  and  apply counter  measures  to 
prevent it from taking place. They introduced a new term called 'crash precursors', which was 
defined as traffic conditions that exist before the occurrence of a crash. Their second study 
(Lee et al., 2003) basically reduced the number of assumptions they made in the first study to 
make it more acceptable. In their latest  model they selected speed variations along a lane, 
traffic queue and traffic density at given road geometry, weather condition and time of the day 
as predictors and applied aggregated first order log-linear model to predict crash. The study 
used 234 crash data. Data for the normal traffic condition traffic were collected by acquiring 
the traffic data of 2 week days with clear weather condition when no crash happened. The 
developed  model  was  not  validated  with  another  dataset  and  the  prediction  success  was 
represented  with  the  overall  model  fit,  statistical  significance  of  the  coefficients  and  the 
consistency of the coefficients with the order of levels of crash precursors. 

The study by Abdel-Aty and Pande (2004) and Abdel-Aty and Abdalla (2004) are by far the 
most acceptable due to relatively larger sample size, meticulous considerations for modeling, 
choice of predictors and acceptable model validation method. In the first study (Abdel-Aty and 
Pande, 2004), they used a sample size of 148 crashes, of which, 100 were used to generate the 
model and the rest 48 were used for validation. They used the concept of logistic regression 
and odds ratio to develop a new index called 'Hazard ratio', which essentially represents the 
factor with which the risk of observing a crash in the vicinity of the 'station of the crash' will 
increase with unit  increase in the corresponding risk factor  (here,  the predictors of crash). 
Lastly, they used Probabilistic Neural Network (PNN) to distinguish between crash and non 
crash situation. They found the coefficient of variation in the speed obtained from the station 
near the crash and two stations immediately preceding in the upstream direction prior to crash 
to be the most suitable predictors. Although their study produced by far the best results to 
predict crashes, the overall classification, i.e., for both crash and non-crash situations together, 
was  poor  (62%).  In  a  later  study (Abdel-Aty and  Abdalla,  2004)  they used  Generalized 
Estimating Equation method where they included road geometry as variables as well.  The 
study found that high variability in speed for a period of 15 minutes for a specific location 
increases the likelihood of crash and also, low variability in volume over 15 minutes at a given 
location increases the crash likelihood in the downstream.

Alongside these successful studies, there are two more mentionable studies that could not find 
any relationship between crashes and their prior traffic conditions. The first one was conducted 
by Kockelman et al. (2004) where they used variation of speed as well as average speed both 
along the lane and for different defined sections to predict future crashes. They used several 
conventional statistical distributions to  calculate the likelihood of crash and concluded that 
speed or its measures of dispersion were not correlated according to their data. They further 
used a very low data aggregation (30 seconds) but came down to the same conclusion. One of 
the latest additions in real-time crash prediction has been the study by Luo and Garber (2006) 
which conducted a comprehensive critical review of the major past studies concluding that the 
previous studies are weak in one or more of the three areas - unrealistic data requirements, 
inconsiderate to  the interaction among variables and selecting predictors without  validating 
them  with  pattern  recognition  techniques.  Therefore,  Luo  and  Garber  (2006)  invested 
substantial amount  of labor  in identifying crash patterns with three different  methods – K 
means clustering, Naive Bayes method and Discriminant Analysis. They also studied the joint 
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effects  of  two  or  more  traffic  variables  to  identify traffic  patterns  leading to  crash.  They 
considered daytime and nighttime crashes separately, too. However, the outcome of the study 
was inconclusive.

Road  crash is a  complex phenomena and it  is yet  to  be known how to  classify a  traffic 
condition to be hazardous or normal by observing the traffic flow variables. Another major 
concern with these models is the possibility of calibration in future as it can be expected that 
driving behavior varies depending on demography and each model associated with specific 
detectors needs to be calibrated separately (Kuchangi, 2006). This may even require addition 
or truncation of some demography related variables. An actionable model must use variables 
which are universal (e.g., traffic flow) to most of the types of detectors and the model must 
have capability to update itself with time as, quite understandably, the initial model will be built 
with  very few samples.  So  far  the  concentration  in previous  studies  has  been on  how to 
improve the prediction success and for that, the researchers used complex forms of traffic flow 
variables and different statistical models (mainly). In this study, we attempt to address these 
issues by developing a real-time crash prediction model with readily available variables and use 
a real-time risk assessment method – the Bayesian Network.

