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Abstract—This paper presents a travel time prediction model
and evaluates its performance and transferability. Advanced
Travelers Information Systems (ATIS) are gaining more and
more importance, increasing the need for accurate, timely and
useful information to the travelers. Travel time information
quantifies the traffic condition in an easy to understand way
for the users. The proposed travel time prediction model is
based on an efficient use of nearest neighbor search. The model
is calibrated for optimal performance using Genetic
Algorithms. Results indicate better performance by using the
proposed model than the presently used naïve model.
Index terms—Intelligent Transportation Systems (ITS),
Travel Time Prediction, Pattern Matching Technique,
Adaptive Parameters
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I. INTRODUCTION

HIS paper presents a travel time prediction model.
Travel time information helps the users of the transport
system to make better travel decisions resulting in the
efficient utilization of the available transport resources.
Travel time information can be provided to the users either
pre-trip or en-route. Pre-trip travel time information helps
users to decide the optimal route as well as the departure
time to reach their destination. En-route information can
only help the users to decide a better route if alternatives are
available. Even if the alternatives are not available and user
cannot choose another less congested route, travel time
information helps users by reducing the stress especially
during the congestion as the users know before-hand how
much time they will have to spend on the road.
Travelers’ Information Systems can be either reactive or
proactive. Reactive systems provide the users either the
historical information or at the most information about the
current traffic state, which may be outdated by the time
travelers come on the road. On the other hand, the proactive
systems provide the traffic state which the users will
experience when they will use the system. A proactive
system is necessary in order to build the confidence of the
travelers in the provided information. A proactive system
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requires the prediction of the future traffic state using the
present and past traffic state information.
Different types of data collection instruments can be used
to assess the traffic state. These include fixed detectors
which provide the traffic information at the specified
locations. These detectors include loop detectors, ultrasonic
detectors and video cameras. Another method is use of
probe cars, which provide the link-based information. The
proposed method uses detector data for the prediction of the
travel time.
Many researchers have developed different travel time
prediction methods based on statistical time series methods
[1],[2],[3], Kalman Filtering [4],[5] and Artificial Neural
Networks [6],[7],[8],[9],[10],[11] and [12]. Most of these
methods have been tuned for the local traffic conditions for
which these models have been developed and transferability
of such models to other expressways is not evaluated. To
test the transferability of the proposed model is one of the
main objectives of this research.
II. TRAVEL TIME MODEL
The basic hypothesis of the proposed model is that traffic
conditions are recurrent in nature and if present traffic state
is defined in a way which properly relates to the travel time,
similar traffic states can be searched in the history and can
be used to extrapolate the present traffic state to predict the
travel time. Fig. 1 shows the outline of the proposed model

Fig. 1. Outline of the travel time prediction model

in which present traffic detector data is used to define
present traffic pattern which is searched for similar instances
in the historical database and n most similar patterns are
selected from historical data to extrapolate the present traffic
state and predict travel time.

A. Definition of Traffic Pattern
Traffic detectors can collect speed, flow and occupancy
information. It is already established that inverse speed, best
represents the relationship between traffic condition on the
road and travel time [13]. It is assumed that point
measurements from the detector stations represent the
average traffic conditions on the segment of road from half
of the distance to upstream detector to half of the distance to
downstream detector. But, the detectors may not be equidistant thus one detector may be representing traffic
conditions for a longer length of road than other detector.
This causes an unjustifiably equal weight to traffic
conditions of different sections. To overcome this problem,
inverse speed matrix is weighted by the distance which each
corresponding detector represents.
The traffic pattern is defined as a matrix on spatial as well
as temporal scale. On the spatial scale, traffic pattern
includes the whole section of the road for which travel time
needs to be predicted. On the temporal scale, it includes
sufficient length of time to define the image of traffic
reflecting the effect on travel time. Congested regions in the
traffic considerably affect the travel time. To capture this
effect, weights are applied to different values in the matrix
based on the congestion level at given time and location.
Speed is used as an indicator of congestion level at a given
time and location and hence of weights.
B. Pattern Matching Process
The basic aim of the pattern matching procedure is to find
the most similar historical pattern(s). Hence, the first task is
to create some historical days' database. One way of
searching the patterns is to search the whole historical
database for the most similar pattern, but this makes the
search process computationally intensive. Therefore, by
making use of the assumption that traffic patterns are
recurrent in nature and adding that these recur in a tight time
frame such as similar traffic state for 9AM traffic can be
searched from 8AM to 10AM. This restricted search
window can quickly find a similar traffic pattern. Traffic
patterns of all days in the historical database within a time
frame of ±x minutes of prediction time were searched for
closest patterns.
Sum of the squared difference between the prediction
time traffic pattern and the historical traffic patterns is used
as a criterion for finding similarities between the traffic
patterns. The historical traffic pattern having minimum sum
of squared difference is regarded as the most similar pattern.
The road section under study is assumed to consist of
small links i’s each representing a section of road equipped
with one traffic detector , where i=0,1,2,3,......ni and
similarly time period is divided into slots , j=0, 5, 10,......nj
as data is collected in 5 minute intervals, here nj is the length
of the time window. In this way, the detector data is
represented on a temporal and spatial scale. If t is prediction
time on prediction day p, then v (i, t-j, p) represents speed on
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prediction day p at link i at time t-j.
where,
i=0 refers to the most upstream link;
i=ni refers to the most downstream link;
j=0 refers to the time slot corresponding to start of pattern
on temporal scale; and
j=nj refers to the time slot at the end of pattern on
temporal scale.
Similarly, if h=1,2,......nh represents the number of days in
historical database and ts represents the start time of the
traffic pattern on historical days then v( i, ts-j, h) represents
speed on historical day h at link i at time ts-j. As the search
is performed in rx minutes of prediction time t on historical
days so t+x  ts  t-x and the final form of the objective
function for pattern matching is,
n n
L(i )
1
1
2
2 (1)
min . of

