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Abstract. Although a large amount of research has been done on travel time 
estimation and prediction, research into the variability of travel time and into 
models describing or explaining this variability is still limited and mainly focused 
on freeways. This paper uses a fuzzy k-means method to classify urban traffic 
patterns and investigates the variability of urban arterial travel time as a function 
of these different traffic patterns. A simulation scenario and empirical data are 
used to evaluate this method and provide insight into the variability of urban 
arterial travel time.  

1. Introduction 
To improve the accuracy of travel time prediction is a topic that has attracted significant 
interest in recent years. Providing travelers with travel times allows drivers to make more 
informed decisions, yielding not only cost-benefits for the individuals, but potentially also 
more stable and less congested traffic conditions for all road users (van Lint, 2004). 
Moreover, from the traveler’s perspective many times a reduction in variability is just as 
valuable as a reduction in the mean travel time since it reduces anxiety or stress caused by 
uncertainty.  

In a real life, travel times vary with a number of factors including traffic demand, 
composition of vehicles, probabilistic distributions of traffic arrivals, signal timings and 
driver behavior. Many of these factors are random variables, which result in the variability 
of travel time. So far, travel time variability has been studied predominantly on freeways 
with uninterrupted traffic flow conditions (van Lint 2004), while research on urban arterials 
with interrupted traffic is still quite limited. In addition, previous research has mainly 
concentrated on examining the variability of travel time in terms of time-of-day and day-of-
week, month-of-year (Van Lint, 2005; Eisele & Rilett, 2002; Stathopoulos & Karlaftis, 
2001). Since time-of-day or day-of-the-week by themselves have no causal relationship 
with travel time variability (travel times are not widely spread just because it’s Friday 
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afternoon), the approaches and results of these types of studies are phenomenological and 
descriptive by nature. 

To address the causal relationships, this paper investigates the variability of urban 
arterial travel times as a function of traffic demand. Individual travel times are used to 
construct travel time distributions at different traffic demand levels. This paper does so by 
means of the fuzzy k-means method. The rationale of using a fuzzy method is that 
individual travel times are allowed to belong to different traffic demand levels with 
different degrees of membership. The data used for this analyses come from micro-
simulation model VISSIM, as well as from camera based license plate recognition systems 
(providing individual travel times), and loop detectors (providing flow rates) along an 
actual urban arterial. 

This paper is organized in the following manner. The method used in this paper is 
elaborated in section 2. Section 3 describes the practical test bed and simulation scenario, 
which are used to evaluate this method. The results and discussion are presented in section 
4. Finally, some conclusions and directions for further work are offered in section 5. 

2. Methodology for Correlating Travel Time Variance with Traffic 
Patterns 

Recently, pattern recognition methods are widely adopted in prediction of travel time 
(Bajwa 2003; Robinson 2005). The basic idea behind pattern recognition models is to 
match the current traffic pattern with similar historical traffic patterns, and use the 
associated historical travel time as a predictor for the current. Traffic patterns are spatio-
temporal patterns. That implies that historical traffic patterns should cover not only the 
relevant sections of the arterial that influence the travel time, but also an appropriate length 
of time.  

2.1. Definition of traffic patterns 
As stated above, traffic patterns have spatial and temporal attributes. Figure 1 depicts a part 
of urban network with several intersections. Thus, a dynamic traffic pattern can be 
formulated as follows 
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where TP(i) represents the traffic pattern on the arterial of interest, Aik and Bik denote the so-
called look-back and look-forward interval (defined as the number of time steps before and 
after the time instance i) at time instant i at segment k, uk(tk) denotes observations (e.g. 
flows, travel times) collected from segment k, and Dl denotes a set of detectors on the 
segment k. 

Normally, loop detectors installed along urban arterials measure three kinds of data: 
speed, flow and occupancy. However, vehicles decelerate and accelerate when they 
approach and depart intersections respectively. Therefore, spot measurements of speed 
cannot be a good representative of the whole traffic pattern of the arterial, although there 
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are some algorithms (e.g. Van Lint, 2004) to derive space mean speed from time mean 
speed. 

Furthermore, since intersection delays are the main component of urban arterial travel 
time, it is necessary to take into account of which variable predominantly relate to the 
delays. According to the work done by Viti & Van Zuylen (2004), the authors show that a 
tight relation between flow rates and delays exists. Therefore, flow rates are selected as the 
representative of traffic pattern, as done by Robinson (2005).  
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Figure 1 A typical urban arterial with intersections 

Note that in the arguments of right side  in equation 1, only the upper limit of t0=[i-Tik,i] 
has the same time instant as the term on the left side TP(i), whereas the upper limits of 
t1,…tn are larger than time instant i. This implies that those parts of u1(t1)…un(tn) beyond 
time instant i are not available in real time. This does not affect offline analysis, during 
which all the necessary data are recorded for each time instant. 

