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Abstract. Prediction of travel time on road network has emerged as a crucial 
research issue in intelligent transportation system (ITS). Travel time prediction 
provides information that may allow travelers to change their routes as well as 
departure time. To provide accurate travel time for travelers is the key challenge 
in this research area. In this paper, we formulate two new methods which are 
based on moving average can deal with this kind of challenge. In conventional 
moving average approach, data may lose at the beginning and end of a series. It 
may sometimes generate cycles or other movements that are not present in the 
original data. Our proposed modified method can strongly tackle those kinds of 
uneven presence of extreme values. We compare the proposed methods with the 
existing prediction methods like Switching method [10] and NBC method [11]. 
It is also revealed that proposed methods can reduce error significantly in com-
pared with other existing methods. 
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1   Introduction 

Nowadays, travel time prediction plays an important role in ITS. Travel time predic-
tion is becoming increasingly important with the development of the Advanced Trav-
elers Information Systems (ATIS) [1]. Effective travel time prediction and dynamic 
route guidance system can assist travelers to better adjust traveler schedule [2]. More-
over, accurate prediction of travel time on road network is vital for any kinds of dy-
namic route guidance system. Beside this, reliable travel time information enables the 
generation of the shortest path from origin to destination. At the same time, time vary-
ing feature of traffic flow can extremely influence to estimate accurate travel time. 
Meanwhile, how to efficiently predict travel time for any road network receives a lot 
of attention from the researchers across the world.  

In this paper, we have developed two new methods named as successive moving 
average and chain average for predicting reliable and accurate travel time. Moreover, 
this research has attempted to extend our previous travel time prediction method 
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which is based on Naive Bayesian Classification [11]. Both prediction methods for-
mulate a functional relationship between traffic data as an input variables and pre-
dicted travel time as the output variable. For experimental evaluation, PNU (Pusan 
National University) trajectory data generator is used which provides us real trajec-
tory data. According to experiment result, our methods exhibit satisfactory perform-
ance in terms of prediction accuracy. At the same time, the result is considered to be 
superior rather than other prediction methods like Switching method [10] and NBC 
method [11]. 

The remainder of this paper is organized as follows: Section 2 introduces some 
relevant research in this field. Characteristic of the proposed method is outlined in 
Section 3. A concise experimental evaluation is presented in Section 4. Finally, in 
Section 5, the main conclusion of this research is presented and direction of future 
research is outlined. 

2   Literature Review and Motivation  

Travel time prediction has emerged as an active and intense research area nowadays. 
In the literature, there are a large number of researches that can deal with accurate 
prediction of travel time on road networks. In the following section, a wide-ranging 
literature review on the topic of travel time prediction is presented.  

Travel time prediction methods are broadly categorized in two parts, named as 
path-based estimation and link-based estimation. Most studies are focused on path 
travel time estimation [4] ~ [10], it is generally assumed that path travel time is the 
travel time between any two points in a road network. For instance, Park et al. [4] [5] 
proposed Artificial Neural Network (ANN) models for forecasting freeway corridor 
travel time rather than link travel time. One model used a Kohonen Self Organizing 
Feature Map (SOFM) while the other utilized a fuzzy c-means clustering technique 
for traffic pattern classification. 

Kwon et al [6] focused on linear regression method. They used an approach to es-
timate travel time on freeways derived from flow and occupancy data from single 
loop detectors and historical travel time information. Their proposed predictor was a 
linear combination of the current and historical information. Zhang et al [7] proposed 
a method to predict freeway travel times using a linear model in which the coeffi-
cients vary as smooth functions of the departure time. A linear predictor consisting of 
a linear combination of the current times and the historical means of the travel times 
was proposed by Rice et al [9]. They presented a method to predict the time that 
would be needed to traverse a given time in the future.  

Most recent research in this field is proposed by Erick et al [10]. They investigated 
a switching model which was consisted of two linear predictors. Beside this, they 
have shown that there is a point in future time where the linear predictor is no longer 
better than the historical mean. That means this point is varied according to day and 
time for a given roadway.      