3. MODEL BUILDING AND VALIDATION

We divided the total model building process into four parts: data collection and preparation, 
predictor selection, Bayesian Network building and performance evaluation.

3.1 Data Collection and Preparation:
We conducted the study on the Shinjuku 4 Tokyo Metropolitan Expressway, Japan. The length 
of the data collection section was 14 kilometers for the direction bound for Tokyo city center 
(see Figure 1). The study area is considered as one of the busiest expressways in Japan. The 
expressway is under the jurisdiction of the Tokyo Metropolitan Expressway Company Limited. 
We collected data from two separate databases – one for the crash data and another one for the 
detector data. Both the datasets were supplied by Tokyo Metropolitan Expressway Company 
Limited which contained crash data from April, 2006 to March, 2008 (24 month) and detector 
data from December, 2006 to November, 2008 (again, 24 months). The crash data contained 
information about date, time (in minutes), location (to nearest 10 meters), crash lane, type of 
crash and vehicle involvement. The dataset contained 1858 crash records but no information 
regarding severity of crash was provided for this study. The detector data contained 5 minute 
station level aggregated values of speed and flow from 40 detectors for 24 hours a day, 365 
days a year. Thus, both the databases had an overlapping time period of 16 months (December, 
2006 to March, 2008) which was used for this study. However, as the study proposes for a 
detector level prediction model, we selected only one detector at first to build the model. To 
choose the suitable detector, we identified the number of crashes for each kilometer using the 
complete 24 month data as presented in Table 1. From this, it can be realized that the highest 
number  of  crashes  occurred  between  kilometer  post  5  and  6.  We  selected  detector  no 
04-01-19,  located  at  3.95  kilometer  from the  start  point  of  the  expressway as  the  study 
detector as it was located within 2 kilometers from the highest crash prone region on the route. 
Afterwards, we retrieved data for all the crash cases taken place within 2 kilometers upstream 
from the study detector for the selected 16 months. We found a total of 200 crash cases for the 
study section during the aforementioned period. Of these 200 crash data, we selected the first 
150 for the model building and kept the remaining 50 crash data for model validation. The 
location was sufficiently away from the  access  points  and  was  relatively straight  with  no 
substantial variation in road geometry. This way, we controlled the impact of road geometry. 
Of the 200 crashes, 93 of those took place on the inner lane where the rest 107 occurred on 
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the outer lane of the two lane two way expressway. We also found that among all the crashes, 
84.5% involved two vehicles and 13% involved more than two vehicles, whereas, only 2.5% 
were single vehicle crashes. Among the vehicles involved, the share for large freight vehicles, 
large regular cars, compact cars, motorcycles, normal freight vehicle, small regular car, bus, 
trailers and special purpose vehicles are 4.65%, 36.63%, 6.98%, 0.87%, 13.37%, 35.17%, 
1.16%, 0.87% and 0.29% respectively. They types of collisions were kept in three categories in 
the crash database. The primary types of collisions were rear end collision (42.49%), collision 
with road furniture (35.41%) and side-wise collision (19.83%). A total of 57 of the crashes had 
a secondary crash type where another rear-end collision occurred in 35.09% cases followed by 
collision  with  road  furniture  (21.05%)  and  side-wise  collusion  (19.3%).  Interestingly,  11 
crashes caused tipping over of vehicles (19.3%). We could not conduct any analysis based on 
the  severity of  crash as  that  information was  not  provided  to  us.  However,  this  was  not 
relevant  for our  study as our  concern was to  distinguish between normal and crash prone 
traffic conditions rather than their associated severities at this stage of the study.

Table 1 Crashes per kilometer on Shinjuku 4 Tokyo Metropolitan Expressway
(Inbound, April '06 – March '08)

Source: Official website of Tokyo Metropolitan Expressway Company Limited
Figure 1 Study area: Shinjuku 4 Tokyo Metropolitan Expressway, Japan.

