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ABSTRACT

Current vehicle navigation systems receive congestion information via RDS-TMC, to the extent that
congestion is detected. A better quality of guidance would be possible, however, if short-term
prediction of future congestion were available beside information about current congestion. This
study used incident duration modelling techniques for the congestion prediction problem for use in-
vehicle navigation systems. A unigque database of TMC messages collected for the London road
network is used in this study. A model that predicts incident duration is fitted with London TMC data
using factors that affect the incident duration as explanatory variables are explored. The prediction
accuracy of the model compared with other naive predictors. It is shown that the proposed model is
more accurate than the naive predictors.

1. INTRODUCTION

The field of in-vehicle navigation system has quickly advanced in the last decade. The systems have
evolved from the simple routing function of computing the fastest route from the current location to
the destination, to the more sophisticated applications that take into account of the current and
predicted traffic conditions. This is so-called dynamic routing function. This dynamic routing
function is gaining importance and gradually being incorporated into newer navigation system.

One of the major benefits of route guidance system is better informed individual behaviour, in
terms of departure time and route choice. The underlying assumption behind the usefulness of route
guidance information is that the individual driver is a rational decision maker who makes his/her
choice (e.g. departure time, route, etc) to minimize his/her expected travel costs (i.e. travel time or
travel cost), subject to the constraints based on the requirements of each driver and their familiarity
with the road network and their own preferences. Thus, reliability of route guidance information is
vital to bringing out the full benefits of the system to the drivers. Reliability in this context means
that the guidance provided by the navigation system is consistent with the traffic conditions
experienced by drivers.

Congestion data are used in many new in-vehicle navigation systems. In current in-vehicle
navigation systems, real-time congestion information can be accessed from a traffic information
centre (TIC) to the vehicle via the Traffic Message Channel (TMC). If congestion has been detected
on the recommended route, it will be displayed to the driver as a triangle on the map. These systems
don’t incorporate the anticipated traffic situations in route guidance. Hence, there is no guarantee that
the recommended route will turn out to be congestion-free or the least congested one. Additionally,
due to the latency between the time when the congestion occurs and drivers receiving the information,
it may be too late for him/her to respond, and he/she will most likely be already held in congestion.
Hence the guidance based on past or real-time traffic situation alone is not enough to provide reliable
route guidance, the short-term congestion prediction information is required to give better quality of
guidance to the driver.

Majority of congestions episodes on the road network are caused by incidents, such as
accidents, vehicle breakdowns, roadworks etc. The prediction of congestion on a certain route is
dependent upon the prediction of the incident duration on that route. The road incidents can be
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classified into two categories: planned and unplanned incidents. For planned incidents, such as
roadworks, the duration is generally provided to the driver in advance. Therefore the driver can make
appropriate route choice at the start of the trip. One cannot predict the occurrence of unplanned
incidents, such as accidents and vehicle breakdowns. However, once it is known that an unplanned
incident has occurred, one can attempt to predict its duration. Then the prediction can be incorporated
into the navigation system for selecting the route for the driver.

The motivation of this paper is to enhance the reliability of in-vehicle navigation system by
predicting the duration of incidents that cause congestion. Concept from incident duration modelling
is applied in the context of prediction in this paper. The rest of this paper is structured as follows: the
next section provides a background on congestion prediction and duration modelling. The proposed
modelling methodology is presented in the subsequent section and one year of traffic incident data
from the London road network is used to calibrate and validate the proposed model. This dataset is
described in the fourth section, followed by the results from model estimation in subsequent section.
Finally, the findings are summarised and the paper is concluded in the last section.

2. BACKGROUND

A short background on congestion prediction methods and duration modelling is given in this section.
2.1 Congestion prediction for route guidance

The field of forecasting in the traffic domain is vast, with a large number of prediction studies
appearing in the academic literature in the last decade. Most of the prediction studies focus on the
short-term prediction of traffic parameters such as flow, occupancy, and speed.

Two different types of models are used in the literature for short-term prediction of traffic
variables:simulation based models and data driven models.

The simulation-based approach makes use of traffic flow simulation models to predict the
traffic conditions on the route of interest. Many simulation tools have been developed in this context,
the most notable ones being DynaMIT (1) and SAVaNT (2). The advantages of simulation-based
approaches are that the models used are largely based on traffic flow theory, they incorporate traffic
control measures in the prediction, and they provide a detailed insight into the problem. However the
main disadvantage is that these models are computationally demanding and hence not suitable for use
in in-vehicle applications.