On the other hand, a few researches have investigated the use of link travel time to 
model travel time prediction. It is assumed that link travel time prediction is the addi-
tion of the travel times on its consisting links for a particular route. Chen et al [1] 
conducted a study that focused on link travel time prediction. Their study compared 
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the prediction accuracy under direct measurements of path-based travel time versus 
link-based travel times. For path-based method, probe vehicle’s passing is only re-
corded at the beginning and the end of the path. The average probe travel time is used 
as the real-time observation of travel time at each time period. In link-based method, 
record travel times on desired links for those probes entering the links and get the 
average probe travel time for each link. Final travel time is calculated by adding travel 
times on all consisting links. 

In the past research, we have observed that prediction algorithms are trained on 
particular route regardless of other routes in road networks. Kwon et al. [3] employed 
their approach for arbitrary travel routes. In their approach, at first they partition the 
freeway into short segments and observe future travel time on every segment. On the 
other hand, this approach takes more storage and computation time due to two-step 
computation.  

In our previous work, we proposed a method by using Naïve Bayesian Classifica-
tion (NBC) [11] which also focused on arbitrary travel route. The main idea of NBC 
method is that based on historical traffic data it will give probable velocity label for 
any road segment. First, user defines an origin with start time and destination. By 
using Naïve Bayesian classification we can find high probable velocity label for ini-
tial road segment. Then we measure end time for initial road segment and this end 
time becomes start time of next road segment. Finally, by adding all link travel time, 
we can measure approximate travel time from origin to destination. 

The prediction of travel time is received an increasing attention in recent years and 
this motivates the development of various travel time predictors. The problem of 
Switching method [10] is that computational complexity arises when we measure 
switching point. The method developed so far all share the implicit characteristics that 
the route in question must be predefined. That means currently existing system usu-
ally provides prediction for only a small number of pre-determined popular routes. 
Since most major urban areas experience heavy congestion and an ATIS system re-
ceives lots of queries for many different routes. So it is far from satisfactory, if some-
one aims to build flexible ATIS that predict travel time query for arbitrary routes. 
Moreover, NBC method [11] predicts travel time by considering arbitrary routes. But 
there is a significant problem will arise when we calculate velocity level for a particu-
lar route. This route’s velocity level depends on probability of time group which is 
divided into nine parts. As for example, if a vehicle wants to predict travel time at 6 
AM then traffic information from 7 AM to 10 AM can influence that prediction. The 
prediction accuracy is deteriorated fast due to this inadequate time group. 

To overcome the problems of the existing methods as mentioned earlier, we have 
proposed two new travel time prediction methods. At the same time, proposed meth-
ods are also scalable to large network with arbitrary travel routes. In the following 
section, we will explore the complete scenario of our proposed methods. 

3   Proposed Travel Time Prediction Methods 

Our proposed methods can predict travel time by analyzing the historical travel time 
data. As for example, a vehicle enters on a particular road segment at 10:00 AM and 
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wants to predict travel time. For that reason, we need to accumulate all historical 
travel time data for that road segment during 10:00 AM. Let ntttt ,........, 21=  be the 

historical travel time data for any road segment where n is the total number of histori-
cal data within a given time interval. For travel time prediction problem, we pick as 
our sub-problems the problem of determining the time prediction of jii ttt ,........, 1+  

for nji ≤≤≤1 . Let  ],[ jiτ  be the predicted time made by computing the 
time jii ttt ,........, 1+ ; for the full problem, the predicted time to compute nttt ,........, 21   

would thus be  ],1[ nτ .The following two methods can be used to compute  ],1[ nτ . 

