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Abstract— Different properties of transit systems determine
the quality of service of a public transportation system and
reliability is a significant one. Although there is no single
concept of reliability, regularity of the headways of the buses is
an important measure. Speed and headway information of buses
can be easily extracted from Automatic Vehicle Location (AVL)
data with the explained method. This study focuses on a novel
measurement using kurtosis of distribution of distance
headways among buses along a transit route, which is proposed
for identifying irregularities from AVL data of buses during
public transportation operations. Kurtosis measurement on
headway distribution of 5-minute data can provide online
problem detection without using historical data each time step.
20 million trajectory data points of buses in Istanbul, Turkey
are analyzed. It was determined that for values above the
threshold of kurtosis measure, there was always an anomaly in
the system. Transit operators can follow the proposed analysis
of one-week AVL data in order to calibrate a kurtosis threshold
value for their network. The findings of this research are
valuable for both policy makers and operators in cities having
large-scale bus networks. This brief methodology can be easily
followed to create a tool that signals operators for problems
without investigating each route perpetually.
Keywords—automatic vehicle location, headway, intelligent
transportation systems, kurtosis, pattern analysis, public
transportation

I.

INTRODUCTION

Public buses are powerful public transportation systems,
especially due to the fact that they are much easier to
implement compared to other types of public transportations
such as subway or light rail systems. As the level of quality
increases, the citizens may become prone to use these systems
much more on a daily basis. Different properties of transit
systems determine the service quality of a public
transportation system and reliability is a significant one [1].
However, there is no single concept of reliability, as it can be
interpreted in different perspectives. Some studies associate it
with travel time [2, 3], on-time performance [4, 5], regularity
of the headways of the buses [6, 7] or the waiting time at bus
stops of the passengers [8, 9]. The bus service may be
interrupted due to different reasons and this situation may
harm the passengers’ perception of reliability. Weather
conditions, break-down of a vehicle in traffic, malfunction of
a public bus or long and frequent traffic signals are all
important factors that may interrupt bus services. Traffic
congestion is one of the more significant factors which can
cause disruptions.
Current infrastructures allow for many data sources to
generate lots of data for analyzing many different aspects of
the traffic and public transportation services. In order to be
able to work efficiently and clearly with these data, it is
important to use simplified indicators. Automatic Vehicle
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Location (AVL) data is used for measuring the passenger
perception of the reliability of the bus system [1]. It was noted
in a previous study that considers historical AVL data for
improved public bus system management that, AVL data is
much more cost efficient than other conventional methods
such as surveying the transit passengers [10]. Evaluating the
routes of the buses by utilizing AVL data is also possible [11].
The schedule plan reliability can also be inspected with this
type of data. However, in the literature there are gaps for AVL
based strategies such as long-term travel time prediction,
determining the optimal slack time or selecting the best
control strategy in case of scenarios causing schedule
instability [12]. By considering boarding time of the
passengers, real time bus holding policy is investigated [13].
While analyzing the current situations, detecting any
anomalies within the system is also crucial for resolving
issues. Identifying these irregularities will provide the
opportunity to maintain planned headways. Traditionally, the
data of comparison of scheduled and actual arrival times at the
bus stops are used for this purpose. As a new method AVL
data is used for detecting the irregularity sources in new
studies. An experiment made in Cagliari, Italy where they
have inspected the vehicles with AVL technologies showed
that the transit managers can actually utilize this new
framework for inspection and service revision [14]. Another
parameter that is used for evaluating the overall system
performance and detecting issues is the headway of the buses.
Using AVL data, a model that represents potential delays
for informing the future passengers with improved arrival
predictions was developed [15]. While developing this model,
a methodology for evaluating historical delays in the system
was constructed by using big data structure and statistical
analysis. In a different study, a method for handling raw AVL
data in order to measure level of service of busses [16]. The
proposed procedure provides crucial time and energy savings
during the inspection of large AVL data sets. Another study in
Chicago developed new methods for extracting information
from data collected by AVL systems and automatic passenger
counters (APC) [17]. The challenges faced in this study
provided valuable insights which are beneficial for future
studies that utilize larger scales of APC and AVL data sets.
A common strategy for improving the reliability of the bus
service is holding vehicles, which will provide shorter travel
times and less crowding in any point in the system. Studies,
where schedule-based and headway-based holding strategies
are analyzed for different types of public transportation
systems, are made [18]. It is important to consider the
boarding of the passengers while investigating a new control
strategy [19]. It is important for the bus systems to maintain a
constant headway between successive buses, in order to avoid
bunching of the buses in a single location of the route which
can cause inefficiency of the bus system and additional traffic