The data-driven approach, on the other hand, belongs to a broader category of prediction
models, using machine learning models. The term machine learning is used to represent any method
that can learn the relationship between two sets of related variables. These models have been widely
documented in the past in transport literature. Examples includes statistical learning models (3),time
series models (4), ARIMA models (5-7),ANN models (8) with combination of Bayesian method (9,
10) and also the KNN algorithm(11). The main advantage of data-driven approaches is that they do
not require extensive expertise on traffic flow modelling, and as many ready-to-use software packages
are available for model design and calibration, they are also fast and easy to implement (8). However,
the drawback is all data-driven approaches is poor transferability since they need to be re-calibrated
before being implemented on other networks.

Other hybrid approaches may also be found in literature, for example, (12) combines NN and
ARIMA models, (13) uses a genetic algorithms with NN, (14) uses fuzzy sets and NN. Most of these
models are not directly predicting the traffic congestion. They are predicting the traffic parameters,
such as flow, occupancy etc.

Literature dealing directly with congestion prediction is from Horvitz’s team in Microsoft
research (10). In Horvitz’s study, the congestion prediction problem is treated as the probability of
congestion (“surprising event” in Horvitz’s terminology) occurring on a given section of road during a
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future period of time (30 minutes in Horvitz’s case) and the likelihood of congestion occurring is
predicted based on the current and historical traffic flow data using Bayesian statistical techniques. A
threshold is set on the likelihood value to define the significance of the congestion occurrence. The
model’s prediction accuracy is also validated against real data from Greater Seattle area and is shown
to be accurate for the test period. This model is the basis of a traffic service called INRIX available in
the U.S.(15). Again, the traffic flow data is the basic input parameter for the model. The model is too
computational intensive to be implemented on in-vehicle navigation units.

It must also be noted that many of the literature on predictive route guidance mainly concerns
about the predictive models and algorithms, without much regard to the route guidance problem (16).

Input traffic data of the prediction model is also an issue for an application running in a
vehicle on the road, which has access only to a limited data source. Generally, this is historical link
travel time data stored in the navigation unit and current traffic condition from the TMC/TPEG data
(event-based data). So the modelling approach developed for navigation systems should be tailored to
these constraints.

2.2 Duration modelling

In the context of route guidance, it is crucial to consider what the most useful predictive information
for the driver is. Nowadays, most of the drivers are able to access real-time traffic information, which
provide information about current incidents in his route of travel. The next natural question is how
long are the current incident is going to last, and will the incident end by the time the driver reaches
the location of the incident. Duration modelling technique is a suitable candidate to provide this
information.

The term ‘duration modelling” often refers to as ‘survival analysis’. It has been widely used
in many fields, such as medical research, biometrics and mechanical engineering. The main aim of
survival analysis is to represent the observed distribution of durations by the means of hazard models.
In the transportation field, the applications of survival analysis and especially hazard models are
employed in the accident analysis to explore the factors affecting the duration of accidents (17, 18), in
traveller’s activity patterns to analyze traveller’s behaviour (19), and in automobile ownership to
estimate the distribution of car ownership and the effects of characteristic of car and household (20).
A thorough overview of existing transportation applications of duration models can be found in (21).

Using the survival analysis approach to predict the incident duration is not new in the
literature, (22) has used survival analysis models to predict the urban traffic congestions for the
application of traffic management. The results indicate the log-logistic functional form for incidents
duration fit the data well and meaningful results are obtained. Other study has explored the different
incident duration prediction models and concludes the best performance can be achieved by applying
the different models at the different incident duration range (23). This study is for the application of
incident management process.

However, there isn’t any literature found so far that using the prediction of incidents duration
for the in-vehicle route guidance application. This study will use the incidents data collected for the
London network and apply the duration modelling technique to predict the incident duration. The
source of the data is the same as that delivered to the driver and stored in the navigation unit, so that
the model developed here can be later used for the application on the in-vehicle route navigation
system.

3. METHODOLOGY

In developing the duration analysis model for our study, the variable of interest is the length of time
that elapsed from the beginning of the incident until its end. The likelihood that the incident will end
in the next time period given that it has lasted for so long can be expressed as a probability function
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h(t). The probability of incident continues to last f(t) mainly dependent on the time elapsed since the
incident starts and will presumably decrease over time. Apart from the observed incident duration,
other factors, such as incident characteristics and weather conditions, will also have an impact on the
incident duration.
Before describing the actual models developed it is useful to describe the mathematical functions
representing the probability distribution of time T.