Next, pre-crash and post-crash detector data were retrieved for each crash case. For example, 
crash no. 42 took place on 18th March, 2007 at 7:22 AM. Therefore, we retrieved detector data 
from 6:50 AM to 7:55 AM for 18th March (see Table 2). We did this for two reasons – firstly, 
to verify the time of crash by identifying changes in speed and/flow before and after crash and 
secondly to check if the detector was functional or not. Fortunately, detectors were functional 
in all 200 crash cases; however, several crashes did not show visible change in speed and/or 
flow. This may be due to large aggregation of data (5 minute) as well as associated severity of 
crash. However, this should not be of huge concern as most parts of the study area are under 
constant surveillance through cameras and the crash locations and time of crash were captured 
with sufficient attention. We classified the data just before the 7:22 AM time slot (here, 7:15 
AM to 7:20 AM) as 'pre-crash traffic condition' for this study.

Km. Post 0 1 2 3 4 5 6 7 8 9 10 11 12 13
No. of Crash 210 237 254 81 156 342 61 44 55 47 263 26 69 13
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Table 2 Detector data for crash no. 42 (18th March, 7:22 AM @ 5.1 km)

The next step was to find the 'normal traffic condition' for each pre-crash traffic condition. For 
this, we had two choices. First option was to follow the method of Oh et al. (2001, 2005a, 
2005b)  and  select  a  5  minute  time  period  30  minute  before  crash  as  'normal  traffic 
condition' (i.e., data from 6:45 AM to 6:50 AM of 18th March for crash no. 42). The second 
option was to select the speed and flow data of all other days of the same day of week for the 
same time period (Abdel-Aty and Pande,  2004; Luo and Garber,  2006).  According to  the 
aforementioned example, 18th March, 2007 is a Sunday. Therefore, speed and flow data for all 
Sundays from 7:15 AM to 7:20 AM can be classified as normal traffic condition. We adapted a 
modified version of the second option for this study which includes selecting 25 minute data 
for the same day of the week for the time prior of the corresponding crash for the whole year 
(here, data from 6:55 AM to 7:20 AM for all Sundays). Now, the normal traffic condition data 
needed to be further checked for any missing data. Moreover, continuing with the example, 
crashes may also take place in other Sundays during the same time period in the vicinity of the 
study area.  Thus,  if not  removed,  the  normal traffic condition may contain impurities and 
become misleading. Therefore,  we truncated all data from normal traffic condition where a 
crash took place on the same date before or after 1 hour of the selected time period. Now, as 
several studies suggested that crashes may have correlation with descriptive statistics of speed 
and flow, we calculated the 25 minute standard deviation, average and coefficient of variation 
of speed and flow for each data point. At last, we prepared a total of 200 and 9507 data points 
respectively for 'pre-crash traffic condition' and 'normal traffic condition'. To finalize the dataset 
for  analysis,  we associated  a  value  of  '1'  with  the  pre-crash condition  and '0'  for  normal 
condition as shown in Table 3. Thus, we prepared the dataset ready to apply methods that are 
appropriate in predicting dichotomous outcomes.

Table 3 Sample data prepared for model building

Crash Flow Speed SDFlow AvgFlow SDSpeed AvgSpeed CovFlow CovSpeed
0 149 12.5 18.02 173.6 3.03 16.62 0.10381 0.18247
0 206 22.2 15.53 185.6 2.9 18.88 0.08370 0.15385
0 190 18.2 24.49 203.2 5.29 21.16 0.12052 0.25017
... ... ... ... ... ... ... ... ...
1 128 74.1 11.41 119.6 1.95 74.88 0.09544 0.02607
1 108 8.1 28.27 119.6 2.99 9.8 0.23639 0.30544
... ... ... ... ... ... ... ... ...