' ( p, t , h, ts )

i

j

¦¦ w(i, j).
i 0 j 0

L

[

v(i, t  j, p)



v(i, ts  j, h)

]

where,
w(i,j) represents the weight of the traffic in cell (i,j)
L(i) represents the length of section i.
L represents the length of the stretch of road for which
prediction is required
'2 ( p, t , h, t s ) represents the squared difference between the
present and historical pattern.
C. Travel Time Extraction and Cleansing
In this step, travel times, corresponding to selected
historical traffic patterns, are extracted from database. It has
been found that despite all the care exercised in the selection
of most similar patterns; sometimes a few selected patterns
have larger travel time differences from rest of the selected
patterns. To overcome this problem, Box Plot technique is
employed. By using Box Plot technique, outlier travel time
values are excluded.
In Box Plot technique, the upper bound, UB, and lower
bound, LB, of a data set is calculated using the following
formulae.
UB Upper quartile  1.5 * Interquartile range
LB Lower quartile  1.5 * Interquartile range

where,
Lower and upper quartiles are the 25th and 75th
percentiles, and
Interquartile range is the difference between upper and
lower quartiles.
Any data point lying above UB or below LB is regarded
as an outlier and is discarded. This technique helps to
improve the prediction, especially when the travel time
values are uncharacteristically different from other selected
values.
Finally, after exclusion of the outliers, there are nk
patterns out of the historical database for every prediction
time, t, on prediction day, p. The final prediction is
calculated as:

Tˆ (t , p )

¦ T (t

s

, h)

h: ( t , p )

(2)

nk

Where, ȍ (t, p) represents the set of patterns out of the n
best matched patterns that are not the outliers; T (ts, h) is the
travel time values extracted from these historical patterns;
and Tˆ(t, p) represents the final prediction.
D. Model Parameters
Above described model has four parameters. These
parameters are temporal size of traffic pattern, weight, size
of search window and number of selected patterns from
historical data.
Traffic conditions on the road changes during the day. In
free flow condition the traffic state can be represented
properly even with a small size of the traffic pattern and
during congested traffic conditions, a bigger pattern size is
needed for better representation and same is true for other
parameters also. Hence a fixed set of parameters may not
provide the optimum prediction and parameters should
change with the change in traffic condition to better reflect
the present traffic state while saving the extra computations
where it can be saved. This can be achieved by using
adaptive parameters which are a function of present traffic
state. These parameters will self-adjust to the changes in
traffic condition and provide optimal performance. Average
speed on the whole road section is used to represent the
present traffic condition and the parameters are calculated as
a function of it.
1) Temporal Size of the Pattern
On the temporal scale, sufficient detector data in
immediate history should be used. The temporal size of
pattern should be long enough to replicate the evolution of
the traffic state but should not be so long as to include the
unnecessary details which can mislead the similar patterns
search in historical database. Temporal size is assumed as a
function of current average speed and the following
relationship is proposed:
§ A ·
(3)
¸¸ * D.I t 10
Pattern _ Size nearest int¨¨
© Vav ¹
where, A is a constant, Vav denotes the average speed on
the road and D.I represent the detectors’ data collection
interval which is 5 minutes in this case. A minimum value of
10 minutes is used.
2) Weights
Travel time on a road is mainly affected by the
congestion present on the road. The congestion may occur
either due to permanent bottlenecks, such as a sag section or
sections with reduction in number of lanes etc., or temporary
bottlenecks which can be further of two types, stationary for
example if some incident has occurred or moving such as a
slow moving vehicle forming a platoon. Weights are applied
to account for the congestion produced due to these type of
bottlenecks, whenever and wherever it occurs. These
weights are based on the instantaneous speed of each section

