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Kamer Özgün
Industrial Engineering Department

Antalya Bilim University
Antalya, Turkey

kamer.ozgun@antalya.edu.tr

Melih Günay
Computer Engineering Department

Akdeniz University
Antalya, Turkey

mgunay@akdeniz.edu.tr
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Abstract—Big data and advances in data mining promise to
overcome major challenges in public transportation that result
in improvements in network efficiency and rider satisfaction. In
this study, we develop methods i) to determine peak and off-peak
hours and ii) to cluster boarding profiles of demand throughout
a day for all bus lines of the public transportation network.
With the outcome of this study, it will be possible to propose bus
scheduling algorithms that take into account the dynamic nature
of ridership patterns by both time and location. As a case study,
the passenger boarding patterns of the Antalya transportation
network were analyzed. Among the bus lines, 2 are selected to
demonstrate that the peak and off-peak times are not necessarily
the same, and a dominant demand peak or several demand peaks
are possible. Based on the peak demand characteristics, buses
may be scheduled.

Index Terms—Peak-Hour, Smart Card, Time Series Clustering,
Public Transportation, Schedule

I. INTRODUCTION

In recent years, the data and information has improved
considerably with new technologies. Automated Fare Col-
lection (AFC), Automatic Passenger Counter (APC), Auto-
mated Vehicle Location (AVL), and Geographical Positioning
Systems (GPS) have accelerated research on transit systems
[1, 2, 3]. It is now possible to examine big transportation
data for developing novel approaches to improve transportation
efficiency and comfort [4, 5, 6].

Performance measures that are of interest to transit plan-
ners could be generated at different scales, including transit
system, neighborhoods, routes, and stop levels by the big
data analytic and visualization of big data [7]. Performance
of a transportation system as a whole requires, individual
vehicles which are limited in numbers, run as efficient as
possible while keeping passengers happy through accessibility
to the service, quick arrival to the destination, connectivity and
reach of the transit network and comfort during transportation.
In general, improvements in system performance result with
improvements in many of the perceived properties although
there may be conflicting indicators such as speed vs safety.
Performance indicators and quality attributes in transportation
are discussed recently by [8, 9].
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Başkanlığı - Antalya for the data provided in this pilot study.

Fig. 1. Daily Demand Comparison Between Bus Lines KL08 and VF01

The most commonly studied quality attributes of public
transportation are reliability (i.e. the matches between actual
service and route timetable), frequency, speed, accessibility,
waiting time at the bus stop, in-vehicle journey time, vehicle
occupancy [10]. From the passenger’s point of view, perhaps,
comfort which is hard to measure and quantify is one of the
most important perceived performance indicator, especially for
potential users. We may assume that, the space available per
passenger and the quality of trip determined via road and
bus conditions determines the comfort. As a factor in direct
relation to both service efficiency and quality, bus occupancy
level is crucial to control and manage limited vehicles in public
transport operations.

While most public transport authorities offer similar sched-
ules for all weekdays, the demand for bus lines are constantly
changing during the day and even between bus lines. As an
example, Figure 1 shows the comparison of daily demands
for two most frequently used bus lines, KL08 and VF01, in
Antalya. Here, the boarding data on a bus line is aggregated in
30-minute time intervals, so that there are 48 time points on the
x-axis in a 24-hour period starting at 3:00 and ending at 02:59.
A normalized boarding count is the average of all boarding
counts of a particular bus line in a particular time interval
divided by the maximum demand over all bus lines and all
time intervals. In Figure 1, the maximum demand is at 15:30

978-1-6654-3405-8/21/$31.00 © 2021 IEEE

20
21

 In
no

va
tio

ns
 in

 In
te

lli
ge

nt
 S

ys
te

m
s a

nd
 A

pp
lic

at
io

ns
 C

on
fe

re
nc

e 
(A

SY
U

) |
 9

78
-1

-6
65

4-
34

05
-8

/2
1/

$3
1.

00
 ©

20
21

 IE
EE

 |
 D

O
I: 

10
.1

10
9/

AS
YU

52
99

2.
20

21
.9

59
90

09

Authorized licensed use limited to: Antalya Bilim Universitesi. Downloaded on March 09,2023 at 08:53:18 UTC from IEEE Xplore.  Restrictions apply. 



on KL08. VF01 reaches up to 60% of the maximum demand
during the day. At 18:00, 99.27% and 55% of the maximum
demand are realized on KL08 and VF01 respectively. In other
words, if a schedule is created to meet the maximum demand
for KL08 between 18:00 and 18:30, it is expected to realize
occupancy levels around 55% for VF01. It can be concluded
from Figure 1 that the number of trips needed to satisfy the
passenger demand are different for different lines in each time
interval. Once the time-slots have been determined, optimum
frequencies may be set to meet the demand. However, note that
the purpose of this study is not to offer optimum frequencies,
but rather to identify the boundaries of rush hours for a
particular bus line obtained by time clustering of smart card
data.

Clustering on smart card data may provide a direct look
at the passenger travel pattern [2, 1, 3, 11]. With a better
knowledge of demands by time or location, services could be
adjusted to optimize the public transportation system [12]. For
an extensive literature review on the use of smart card data
in strategic, tactical and operational aspects in recent years,
readers may refer to [5].