3.1   Method Using Successive Moving Average 

In this section, we present our new method for predicting travel time namely Succes-
sive Moving Average which can be mathematically described by following formula   
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If ,ji = then  ],[ jiτ is equal to it  for .,...2,1 ni = . In other case, if ji <  then we split the 

time sequence jii ttt ,........, 1+  between  kt and  1+kt  where jki <≤ . For this reason, we 

can compute  ],[ jiτ by taking the summation of sub-predicted times  ],[ kiτ plus 
 ],1[ jk +τ and divide that summation by (j-i)*2. Finally, the value of  ],1[ nτ indicates 

predicted travel time.  

3.2   Method Using Chain Average 

Let ntttt ,........, 21=  be the historical travel time data for any road segment within a 

given time interval. The value of  ],[ jiτ gives the predicted travel time for jii ttt ,........, 1+  

where nji ≤≤≤1 .Our second proposed method named as chain average, which can be 
written as   
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If ,ji = then  ],[ jiτ is equal to it for .,...2,1 ni = Then  ],[ jiτ is the arithmetic mean of 

 ]1,[ −jiτ and  ],1[ ji +τ  when ji < and 1=i . Otherwise,  ],[ jiτ is the arithmetic mean of 
 ]1,[ −jiτ and  ],1[ ji +τ  when ji < and 1>i . Thus, we can compute  ],1[ nτ which provides 

us predicted travel time.  
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3.3   Example 

Given a sequence of five sample historical travel time data within a given time inter-
val on a particular road segment, we can predict travel time by applying our proposed 
methods. 

Sample Historical Travel Time Data ),,,,( 54321 ttttt : 5 sec 3 sec 5 sec 4 sec 2 sec. 

Total Sample Data (n): 5 

(a) Successive Moving Average Method    (b) Chain Average Method  
 

Fig. 1. τ  table for proposed methods 

The τ table is used for storing the value of . ],[ jiτ Fig.1(a) and Fig.1(b) illustrate 
both methods on a sample traffic data where n =5. In case of first method, by using 

equation 1 we can calculate the first value  ]2,1[τ as 4
2

[2,2][1,1]
=

+ττ . In this way, the 

value in  ]3,1[τ can be found by calculating arithmetic mean of  ]2,1[τ and  ]3,2[τ . Fur-
thermore, chain average method uses equation 2 for generating τ table. In chain aver-
age method, calculation of  ]2,1[τ  is same as successive moving average method. But 
value in  ]3,1[τ depends on resultant value of  ]2,1[τ  and value of  ]3,3[τ . Using both 
layouts, the value of  ]5,1[τ gives us final predicted travel time. In case of successive 
moving average method, predicted travel time would be 3.71 sec. On the other hand, 
if we apply chain average method, it takes 4.10 sec to traverse that road. Therefore, 
predicted travel time for that road segment would be 4 sec after applying round-off 
operation. 

4   Simulation Results 

4.1   Data Set 

A real data set is used in this study, which was collected by PNU (Pusan National  
University) trajectory data generator. This generator is based on real traffic situation  
in Pusan City, South Korea. For building PNU generator, they collected real traffic data 
by using GPS sensor. From this data, traffic pattern of Pusan city was extracted. And  
according to traffic pattern, generator simulates and generates trajectory data, which is 
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almost same as real data. The period of real traffic data covers both weekdays and 
weekends, and both peak hours and non-peak hours. This should adequately reflect real 
traffic situations. For objective and accurate evaluation of performance of the algo-
rithms, we split data set into training and test data sets, each consisting of 365 days and 
30 days. The data from 365 training days are used for fitting the model. The test data 
from the other 30 days are used to calculate prediction performance for all methods.  

4.2   Comparison of Prediction Accuracy  

To compare the accuracy between all prediction methods, we use a prediction error 
index, Mean Absolute Relative Error (MARE) [1]. As we know, MARE is the simplest 
and well-known method for measuring overall error in travel time prediction.  MARE 
measures the magnitude of the relative error over the desired time range. This error 
measurement is defined as:  
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where )(tx  is the observation value, )(* tx is the predicted value and N is the number of 
samples. In experimental evaluation, proposed methods are tested against other pre-
dictors like Switching method [10] and NBC method [11]. 