congestion in that location. Dynamically self-equalizing
systems are proposed for avoiding these kinds of unwanted
situations which is simple and can be widely applied in any
city [20]. Bunching detection is possible by considering this
problem as a frequent sequence mining problem and mining
sequences of headway deviations [21]. By using archived
AVL or APC data, the causes of bus bunching in terms of
space and time were determined in a different study [22]. In
addition, a method for summarizing the cause and effect of
identified bus bunching events was proposed. An adaptive
control method that aims to eliminate bus bunching was
developed in a different study which dynamically controls the
bus holding times on a route’s control points based on realtime headway information [23]. Bunching problem can cause
inefficient headways and due to these, the waiting durations at
the bus stops can increase significantly. This may cause the
passengers to stop waiting at the bus stops and abandon the
system entirely. A model which utilizes Markov chain
technique is developed for inspecting the performance of
public transport systems. Along with different parameters the
variations of the headway along the route is also inspected for
observing the impact on the passenger experience [24]. In
addition, kurtosis of the distributions may also be used as an
indicator in research for bus service measures and analyze
traffic conditions.
As a case study, the bus service reliability of the city of
Koper is measured by utilizing the ratio of the kurtosis of the
observed headway and kurtosis of the scheduled headway
[25]. A bivariate distribution is constructed for the freeway
speed and the headway data [26]. The headway distribution
can also be analyzed by utilizing the data of loop events,
which has been tested on a Korean multilane highway [27]. A
public transportation system which has this much interaction
between them and the rest of the traffic must be analyzed in
such a way that the traffic conditions are also considered while
measuring the bus service performance.
Unlike previous studies, the current effort focuses on the
kurtosis of distance headways between buses along a transit
route. In addition, the proposed kurtosis measures can be used
for foreseeing poor peak-hour performance around the
hotspots of the route. Hence, it is aimed to obtain the
following:
 A brief methodology for identifying irregularities from
AVL data of public transit.
 An online alarm system using thresholds on kurtosis of
headway distribution of buses in 5-minute intervals.
II.

METHODOLOGY

The proposed methodology suggests using time and
coordinates from bus AVL data in order to identify
irregularities during operation. Coordinates are matched to
route segments for reducing dimensions into 1-D space. Then,
speed and headways are calculated. Additionally, kurtosis
measure is briefly described which is used in statistical
analysis of headways of buses.
Selected routes are split into a set of equal-length segments
denoted as 𝑠𝑖 . The point 𝑒𝑖 is the endpoint of segment 𝑠𝑖 .
Segments are at least 50 meters long. The length of a segment
𝑠𝑖 is represented as 𝑑𝑖 , whereas 𝐷𝑖 indicates cumulative
distance from the start point of any route or section, 𝑒0 .