From To Flow Speed
06:50:00 AM 06:55:00 AM 248 70.7
06:55:00 AM 07:00:00 AM 196 74
07:00:00 AM 07:05:00 AM 211 71.1
07:05:00 AM 07:10:00 AM 245 66.6
07:10:00 AM 07:15:00 AM 242 69.4
07:15:00 AM 07:20:00 AM 189 70.6
07:20:00 AM 07:25:00 AM 234 71.4
07:25:00 AM 07:30:00 AM 180 19.2
07:30:00 AM 07:35:00 AM 211 23.7
07:35:00 AM 07:40:00 AM 192 16.2
07:40:00 AM 07:45:00 AM 227 23.1
07:45:00 AM 07:50:00 AM 215 21.9
07:50:00 AM 07:55:00 AM 229 29.7
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3.2 Selection of Predictors:
As mentioned earlier,  we did not  consider  road  geometry as  a  factor  in our  study as  we 
intended to develop the model for basic freeway segments and selected data accordingly (see 
Section  3.1).  Real-time  crash  prediction  modeling  is  in  its  primitive  stage  and  before 
incorporating variables related to  road geometry and weather, it is important to  isolate the 
simplest part, i.e., the basic freeway segment and develop robust modeling framework for it 
using traffic flow variables only. Most parts of the road sections of an expressway are expected 
to be basic freeway segments with little or no variations in road geometry. Moreover, engineers 
normally follow the high standards while designing and constructing expressways. Thus, for 
our study, in order to select the predictors, it was necessary to check how the speed – flow 
relationship  varies  from the  normal  traffic  condition  to  pre-crash traffic  condition  for  the 
geometrically controlled road section. For this, we plotted the speed-flow diagram for both the 
conditions as presented in Figure 2. This figure has high significance as none of the previous 
studies presented this relationship graphically to observe their variation from shape of the well 
known speed-flow diagrams. Interestingly, none of the diagrams exhibited visible discrepancy 
from the well known shape.

Figure 2 Speed – Flow diagram for (a) pre-crash (b) normal traffic condition

The  next  step  is  to  check  the  distribution  of  speed  and  flow  separately  as  well  as  in 
combination for both the traffic conditions. We observed that the mean speed for pre-crash and 
normal traffic conditions are 48.38 km/hr and 53.57 km/hr respectively, suggesting that pre-
crash traffic condition has lower average speed than normal condition. The results match with 
the  findings  of  Oh  et  al. (2005a,  2005b).  Moreover,  75% of  the  speed  data  for  normal 
condition lie between 23.7 – 71.9 km/hr, whereas it lie between 20 – 71.08 km/hr for pre-crash 
condition.  In  case  of  flow  data,  the  average  flow  for  normal  traffic  condition  is  167.3 
vehicles/5 minutes with 75% data falling between 127 – 207 vehicles/5 minutes. The average, 
first  quartile  and  3rd quartile  values  for  pre-crash  conditions  are  150.5,  108.8  and  194.8 
vehicles/5  minutes  respectively.  Thus,  we  observed  that  pre-crash  conditions  have  lower 
average speed and flow than the normal traffic conditions. We calculated the combined impact 
of speed and flow by multiplying the values for both the traffic conditions. All the results are 
presented through box plots in Figure 3, where '0' represents normal and '1' represents pre-
crash traffic conditions.
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Figure 3 Box plot for speed, flow and combination of speed and flow

Lower  number  of  predictors  in  a  real-time  crash  prediction  model  ensures  low  cost 
implementation  and,  probably,  faster  estimation.  From Figure  3,  we  can  observe  that  the 
combined effect  of speed and flow vary in case of normal and pre-crash traffic conditions. 
Therefore, in this study, we proposed a model with two predictors – speed and flow. However, 
the distribution of standard deviation, average and coefficient of variance of the 25 minute 
traffic flow data can also be considered as alternatives and we are presenting the distributions 
of these data in Table 4.

Table 4 Descriptive statistics of normal and pre-crash traffic conditions

3.3 Building the Bayesian Network (BN)
A Bayesian Network is a directed acyclic graph (DAG) consisting of a set of nodes and edges 
that represents causal probabilistic dependences among variables (Jensen and Nielsen, 2007). It 
has two parts – qualitative and quantitative. The qualitative part consists of nodes (variables) 
connected with edges (causal direction) and the quantitative part is the probabilities of different 
states of the variables.  The first step in Bayesian Network (BN) is to identify the hypothesis 
variable, (i.e., the variable being predicted) and the information variables (the values of which 
are expected to  be obtained to  calculate the probabilities of the hypothesis variable). For a 
detailed explanation on BN and its applicability for real-time crash prediction, please consult 
Hossain and Muromachi (2009).