T has a probability distribution f(t) and a corresponding cumulative density function F(t). The
probability distribution of T can be represented in a number of ways, among which the survival and
hazard functions are the most useful. The survival function of incident duration is given by:

SO =PriT>t]=1-F@%),0<t<o (1)

Where S(t) is the probability that a duration of incident will be greater than or equal to some
specified time t. That is, the probability that a congestion will continues (‘survive’) until time t. The
survival function is monotone decreasing over [0, «), with S(0) = 1 and limit2xS#)=0. The
probability density function of T is:

. P(tsT<t+At) _ dF(t)
f() = limy, v = it 2)

F(t) is corresponding cumulative density function and Withfooo f(tdt = 1.

The most common function representing the distribution of duration is the hazard function h(t)
which is essential for the further modelling process. All the three functions described above can be
associated with the hazard function. The hazard function defined as:

h(t) = f(©)/(1 - F(1) = f(1)/S() ®3)

Where h(t) specifies the instantaneous failure rate at T=t conditional upon survival time. Put
another way, it represents the rate at which congestion ends after it has lasted up to time t. Note that,
in contrast to the survivor function, which focuses on the congestion will continue, the hazard
function focuses on the congestion will end given it has lasted for time t. This conditional probability
is extremely relevant to our study, because it provides the information on duration dependence (i.e.
the probability of a duration ending is dependent on the length of time the duration has lasted).

Relationship among hazard, survival, density and cumulative functions are illustrated in
figure 1:
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Figure 1: illustration of hazard (h(t)), survival (S(t)), density (f(t)) and cumulative distribution (F(t)) (21)
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Using this hazard function, the effects of incident characteristics, also called covariates in the
survival analysis terminology, can be introduced. The hazard function adopted in this study is shown
below:

h(t|z) = ho(t)exp (-Bz) @

Where z is a vector of covariates and /8 is the model parameter.

The function above can be viewed as the product of two functions. The function, hy(t),
characterizes how the hazard function changes as a function of survival time. The other function,
exp(-fz), characterizes how the hazard function changes as a function of subject covariates. We note
that hy(t) is the hazard function when exp(-fz)=1, therefore hy(t) is frequently referred to as baseline
hazard function.

Baseline hazard function also can be shown by calculating the logarithm of both sides of the
equation, and then one obtains:

logh(t|z) = a(t) + B1x1 + -+ BrXk (5

a (¢) is the log of baseline hazard.

Parametric distributions are often used to implement the hazard model formulation introduced
above. Typical duration distribution alternatives are: exponential, Weibull, lognormal and log-logistic.
Choice of the distribution depends on the problem in question and replies on the knowledge of the
data we have.

Different parametric distributions imply restrictive duration-dependence forms so it is
important to select the correct distribution. Our approach here is to apply a generalized parametric
form that includes specific distributions as a special case. The best-fitting model is chosen according
to the Akaike Information Criterion (AIC) (24) and log likelihood value at the model convergence.

4. DATA DESCRIPTION

A new source of data called Transport Protocol Expert Group (TPEG) is used in this study. TPEG
(Transport Protocol Expert Group) is a new standard format for delivering real-time traffic
information to drivers over digital radio channels. The BBC has launched a pilot service that delivers
a live feed of incident, congestion and roadwork information in tpegML format through their travel
news website. TPEG is thought to be a future replacement for the TMC message broadcasting on FM
(non-digital) radio. The content of the information will be exactly same as the one currently delivered
into vehicle navigation system via the TMC. The quality and provenance of the TPEG data has been
investigated and results can be found in (25). A computer program is set up to download the tpegML
feed continuously from BBC travel news website and need for the offline analysis.

The data further filtered for the Greater London area, the region within the orbital motorway
M25 outside the London, figure 2. They are referred to one year worth data, ranging from 01, May,
2007 to 30, April, 2008. The data later split into two parts for later analysis, the first 9 months for the
model training and the rest for prediction. All the records in the database contain at least the
following information: the starting and ending of the incident (duration of incident), the type of
incident (accident, vehicle breakdowns, vehicle fires, and roadwork etc), and the location of the
incident. One thing worth noting is that incident starting and end time continuously being updated as
the time moving on, the closer to the finish of the incident the more accurate the end time of the
incident, therefore, the true duration of the incident is calculated based on the last update of the
incident. For the different type of incident, roadwork incidents are furthered filtered out from our
database, they are not included in our further analysis, the reason has been explained earlier in the
introduction, because the nature of these incidents are mostly planned and can be known by driver in
advance.
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Figure 3: The coverage area of the data used for this study (Source: Google Earth)

Table 1 displays the summary statistics for different types of incidents in the training dataset
with their duration. As it can be seen, there are 8 types of incidents are included in the database. The
majority of the incidents are the accidents, which consist of more than half of the total incidents. The
mean duration varies significantly among different incidents, from mean duration 108 minutes of
broken-down vehicle to mean duration 8322 minutes for temporary traffic light. The first five types
of incidents are having a mean duration around 180 minutes. The standard deviation also varies
accordingly, generally the longer the mean duration the higher the standard deviation. From
comparing the median and mean of the duration, it can be seen that the distribution of duration of the
incidents are all right skewed.