GPS position point 𝑝𝑗,𝑘 is a pair of coordinates at the k-th
timestamp of j-th bus trip. Each point 𝑝𝑗,𝑘 needs to be matched
to an endpoint 𝑒𝑖 . Therefore, travel distance of a bus at a given
time can be calculated. Furthermore, using distance and time
difference between 𝑝𝑗,𝑡 and 𝑝𝑗,𝑡+1 , speed 𝑣𝑗,𝑡 of bus j can be
calculated. Average speeds 𝑉𝑖 of each segment 𝑠𝑖 can be
calculated.
Using position difference between two consecutive buses,
𝑝𝑗,𝑡 and 𝑝𝑗−1,𝑡 , headway ℎ𝑗,𝑡 of a bus j at a given time t can be
calculated. An example of headway calculation using four bus
trips can be seen in Figure 1. Calculation of headways of the
second bus (𝑗 = 2) uses positions of the first and second buses
(𝑝1,𝑡 − 𝑝2,𝑡 ) at the t-th timestamp:


h2,1 = p1,1 – p2,1 = 2.346 meters (at t = 1)





h2,2 = p1,2 – p2,2 = 2.254 meters (at t = 2)



Fig. 1. An example headway calculation.

Time interval headways, 𝐻𝑡 , of all buses are grouped
together. 𝐻𝑡 dataset of headways is used for identificating
problems. One of the measures that can be applied on the
datasets is kurtosis. Kurtosis is a measure of whether the data
are heavy-tailed or light-tailed relative to a normal
distribution. Higher kurtosis is the result of infrequent extreme
deviations. Kurtosis calculation is:


Kurtosis [Ht] =
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where n is the number of observations, ℎ𝑖 is the ith value,
and ℎ is the sample mean.
III.

CASE STUDY LOCATION AND DATA

The studied route is approximately seven kilometers long
(Figure 2). There are 16 bus stops along the route. The route
consists of collector roads, secondary and primary arterials,
whose number of lanes differ from 1 to 4 lanes. There is a
connection to freeway O-1, which is an important freeway
passing through Bosporus Sea, around 3500th meters of the
route.

Fig. 2. The studied route with its bus stops.

GPS trajectory data of buses of 30 days in April 2017 in
Istanbul, Turkey is analyzed. Data of two bus routes (43R,
559C), which share the same roadway in the study area, is
used in the analysis. Trajectories of nine bus trips in a 40minute interval are shown (Figure 3) as an example piece of
data. Approximately, there are 5000 timestamps; therefore,
5000 pairs of GPS coordinates in a bus trip in a day, 4000 bus
trajectories in a month, and combined, 20 million data points.

Fig. 4. Average speeds from 30 days of bus trajectories.

For further analysis, speeds 𝑣𝑗,𝑡 of an individual bus j at
timestamp t are investigated. Each trajectory is represented
with a blue line (Figure 5). Average speeds of buses at 30minute intervals are calculated. The problematic areas can be
better identified using average speeds, where there is a
decrease at the evening peak (17:00-19:00). However, the
indicators are not clear enough to trigger an action.

Fig. 3. Bus trajectories of some buses in a 40-minute time period along the
study route.

Speeds, 𝑣𝑖,𝑡 , of segments and time of day form a heat map
of average speeds of the month (Figure 4). Morning
congestion peak can be seen at around 9 AM. Evening
congestion peak can be seen at around 18 PM. At evening
peaks, traffic congestion is located between 2000-3000th
kilometers.
Fig. 5. Trajectories of April 20th, Thursday and April 21st, Friday with
average speeds.

For a better descriptive analysis, all trajectories can be
plotted together while transforming time of day axis into travel
time. Instead of showing starting time of day, initial time step
can be set as zero and other time steps can be calculated
accordingly.
In order to see trajectory patterns better, trajectories are
split with starting hour. Travel time and travel distance of
buses are plotted (Figure 6). Trajectories of the days of the
week are indicated with colors. The shortest travel times are
observed on weekends and values are approximately 50%
shorter. The longest travel times are at evening peak hours,
around 5000 seconds (~80 minutes).

Fig. 6. Travel distance vs. travel time separated with days of week.