1002

and should be higher for the sections with lower
instantaneous speeds indicating congestion. Following
functional form is used:
1
(4)
w(i, j )
>v(i, t  j, p)@B
where, B is a constant.
3) Search Window
The optimal size of the search window needs to be
investigated in order to reduce the computational effort
while maintaining a sufficient level of accuracy. Following
functional form is proposed for this purpose:
§ C ·
nearest int ¨¨
¸¸ * D.I t 15
© Vav ¹

Search _ Window _ Size

(5)

where, C is a constant and a minimum value of 15
minutes for the search window is fixed.
4) Number of Best Matched Patterns
Using only one best matched pattern for prediction can
result in an abrupt change in travel time. To solve this
problem, average of a larger number of patterns is used
which helps to smooth the change in travel time from one
instant to next. Following relationship is used for this
purpose, which requires higher number of similar patterns
searched for congested conditions than free flow conditions.
§ D·
(6)
¸¸
Number _ of _ selected _ patterns int¨¨
© Vav ¹
where, D is a constant.
The model was calibrated for optimal performance
using Genetic Algorithms in a previous study [14]. The
calibrated optimal values for the constants are as following:
TABLE I
OPTIMAL VALUES OF PARAMETERIC CONSTANTS
Constant

Optimal Value

A
B
C
D

40
0.25
180
200

This model was calibrated using the detector data from
inbound direction of the Shibuya Line of Tokyo
Metropolitan Expressway, which has a length of about 12
km and is equipped with 40 detectors. This section has high
variability in travel time ranging from 10 minutes in free
flow condition to 70 minutes or more during severe
congestion.
III. MODEL APPLICATION
The basic objective of this study was to extensively test
the proposed model for the network-wide applications. Two
main issues are thoroughly investigated. These issues are:
1) Transferability
2) Effect of the length of route
Transferability of the proposed model while
maintaining sufficient level of accuracy is a highly desirable
property as it will provide a one-for-all solution eliminating

the need of calibrating the model for each different site. The
effect of the length of the route on accuracy of travel time
prediction is also investigated in this study.
A. Site Description
The site selected for the application of the model
includes different routes of Tokyo Metropolitan
Expressway. Tokyo Metropolitan Expressway has a total
length of 283.3 km and carries an average daily traffic
volume of 1.12 million vehicles[15]. Fig. 2. shows the
Tokyo Metropolitan Expressway Network. Data from
following routes is used for the evaluation of the proposed
travel time prediction model:
1) Shibuya Line(Route 3)
11.94 km
2) Shinjuku Line(Route 4)
13.50 km
3) Ikebukuro Line(Route 5)
21.44 km
4) Misato Line(Route 6)
09.52 km
5) Wangan Line(Bayshore route) 24.20 km

C. Travel Time Prediction Methods
Following travel time prediction methods are tested with
the above data and their performance is compared.
1) Proposed Model
The model proposed in earlier sections is applied to
predict the travel time for the given road sections on the
above-mentioned days.
2) Instantaneous Travel Time Model
This model calculates the travel time based on the
present information. This model provides good travel time
prediction when traffic conditions are stationary, which is
seldom true when the travel time information is most
needed. This method assumes traffic conditions at present
will prevail until the vehicle entering the road section now
will reach the destination. Suppose a road section composed
of links i=0, 1, 2, 3,......ni where, each link is equipped with
a traffic detector and speed data for each link is available.
For a car that enters the road section at time To, total travel
time is the summation of travel times of all the links based
on the present speed. This can be represented by this simple
formula.
ni
L(i )
TT (To ) ¦
v
(
i, To )
i 0
(7)
where, TT(To) represents travel time of the vehicle entering
at time To; L(i) represents length of each link; and v(i, To)
represents speed in link i at time To. This method is currently
used for travel time prediction on the test sites.
D. Performance Measures
To evaluate and compare the performance of the
proposed travel time prediction method and currently
employed methodology, correlation coefficient (R), rootmean-square-error(RMSE) and hit ratios Ep i.e. percentage
of predictions within rp percent of actual travel time are
used as performance indices.
n