In this study, the hypothesis variable is 'crash' with a dichotomous outcome – '0' for crash and 
'1' for non-crash. Thus, it provides the information related to  instantaneous crash risk. The 
information variables are 'speed' and 'flow', which we can, in practical situation, directly be 
obtained  from most  of  the  available  detectors.  The  second  stage  involves  connecting  the 

Min Q1 Median Mean Q3 Max

Avg Speed
Normal 6.140 25.900 67.900 53.750 71.740 79.940
Pre-Crash 5.780 20.310 66.810 49.110 71.430 77.580

Avg Flow
Normal 18.200 127.200 177.200 167.700 204.600 299.800
Pre-Crash 37.200 116.200 150.100 152.400 188.800 273.600

SD Speed
Normal 0.150 1.450 2.110 4.013 3.550 35.940
Pre-Crash 0.250 1.447 2.315 4.623 4.790 29.950

SD Flow
Normal 1.340 10.380 15.040 16.970 21.300 108.500
Pre-Crash 3.050 10.170 14.310 17.520 21.260 97.580

COV Speed
Normal 0.00202 0.02144 0.03289 0.01181 0.17540 1.32200
Pre-Crash 0.00334 0.02335 0.05033 0.15020 0.24100 1.08500

COV Flow
Normal 0.00793 0.06878 0.09668 0.10740 0.13150 0.90600
Pre-Crash 0.02338 0.07485 0.10810 0.12190 0.14820 0.91540



Journal of the Eastern Asia Society for Transportation Studies, Vol.8, 2009

variables with directed edges. In this case, there are two options to connect the variables as 
demonstrated in Figure 4. We did not show any connection between speed and flow as it is 
unknown which one influences what in pre-crash situation.

Figure 4 Possible Bayesian Networks for real-time crash prediction

In BN terminology, we call 'speed' and 'flow' in Figure 4(a) the parent nodes to child node 
'crash' and vice versa, in case of Figure 4(b). Figure 4(a) represents a converging connection, 
whereas,  Figure  4(b)  is  a  diverging  connection.  According  to  the  laws  of  BN,  any hard 
evidence on 'Crash' in Figure 4(b) will block the communication between 'speed' and 'flow'. 
However, in case of the converging connection, hard evidence regarding 'crash' will not block 
the  communication  between  the  information  variables.  Therefore,  choosing  a  converging 
connection  will  keep  the  opportunity  of  knowledge  discovery  regarding  the  relationship 
between crash and speed with respect  to  different  traffic conditions.  This feature in BN is 
known as 'explaining away' effect. This is a major advantage of BN on other previously used 
methods as  BN not  only predicts  crash probabilities  but  also  facilitates  understanding the 
interrelation  among  variables.  The  proposed  model  can  be  expressed  as  a  universe  of 
probability distribution (see Equation 1)

P(Crash,Speed,Flow) = P(Speed) P(Flow) P(Crash|Speed,Flow) (1)

Thus, if new findings e = {f1,... ... ...,fn } are obtained in real-time through traffic data sensing 
equipment (here, speed and/or flow) the probability of crash can be updated using Bayes rule 
as shown in Equation 2.

P(U|e) = P(U,e)/P(e)            (2)

Here, we can calculate  P(e) by marginalizing the universal probability distribution P(U). One 
interesting  point  about  BN is,  if  information  related  to  crash and any of  the  information 
variables (say, volume) is available, we can compute the probability of the other information 
(e.g.,  speed)  variables using Equation  1.  Another  important  benefit  of  BN is,  it  does  not 
require data for all variables to predict the outcome. This has significant advantages in case of 
real-time crash prediction as it is common for the detectors to  fail providing speed data in 
many occasions.  Now, the next step is to separate speed and flow into smaller and suitable 
categories and generated their probability tables, (P(Speed) and P(Flow)), and their conditional 
probability tables with the  hypothesis  variable crash (P(Crash|Speed,  Flow)).  For  this,  we 
prepared histograms for speed and flow for both the traffic conditions as shown in Figure 5 
and  6.  Based  on  Figure  5  and  6,  we  choose  suitable  classes  for  both  the  variables  and 
generated the probability tables for each variable. Table 5 presents the probability tables for 
speed and flow, however, we did not show the conditional probability table for the hypothesis 
variable 'crash' as it contains 117 rows (13 categories of flow * 9 categories of speed). Table 6 
includes only those combinations of speed and flow where the probability of crash was higher 
than 0.01 and number of crashes that have taken place is more than two. We can observe that 
some crashes occur at low speed and low traffic volume, which is in normal cases, is unlikely. 
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We can also observe that crashes occur at  low speed with high traffic flow, indicating the 
difficulty of driving at congested condition. The maximum design speed for the study section 
was 60 kilometers/hour. Interestingly, we did not find any data for crash cases of more than 
two for any category of flow when the driving speed was within 40 – 60 kilometers per hour, 
suggesting that  driving near designated design speed can keep the driving condition of the 
study site relatively safer. The probability of crash increase sharply for high flow condition 
when the average speed is with in 60 – 70 kilometers per hour region,  and the condition 
becomes  dangerous  for  most  of  the  flow  categories  when  the  driving  speed  is  over  70 
kilometers per hour.