TABLE 1: summary statistics for incidents
Mean(duration  Sd(duration in Med(duration

Incident type N in mins) mins) in mins)
Accidents 3,303 125.2579 99.43434 94
Broken-down vehicles 1,628 107.5412 66.82669 85
Vehicle fire 110 152.5 189.9609 103
Flooding 33 193.1515 109.0164 193
Fuel Spillage 26 152.8077 138.1092 96.5
Gas leak 33 8322.545 10423.83 4130
Traffic light failure 89 939.2697 1724.821 336
Collapsed manhole 28 443.2143 612.3703 263.5
Total 5250 187.919 1073.862 93

The characteristic of each incident are captured by following explanatory variables (also
referred to as covariates in duration modelling): Severity factor, network performance, incident type.
There are 4 categories for the severity factor: slight, medium, severe, very severe. Most of incidents
have medium severity factor. For the network performance, there are 7 categories. Most of incidents
have the network performance of ‘queuing traffic’. However, there are quite a lot of incidents not
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specified with network performance. The types of incidents, as one of the major factors that affect the
incident duration, are also used as explanatory variable in this study.

TABLE 2: Model covariates: severity factor (a), Network performance (b)

(a) Severity factor N Mean(duration in mins)
Slight 2 59
Medium 3,211 222.1529
Severe 1,909 128.7548
Very severe 128 213.5234
(b) Network Performance N Mean(duration in mins)
Not specified 2,291 263.7254
Free flowing traffic 11 158
Slow traffic 1,093 128.8829
Heavy traffic 143 141.5664
Sheer weight of traffic 2 106.5
Queuing traffic 1,705 128.3935
Stationary traffic 5 81

5. MODELLING RESULTS

Using the incident duration data and analysis methodology described in the previous sections,
modelling results are presented here. The result of model functional form is presented first and then
followed by choice of model explanatory variables, finally the model estimation results is presented.

5.1 Model functional form

Four different parametric distribution forms are fitted with the data. The criteria to select the best
model form are according to the Akaike Information Criterion and log likelihood value. The
preferred model is the one with lowest value of AIC and the largest log likelihood at model
convergence.

According to table 3, the Log-logistic function provides the best fitting of the model.
Therefore it is chosen as our model functional form for analyzing incidents duration data. Interesting
about the log-logistic regression is it relaxes the monotonicity restriction of hazard function. The
hazard function of the log-logistic specified as:

AP(At)P-1

h(t) = 1+(A)P

(6)

Where A and P are distribution parameters, if P > 1, the hazard increases from zero to a
maximum value and decreases toward zero thereafter, if P <1, the hazard is monotone decreasing.



PR RRRERREE
NOUDWNROOO~NOUT™WN

18

19
20
21
22
23
24
25
26
27
28
29
30
31

J. Hu, R. Krishnan, M.G.H. Bell 8

TABLE 3: log likelihood and AIC values for different parameter distribution

Model obs Log likelihood AIC df
Exponential 5250 -6274.206 12586.41 19
Weibull 5250 -5500.433 11040.87 20
Lognormal 5250 -4755.661 9551.321 20
Loglogistic 5250 -4706.9809* 9453.962* 20

5.2 Model explanatory variables

There are various factors affects the incident duration, such as incident severity, incident type,
network performance and incident occurring during the time of the day, day of the week effects. The
choice of variables for potential inclusion in the model is guided by the previous empirical work (26,
22) and checked by the coefficient’s level of significance after the model being fitted. The procedure
is as follows: The fully saturated model with all the explanatory variables included in the model is
first fitted and identify those variables are not significant in the model according to its P value, and
then fitting new model while excluding these insignificant variables, finally choose the variables that
can best explain the data. The AIC criterion is used in selecting the model covariates. Table 4 listed
all the covariates are selected in the final model. To be noted that the network performance variable is
excluded during the selection process, because it produces a poor AIC value thus suggests including
this variable doesn’t explain the data well. In another word, the network performance doesn’t affect
the duration of the incident.