The goal is to derive the look-forward interval, Bik, given the total arterial travel time, 
TTi. Bik can be divided into two components: link cruising times and intersection delays. 
Due to the filtering effect of the upstream signals, the link cruising times does not change 
significantly with the increase of flow rates, while intersection delays do. Thus, Bik is 
determined by the following equation 
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where TTic denotes the cruising times, Lk denotes the length of segment k, F(.) is the 
function to calculate delay weight of segment k. 

Obviously, the look-forward interval of each segment has the upper limit of the value 
less than the time instance when vehicles pass. However, the look-back interval Aik is 
difficult to be a priori determined, because the exact past time steps that influence the 
vehicles are not easy to be derived directly. Thus, in this paper 5 and 10 minutes are 
selected as the look-back interval based on the spatial scale. 

2.2. Fuzzy K-means for classifying traffic patterns 
The Fuzzy k-means is a kind of partitioning method to assign n objects into g groups for 
which the chosen criterion is optimized. The basic idea of the fuzzy k-means method is that 
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patterns are allowed to belong to all clusters with different degrees of membership (Andrew 
Webb 2004). The fuzzy k-means algorithm attempts to find a solution for parameters yji 
(i=1,…n; j=1,…g) for which 
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The parameter yji represents the degree of membership of the ith pattern or object with 
the jth group. In equation 3, r is a scalar termed the weighting exponent which controls the 
‘fuzziness’ of the resulting clusters (r≥1) and mj is the ‘centroid’ of the jth group. The basic 
iterative algorithm can be seen in [1]. 

3. Evaluation Setup 
To evaluate this method, two sets of data are used in this paper: simulation data produced 
by VISSIM; and real data measured from the Kruithuisweg. 

A simulation scenario was set up according to the environment of Kruithuisweg (see 
figure 2(a)). The simulation data for this research was obtained from the simulation 
software VISSIM, Version 3.6. It is easy to control the traffic pattern constant in VISSIM, 
which give the more detail in analysis of variability of travel time in terms of different 
traffic patterns.   
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Figure 2 (a) Simulation scenario in VISSIM; (b) Empirical test bed in Delft 

RegioLab Delft is a traffic laboratory in the Netherlands with many participating 
organizations (i.e. road authorities, representatives of the traffic industry and research and 
educational institutes). It collects and integrates detailed traffic data from various traffic 
data collection systems installed on wide range of different roads (both urban and freeway) 
within the region of Delft. One of these systems are license plate detection cameras 
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installed on the Kruithuisweg. The test bed for this study is a provincial road connecting 
two motorways A4 and A13 (see figure 2 (b)). Four license plate cameras with sequence 
number 256, 257(left and right) and 258 are installed along the 4.2 km Kruithuisweg, in 
order to measure volumes and travel times. In addition, inductive loops installed in each 
intersection are used to measure traffic at the individual traffic streams. For this evaluation 
study, data were used from September 1, 2004 to September 30, 2004. 

4. Results 
Traffic patterns are ordered by sequence number with the increase of flow rates. The higher 
the number of the traffic pattern is, more the congested the conditions are which the traffic 
pattern represents. As can be observed (see figure 3), significant variability (represented by 
the standard deviation of travel time) is associated with traffic pattern 9. This phenomenon 
can be explained as follows. As traffic demand increases and approaches intersection 
saturation, which is the case in pattern 9, there is an increased probability of temporary 
over-saturation, which causes a peak variance. When traffic demand exceeds the saturation 
point, the increasing congestion and over-saturated cycles limit the freedom of vehicles, 
which leads to more uniform flow patterns. This is why the standard deviation of travel 
time increases with the increase of traffic pattern until certain point (pattern 9), and it 
decreases after that point (pattern 10 to 14). 
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Figure 3 Standard deviation of urban arterial travel time 

Furthermore, a particular day (2004-02-18) was selected to investigate variability of 
travel time in detail. Also here, there is a peak in standard deviation around saturation 
condition. It is assumed that the traffic pattern remains constant within five minutes. The 
individual travel time was used to obtain the trend of variability (see figure 4). An apparent 
peak of the standard deviation of travel time also can be recognized in figure 4.  During the 
peak hour around 9:00 AM, the standard deviation increases dramatically with the increase 
of traffic flow. When the traffic demand exceeds the capacity, the standard deviation starts 
to decrease again.  
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Figure 4 Variability of travel time on a particular day 

5. Conclusion 
In this paper, a model based on fuzzy k-means is presented and used to investigate the 
variability of urban arterial travel time. It utilizes the classification of traffic patterns 
instead of time-of-day and day-of-week. By doing so, the proposed model could be applied 
in real-time travel time prediction. The ability to estimate the travel time variance may 
facilitate to place confidence intervals around a travel time prediction.  
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