Figure 5 Histogram of speed for pre-crash and normal traffic condition

Figure 6 Histogram of flow for pre-crash and normal traffic condition

In the last step of the model building, we built the BN using the free version of Netica software 
package.  The  final model  is  presented  in Figure  7.  The  model  suggests  that  the  average 
probability of  crash  on  the  study section  of  Shinjuku  4  Tokyo  Metropolitan  Expressway 
(inbound)  is 2.02% when no  prior  information  regarding the  existing traffic  conditions  is 
available. This is calculated internally by the Bayesian Network using Baye's theorem, from 
given probability distributions of P(Flow), P(Speed) and P(Crash|Flow, Speed). We understand 
that the value is substantially high as a crash probability for a road section of two kilometers 
only. However, it should be considered that we developed the model intentionally for the most 
hazardous road section on the Shinjuku 4 route. Moreover, we categorized the 'pre-crash' and 
the  'normal'  traffic  condition  specifically keeping  time  periods  of  crash  as  the  base  line. 
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Therefore,  at  present,  the model is expected  to  demonstrate  good results  when the  crash 
probability is evaluated for a time period where at least one crash had taken place in the past. 
However, when data will be available for different time slots of different days of the week, we 
expect  the model to  have a  much lower  average  crash probability and will be capable of 
predicting crash risks for any time of the day for any day of the week.

Table 5 Probability distribution for information variables
(Speed in Km/hr; Flow in Veh/5 minutes)

Table 6 High crash prone speed-flow combinations

Real-time models have one basic difference from the conventional statistical models. Unlike the 
non real-time models, these models need to be trained for the specific sites before we use them 
as decision tools. With time, when the developed model learns from more crash and non-crash 
situations dispersed throughout  the time of the day,  it  gains higher ability to  predict  more 

Speed (km/hr) Flow (veh/5 min)
Lower Upper P(Speed) Lower Upper P(Flow)

0 10 0.0223 0 25 0.0013
10 20 0.1746 25 50 0.0283
20 30 0.0956 50 75 0.0450
30 40 0.0283 75 100 0.0612
40 50 0.0101 100 125 0.1067
50 60 0.0272 125 150 0.1211
60 70 0.2667 150 175 0.1433
70 80 0.3725 175 200 0.1934
80 + 0.0027 200 225 0.1450

225 250 0.0831
250 275 0.0502
275 300 0.0198
300 + 0.0015

Speed Range Flow Range
P(Crash)

From To From To
0 10 75 100 0.0769
0 10 100 125 0.0480

10 20 125 150 0.0227
10 20 150 175 0.0215
10 20 175 200 0.0177
20 30 175 200 0.0184
20 30 200 225 0.0242
20 30 225 250 0.0452
30 40 225 250 0.0349
30 40 250 275 0.0319
60 70 100 125 0.0818
60 70 125 150 0.0269
60 70 150 175 0.0135
60 70 200 225 0.0098
60 70 250 275 0.0223
70 80 25 50 0.0248
70 80 50 75 0.0153
70 80 75 100 0.0304
70 80 100 125 0.0240
70 80 125 150 0.0237
70 80 150 175 0.0101
70 80 175 200 0.0123
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accurately and can be integrated with decision making system. Thus, these models need to be 
calibrated for short time intervals. In case of Bayesian Network, the updating of the model 
requires only updating the associated prior probability tables and the conditional probability 
tables and it does not require the real-time data to be stored for this process. This reduces the 
cost of data storage. This capability heavily suggests the use of Bayesian Network to model 
problems that need to be trained for short term intervals and carry out predictions in real-time.