TABLE 4: Covariates included in the final model

Temporal Characteristics Incident severity Incident type
Peak hour/non peak hour Slight Accident
Medium Broken-down vehicle
Severe Fire
Very severe Flooding
Fuel spillage

5.3 Model estimation results

The final model estimation results are displayed in following table, in interpreting the signs of the
coefficients presented in this table, a negative sign increases the hazard (because of the use of -4 in
equation) and thus the decreases duration and a positive sign decreases the hazard and increases
duration.

During the model estimation, only five incident types are included in the final model. The
other three types of incidents: gas leak, traffic light failure and collapsed manhole, are excluded from
the model, because they are having significantly higher mean and standard errors comparing with the
rest, according to Table 1. Inclusion of these variables will introduce a large variance and result in
poor model fitting.

TABLE 5: model estimation results

Variables B SEP Z P 95% confidence interval
Temporal characteristics
Peak time (1=peak, 0=no-peak)  -0.04343 0.016673 -2.61 0.009 -0.07611 -0.01075

Incident Severity
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Slight (1=slight, 0=not) -0.99927 0.348495 -2.87 0.004 -1.68231 -0.31624
Medium (1=medium, 0=not) -0.55853 0.058407 -9.56 0 -0.67301 -0.44406
Severe(1=severe, 0=not) -0.44024 0.058907 -7.47 0 -0.5557 -0.32479
Very severe - - - - - -
Incident type

Accident (1=accident, O=others) -1.64413 0.07425 -2214 0 -1.78965 -1.4986
Broken-down vehicle(1=broken

down vehicle, 0=not) -1.72269 0.074887 -23 0 -1.86947 -1.57592
Vehicle fire(1= fire, 0=not) -1.64211 0.094245 -1742 0 -1.82682 -1.45739
Flooding(1=flooding, 0=not) -1.09398 0.128265 -8.53 0 -1.34537 -0.84258
Fuel spillage - - - - - -
Constant 6.76437 0.093703 7219 0 6.580715 6.948025
Number of observations 5250

Model structure parameter

Gamma 0.343624 0.003945 0.335979 0.351444
Overall model evaluation P
Likelihood value -4875.9837  0.000

From table 5, the coefficient on the temporal variable suggests that incident appears to last
longer if it occurs during the peak hour. Incident types are the most influencing factors on the
incident duration with largest absolute coefficient values. It indicates that if it’s a broken down
vehicle or accident or vehicle fire, the incidents appear to last longer.

5.4 Model prediction performance

After the model has been fitted with first 9 months data, the prediction performance of the model is
checked using the later 3 months data. The results of the prediction of the model are compared with
the naive estimators’ prediction results, mean and median listed in the Table 1 are chosen as naive
predictors corresponding for each different type of incidents. The first five types of incidents are
calculated. The results are showing in table 6. The following statistics: Mean Percentage Error
(MPE), Mean Absolute Percentage Error (MAPE) and Root Mean Square Error (RMSE) are used.

TABLE 6: performance of the model

Model N MPE MAPE RMSE
Naive predictor (mean) 1525 39% 65% 180
Naive predictor (median) 1525 5% 46% 186
Log-logistic hazard model ~ 1525 -19% 41% 191

From table 6, for MPE, the median naive predictor produces the lowest value of 5%
comparing 39% from mean naive predictor. It is not surprising the median give the best results for the
MPE, because median is generally lesser biased estimator. The results from the MAPE are more
robust. For MAPE, the best results are produced by log-logistic hazard model with a value of 41%,
comparing with MAPE from mean Naive predictor 65%. A large improvement is achieved by Log-
logistic hazard model. However, for the RMSE value, the advantage of using Log-logistic hazard
model isn’t very obvious.
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6. CONCLUSION

In this paper survival analysis technique is used to predict the duration of incidents. One-year worth
of incidents data are used to fit the parametric duration model. Log-logistic model is finally chosen
among the others as our candidate model, as it provides the best AIC. Factors affect the incident
duration are explored, it appears the incident type is the most influencing factor on the incident
duration. Other factors are the incident severity and time of the day effect. The prediction
performance is examined and compared with that from naive predictors. It suggests the proposed
model gives more accurate prediction results.

In terms of future work, there is a need to further examine the appropriateness of using log-
logistic for model form. The assumption of log-logistic distribution of incident duration should be
further verified. Even the best model using all the available explanatory information has poor
predictive performance. Hence, future research should focus on identifying other factors that has an
effect on incident duration. The generators of TMC/TPEG data should incorporate these new
elements of information in their data stream to enable more accurate incident duration prediction by
in-vehicle navigation systems
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