There are some bus bunching and inadequacy problems
along the route and time of day. In order to better spot the
moments when a problem occurs, positions of buses at a given
time interval are analyzed. Trajectories of buses in one day are
drawn in time-space diagrams. On top of the diagram,
standard deviations of positions in 30-minute intervals are
shown (Figure 7).

A better way to investigate positions of buses can be to
study the distance headways. Headway ℎ𝑗,𝑡 of the bus j at time
t is calculated with the proposed methodology. Average
headways of weekdays and one month are plotted (Figure 9).
A similar effect at the evening peak can be observed.

Fig. 8. Daily standard deviation of positions.
Fig. 7. Trajectories of April 20th, Thursday and April 21st, Friday with
standard deviation of positions.

As seen between 17:00-19:00 in graphs of trajectories,
buses experienced significant delay at the problematic area.
30 days of standard deviations of positions are separated with
days of week (Figure 8). Smoothed lines are drawn (blue)
with LOESS algorithm. The effect of evening peak hour is
not experienced on weekends. Although the intensity of the
effect is similar on weekdays, it lasts longer on Fridays.

Trajectories are divided into groups by the starting hour of
the trips. Headways of these trajectories form density
diagrams (Figure 10). While some of these diagrams are
shaped like normal distribution, some of them have steep
peaks. One way of measuring the sharpness of the peak of a
curve is kurtosis. When kurtosis value increases, it can be
claimed that there is a problem in the headway distribution.
Even if the data are separated into 5-minute intervals,
kurtosis can be used for identifying problems on headway
distribution. Therefore, kurtosis measure can be used for short
data. This enables operators to notice problems of service and
trigger an action in 5 minutes.

Under each daily headway pattern, short-term kurtosis
measurements with 5-minute intervals are shown. On
Monday, kurtosis values exceed over 4.0 at some points.
These peaks happen just before the buses get into traffic
congestion, when bus bunching is experienced and when
headway significantly increases due to the lack of buses. On
Wednesday, there is huge increase of kurtosis measure, when
high headway values are seen just after bunched buses finish
their trips.
On Tuesday, Friday, Saturday and Sunday, there is no
observed disparity on headway distribution of buses. Yet,
kurtosis measures are not above 4.0.
In the last chart, data are separated also with route sections.
The peak in the kurtosis measurement indicates that the
problem is in the second section of the route, which
corresponds to the 2000-3500th meters of the route. With this
method, a detailed investigation can be carried out to
determine which part of the route has problems.
IV.

Fig. 9. Average headways (a) monthly, (b) considering weekdays.

This study proposes a novel measurement using
trajectories from bus AVL data for identifying problems
during public transportation operations. Kurtosis
measurement on headway distribution of 5-minute data can
provide online detection problems without using historical
data each time.
In this network, it can be claimed that the value 4.0 can
be used as a threshold of kurtosis measure. Above the
threshold, there is always an anomaly in the system.
However, it is recommended that transit operators should
follow the preliminary analysis of one-week AVL data in
order to calibrate a kurtosis threshold value for their network.
The findings of this research are valuable for both policy
makers and operators in cities having large-scale bus
networks. This brief methodology can be easily followed to
create a tool that warns operators for problems without
investigating each route perpetually.
In further studies, performance comparison between
kurtosis measurement and its alternatives for investigation of
headway distributions can be examined. Other
measurements, which can be suitably combined with kurtosis
measures, can be a research topic in order to create a better
tool of online detection systems.
V.

Fig. 10. Density diagrams of headways and kurtosis values.

Trajectories in a day for one week are analyzed with the
proposed methodology. Headways of buses are calculated
within 5 minutes. 15%, 25%, 75% and 85% quantiles of
headways are indicated on plots in order to demonstrate the 5minute patterns (Figure 11). On Monday, Wednesday, and
Thursday around the evening peak (17:00 – 19:00), 85%
quantiles of 5-minute headways are almost at half of the daily
averages.

CONCLUSION
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Fig. 11. Travel distance vs. travel time separated with days of week.
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