Figure 7 The final real-time crash prediction model

3.4 Performance Evaluation
As mentioned earlier, of the 200 crash data, we used the first 150 to develop the real-time 
crash prediction model and kept the rest for performance evaluation. Now, the success of a 
model  depends  on  its  combined  capability  to  predict  both  pre-crash  and  normal  traffic 
conditions. For this, we retrieved the pre-crash and normal traffic condition data of these 50 
crash cases following the procedure as mentioned in Subsection 3.1. Now, as we have just 
addressed in the previous subsection, we made the model based on the time periods of specific 
days of the week where those 150 crashes had occurred, and thus, our newly built model is 
suitable to predict future crashes that will occur within those time periods of corresponding 
days of the week. However, some can argue that it may be extremely difficult to get crash data 
for every hour of the day for every day of the week to calibrate the newly developed model. 
For this, we used all the 50 crash data to predict the crash probabilities irrespective of their 
occurrence time and day. However, the normal traffic condition data for all time periods of the 
day for each day of the weak are easy to obtain. Therefore, we truncated the normal traffic 
condition for any corresponding crash data (for the 50 evaluation data) that  did not occur 
within 30 minutes prior or later than any of the 150 training crash data from the evaluation 
normal traffic condition dataset. This left us with 50 data points for pre-crash conditions and 
381 data points for normal traffic conditions. Lastly, we calculated the probability of crash for 
each data points for both the traffic conditions using the newly developed model (see Table 7). 
Now, we have also mentioned that in many occasions, detectors may fail to yield the speed 
data properly. Therefore, it was important to investigate the prediction capability of the model 
using flow data only, too. For the first case, where we used both speed and flow data to predict 
the outcome, we found the mean probability for pre-crash traffic conditions is 4.03%, which is 
substantially higher  than the average crash probability (2.02%);  whereas we found that  of 
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normal traffic condition is 1.55% for the 381 data points, which is lower than the average crash 
probability. Now, in order to calculate the prediction success, we need to set a threshold value 
for the crash probability and then calculate the prediction success based on Equation 3 to 5. 
Prediction success for:

Crash = (Calculated probability over threshold/Crash sample size)*100 (3)

Normal = (Calculated probability below threshold/Normal sample size)*100 (4)

Overall = (Total correct classification/Total sample size)*100 (5)

It is natural that higher threshold value will reduce the crash prediction success, but, at the 
same time, reduce false alarms, too. The results for different threshold values are presented in 
Table 7. We can understand that if the threshold value is set equal to as low as the average 
crash probability, i.e., 2.02%, the model could predict 74% crashes but misclassified 33.6% 
normal  traffic  situations  resulting  in  a  poor  overall  prediction  success  (67.29%).  If  the 
threshold is set at 2.45%, the model can still predict 54% of the crashes with a classification 
error of less than 10% for the normal condition and with an overall classification success of 
more than 85%. To address the situations when the detectors can not produce the speed data, 
we have also calculated the prediction success for  crash,  non-crash and overall conditions 
based  on  flow data  only and presented  in Table 7.  We can understand that  although the 
prediction success for crash prone situations are similar in low threshold values (less than or 
equal to  2.5), the misclassification rate is substantially high. Thus, to  avoid too many false 
alarms, it will be wiser to use a higher threshold value and capture only the high crash prone 
conditions caused by the turbulent traffic flow when the detectors fail to yield speed data.

Table 7 Prediction success of the evaluation dataset for different threshold values (in %)

Deciding  on  the  threshold  value  is  related  to  the  expert  opinion  and  knowing  how  the 
prediction success varies with threshold is necessary for making such decisions. In the practical 
scenario,  experts  can  set  the  threshold  values  based  on  their  experience  considering  their 
priorities, available countermeasures to calm down the traffic condition and costs associated 
with not predicting a future crash and cost of false alarms due to misclassifying a normal traffic 
condition. They can even set different threshold value at different time of day. Now, in cases 
where the detectors fail to yield the speed data, it can be seen that using the same threshold 
value to  calculate  the crash probability will result  in high false alarm. For  example,  if the 
threshold is set to 2.3, the misclassification is (100 – 75.59) % = 24.41% when both speed and 
flow data are available, but as high as (100-52.48) % = 47.52% when only flow data is used 

Both Speed and Flow Data Available Only Flow Data Available
Threshold Crash Non-crash Accuracy Crash Non-crash Accuracy