¦

l 1

R
Fig. 2. Tokyo Metropolitan Expressway Network

B. Data
Following days are selected as test days for all the abovementioned routes:
1) January 21, 2004(Wednesday)
2) January 22, 2004(Thursday)
3) January 23, 2004(Friday)
Data collected during the year 2003 is used as the
historical database. Generally, the quality of data from the
detectors is quite good but sometimes at some detector
stations, data was found missing due to apparent
malfunctioning of the detectors. In this case, missing data
was interpolated on spatial as well as on temporal scale.
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where, Tl and Tˆl represent the actual travel time and
predicted travel time at lth instant respectively. V and Vˆ
represent the standard deviation for actual and predicted
travel time respectively.

IV. RESULTS
Travel time prediction results by using the proposed
model are shown in Fig. 3. to Fig. 7 for the five different
routes of the Tokyo Metropolitan Expressway. Results
clearly indicate a good correlation between the predicted and
actual travel time. The proposed model shows a better
performance especially at the onset of congestion when
traffic is still in transition state and travel time information is
most needed. One shortcoming of this model is, it cannot
predict travel time accurately during the non-recurrent
congestion because of its dependence on historical traffic
patterns. At some instants, especially during the congestion,
the prediction is not good. The possible reason may be nonavailability of a similar pattern from the historical database
indicating non-recurrent congestion. This emphasizes the
need to develop models which can be used to predict travel
time during the non-recurring congestion such as during
incidents.
The results in Table II show that for first four routes, the
proposed travel time prediction model performs better than
the instantaneous travel time model which is presently used
for the travel time prediction, while on the last route the

60

80

Predicted TT
Actual TT

Travel Time (min)

Travel Time (min)

80

performance of proposed model is comparable. This is due
to relatively low congestion levels for this route. The speed
limit on first four routes in 60 km/hr and these routes have
two lanes while the Wangan Line has a speed limit of
80km/hr and have three lanes. The lower level of congestion
is also evident from the Fig. 7. which shows fewer variations
in travel time as compared to the other routes. Lesser
variations in travel time indicate a lower congestion level
representing stationary traffic conditions, which is the basic
assumption of the instantaneous travel time model and hence
of its good performance in this case. Overall, it is evident
from the results that on all those routes which experience
severe congestion levels, proposed travel time prediction
model performs better underlining the success of this model.
To investigate the effect of the length of the route on the
travel time prediction using proposed model, we plotted the
RMSE versus length of route, see Fig. 8. The results indicate
that accuracy of model decreases with increase in length of
road except for the Wangan Line. Though the increase in
RMSE is not significant compared with an increase in length
of the route but it needs to be investigated whether adjusting
the parameters of model for change in length of route can
improve the performance of the model.
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Fig. 3. Actual and predicted travel time profile for Shibuya Line
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Fig. 6. Actual and predicted travel time profile for Misato Line
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Fig. 5. Actual and predicted travel time profile for Ikebukuro Line
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Fig. 4. Actual and predicted travel time profile for Shinjuku Line

Travel Time (min)

Travel Time (min)

80

Predicted TT
Actual TT

40

8
6
4

20

2

0
1/21/2004

Wangan Line

0

1/22/2004

1/23/2004

0

1/24/2004
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Fig. 8. Error of travel time prediction versus length of route
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TABLE II

[9]

COMPARISON OF PERFORMANCE INDINCES FOR DIFFERENT ROUTES

Route
Shibuya
Line
Shinjuku
Line
Ikebukuro
Line
Misato
Line
Wangan
Line

Prediction
Method
Proposed
Instantaneous
Proposed
Instantaneous
Proposed
Instantaneous
Proposed
Instantaneous
Proposed
Instantaneous

Correlation
Coefficient
0.965
0.941
0.954
0.936
0.956
0.920
0.967
0.942
0.963
0.963

RMSE

E5

E10

10.1%
14.4%
12.5%
18.1%
11.3%
14.6%
9.6%
13.9%
3.3%
3.2%

69%
62%
55%
52%
59%
56%
68%
61%
89%
90%

84%
77%
73%
69%
76%
73%
81%
74%
99%
99%

[10]
[11]

[12]
[13]
[14]

V. CONCLUSION
Extensive testing of the proposed travel time prediction
model clearly indicates its success in predicting travel time
especially for the congested expressways. The high accuracy
of the model on routes other than for which it is calibrated
proves that the model is fully transferable to other routes
without any significant loss of generality and accuracy. This
gives this model a significant edge as it provides an off-theshelf approach provided the required data is available.
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