Relative performance between all travel time predictors is investigated in this sec-
tion which is shown in Fig. 2. In this observation, prediction error of all predictors 
during 8AM to 6PM is examined. Our proposed two methods successive moving  
 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

8:
00

 A
M

9:
00

 A
M

10
:00

 A
M

11
:00

 A
M

12
:00

 P
M

1:
00

 P
M

2:
00

 P
M

3:
00

 P
M

4:
00

 P
M

5:
00

 P
M

6:
00

 P
M

Departure Time

M
A

R
E

SMA method
CA method
NBC method
Switching method

 

Fig. 2. MARE of each method during different time interval 
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average method and chain average method are denoted as SMA method and CA 
method respectively. We can see that, proposed methods perform much better than 
NBC method and Switching method. Moreover, we can note that proposed methods 
perform well during pick hours of a day. There are eleven test cases which are evalu-
ated during 8AM to 6PM. In case of proposed methods, nine test cases exhibited errors 
less than 0.50. On the other hand, NBC method outperforms our methods in two test 
cases but that are not statistically significant. However, prediction error of all methods 
has increased dramatically at 10AM. After that, prediction error has declined signifi-
cantly. At the same, our proposed methods have shown high accuracy at 12PM. In case 
of our methods, prediction error is varying from 0.25 to 0.40 during 2PM to 6PM. 
Furthermore, CA method outperforms SMA method during morning rush hour. Be-
sides this, there are two test cases where our proposed methods provide same accuracy. 

Summarized result of MARE for different travel time predictors are shown in Fig.3. 
MARE of successive moving average, chain average, NBC method and Switching 
method are 3.82, 3.84, 4.33 and 4.31 respectively. Thus, successive moving average 
reduces MARE from NBC method and Switching method by 12% and 11% respec-
tively. A similar trend is also observed in chain average. In this case, chain average 
method reduces MARE from NBC and Switching method by 11%. Moreover, SMA 
method reduces MARE from CA method by less than 1%. So, we can say that relative 
performance between our proposed methods is almost same.  
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Fig. 3. Summarized MARE of each prediction method 

Furthermore, we compare the effects of four methods based on some O-D (Origin-
Destination) pair. The distance of each O-D pair is quite different. To reveal the rela-
tion between the distance and prediction results, Table 1 shows the distance and MARE 
from each O-D pair. In case of our methods, behavior of MAREs is linear and results 
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are varying from 0.10 to 0.25. On the other hand, MAREs of other methods are irregu-
larly distributed between 0.13 and 0.20 within 15 km distance. When the distance of 
the O-D pair exceeds 15 km, the MARE of the outputs is uniformly dispersed between 
0.28 and 0.38. 

Table 1. Relationship between distance and prediction results (MARE) of some O-D pair 

Travel distance 
Method 

7 km 15 km 22 km 30 km 

SMA 0.10 0.16 0.22 0.23 

CA 0.10 0.20 0.24 0.24 
NBC 0.20 0.13 0.37 0.38 
SW 0.20 0.17 0.28 0.30 

5   Conclusion 

This paper focuses on travel time prediction in road network for ATIS. In this paper, 
we have developed two methods for predicting travel time by using real traffic data 
from PNU trajectory generator. Compared to the other methods, simulation results 
suggest that proposed methods provide a more precise prediction in most test cases. 
Moreover, SMA method is more precise than other methods. The advantages of the 
proposed methods include: 1) provide an accurate prediction; 2) low cost due to sim-
plicity. Each method needs to execute a very simple computation which reduces the 
complexity of the system; 3) eliminates unwanted fluctuations in the data set in com-
paring to conventional moving average method. Future work will include an analysis 
of the relationship between the length of roadways and accuracy of the prediction. 
Beside this, analysis of travel time prediction will be extended with respect to real 
field data. 
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