2.02 74 66.4 67.29 70 46.37 48.43
2.15 72 70.87 71 54 52.48 52.61
2.3 72 75.59 75.17 54 52.48 52.61
2.4 56 87.66 83.99 54 52.48 52.61

2.45 54 90.03 85.85 54 52.48 52.61
2.5 50 90.03 85.38 50 52.48 52.26

2.75 48 92.91 87.7 30 79.77 75.44
3 48 92.91 87.7 30 79.77 75.44

3.05 32 94.23 87.01 30 79.77 75.44
4 30 96.59 88.86 24 84.16 78.92
5 26 98.16 89.79 0 100 91.29
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for prediction. Therefore, in the situations when the detectors fail to produce speed data, the 
threshold can be raised to  a higher level to  reduce false alarms but predicting crash prone 
conditions mainly caused by turbulent traffic flow condition. Thus, in practical situations, the 
Table  7  can  act  as  a  guideline  to  the  expert  to  take  decision  regarding  the  appropriate 
threshold.

4. CONCLUSION AND RECOMMENDATION

We commenced the paper with giving a new dimension to crash prediction by explaining how 
real-time crash prediction models can address the human factors, which are not considered in 
the conventional non real-time models. Following the methods of the previous studies, we also 
isolated the impacts of road geometry by selecting a basic freeway segment far from the access 
points of the expressway and focused on how crash prone conditions can be detected with 
real-time  traffic  flow  data  (flow  and  speed)  obtained  through  the  detectors.  Then  we 
progressed by explaining the concept of real time crash prediction and how it can be used as a 
proactive road safety measure. Later, we presented the step by step development procedure of 
a  real-time  crash  prediction  model  for  the  urban  expressways  in  Tokyo  using  Bayesian 
Network. Our study involved a relatively larger sample size than most of the previous studies. 
The model involved only two  variables,  the 5 minute average speed and cumulative flow, 
which can be directly obtained from most  types of the detectors  currently in operation in 
different parts of the world. Moreover, we did not use the dispersion values of these variables 
as  from the  counter  measures'  point  of  view,  any new counter  measure  to  shift  back  the 
hazardous traffic condition into normal traffic condition is expected to have higher influence on 
the dispersion than the average values, and thus, cause false alarms. We also attempted to bring 
innovation by applying Bayesian Network as the modeling technique as it has some inherent 
characteristics that are highly applicable for real-time crash prediction. These are, i) the ability 
to  make  inference  regarding  any variable  in  the  model,  ii)  making  inferences  even when 
information  about  only one  variable  is  available,  iii)  indifferent  to  the  correlation  among 
information variables, iv) understanding the phenomena from the model outcome, v) updating 
the model with limited effort (by simply updating the probability tables), vi) easily modifying 
the model by introducing new variables (by redrawing the graph, calculating the probability 
tables  of  the  new  variables  and  only re-calculating  the  probability  tables  of  the  existing 
variables  which  are  direct  parents  or  children  of  the  new variables)  or  dropping existing 
variables, etc. Thus, our study addressed the major three concerns of the previous studies – 
lack of quality data, use of unsuitable variables and relatively rigid modeling approach. We also 
conducted a comprehensive performance evaluation by experimenting with different threshold 
values. The results exhibited that the newly developed model could successfully predict 54% 
future crashes with less than 10% misclassification for normal traffic conditions at a threshold 
(2.45%) higher than the average crash potential (2.02%) on the road. The model evaluation 
was transparent as a newer and separate dataset from the training dataset was used for the 
purpose. Moreover, we also evaluated the possibility of making inferences about crash when 
detectors fail to  capture the speed data.  The results suggest  that  we need to  use a higher 
threshold to ensure reduced false alarms and predict the crashes which were mainly influenced 
by traffic flow. Apart from this, we must mention that this study did not consider the impacts of 
weather, which may have substantial role in improving the crash prediction. At present, the 
data was not available and it is kept as part of future improvement of the model.

The study that we have presented in this paper is part of an on-going research being carried 
out by Tokyo Institute of Technology, Japan where the next step will be to further improve the 
prediction capability by introducing weather,  road geometry and time related variables and 
ultimately move towards a universal highway crash prediction model. However, in this paper 
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we did not suggest any counter measures to calm the hazardous traffic conditions as it is a part 
of our future research scope and any such counter measures require intensive investigation 
before their application in real world situation.
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