References [13, 14, 15, 16, 17], use trip records of individ-
uals to create passengers’ trip chains, i.e. the trip sequences
for individuals, then the clusters are discovered and labelled
based on the temporal and spatial characteristics. For example,
Mohamed et al. identify groups of passengers that have similar
boarding times aggregated into weekly profiles and peak times
have been identified using day-hour heat maps. Different from
the travel chain approach, for example, Matias et al.’s effort
focused on clustering bus stops, clustering time based on
weekdays and/or clustering transportation demand reasons of
bus schedules. As far as we know, time series clustering has
not applied to characterize the daily demand profiles of routes
for a bus network. Furthermore, establishing the time slots of
boarding density for all bus lines of a public transportation
network using the smart card data is the first in literature.

II. METHODOLOGY

The data set is provided by the Department of Transporta-
tion for the city of Antalya. Most of the analysis are done
using Knime software [19] and custom developed Python
scripts. The boarding data consist of passenger id, passenger’s
boarding stop id (origin), boarding time, bus id, route id (the
direction on a particular line). We load the complete 60-day
boarding data of May and October. The data set consists of
305 lines and 608 routes. A route is a sequential list of bus
stops in either forward or backward (return) directions. In the
data set, a total of 455,069 bus trips were made and with these
trips a total of 21,629,402 passengers were carried. We have
filtered bus lines that have a significant number of passengers
and have nearly equal boarding counts in each direction.

In order to improve time-demand partition accuracy and
visualization, boarding counts on a particular bus line are
grouped into series of 30-minute time intervals as data fields. It
is also assumed that the 24-hour period starts at 3:00 and ends

at 2:59 the next day when passenger activities are minimum.
[20],

The purpose of this study is to propose methods for clus-
tering a typical commute day into a limited number of time
slots, each of those includes a subset of sequential 30-minute
time intervals. Please note that, a 30-minute time interval is a
data field that includes boarding data of passengers, and a time
slot is a cluster of peak or off-peak hours. While clustering,
it is aimed to minimize variations in boarding counts within
time slots relative to a chosen threshold. In other words, the
goal is choosing a low number of clusters yet keeping sum
of squared errors SSE, over the number of passengers low.
The number of clusters results in a threshold value and vice
versa. In following sections, two clustering algorithms that
differ from each other in the way they use threshold values,
are presented in detail.

A. Stepped Time Slot Clustering, STSC

Algorithm 1 is initialized with a particular bus line LineID,
and a threshold value Threshold. It returns time slots as
clusters of 30-minute time intervals with different numbers of
passengers in each interval. Here, Threshold value is defined
in terms of number of passengers. The center of each time
slot is the average number of passengers in that time slot. The
absolute difference of centers between consecutive iterations
is compared with Threshold to decide the creation of a new
cluster.

Algorithm 1 STSC
1: procedure STSC(LineID,Threshold)
2: Load boarding dataset
3: Filter dataset by LineID
4: Group boarding data on LineID into the 30-minute

TimeInterval
5: Sort TimeInterval by ascending times
6: Create new Cluster
7: for all TimeInterval do
8: Set CurrentMean equal to the mean of the

boarding counts in the Cluster
9: Set NewMean equal to mean boarding counts for

Cluster and TimeInterval
10: if | NewMean − CurrentMean |> Threshold

then
11: Create new Cluster
12: Add new time slot Cluster to the Cluster
13: return Clusters

B. Adaptive Time Slot Clustering, ATSC

Similar to STSC, given a bus line LineID, and a threshold
value ToleranceAngle, Algorithm 2 returns time slots as
clusters of 30-minute time intervals with different numbers of
passengers in each interval. Here, ToleranceAngle is defined
in terms of angle, since the approach in ATSC is based on
determination of the change in demand. The center of each
time slot is the slope obtained by linear regression over the
number of passengers in that time slot. The absolute difference
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of centers between consecutive iterations is compared with
ToleranceAngle to decide the creation of a new cluster.

Algorithm 2 ATSC
1: procedure ATSC(LineID,ToleranceAngle)
2: Load boarding dataset
3: Filter dataset by LineID
4: Group boarding data on LineID into the 30-minute

TimeInterval
5: Sort TimeInterval by ascending times
6: Create new Cluster
7: NodeList = []
8: for all TimeInterval do
9: if NodeList has 1 element then

10: Calculate the slope of a line which contains the
node in NodeList and TimeInterval as InitialAngle

11: if NodeList has more than or equal to 2 elements
then

12: Calculate the angle of a linear regression of
TimeInterval and current elements of NodeList as
LRAngle

13: if | LRAngle − InitialAngle |>
ToleranceAngle then

14: Add all elements of the NodeList to the
Cluster

15: Create new Cluster
16: NodeList = []
17: Add TimeInterval to NodeList
18: return Clusters

III. RESULTS AND DISCUSSIONS

A. Results of STSC

Algorithm 1 denoted by STSC is executed with a given bus
line and a given threshold value in passenger counts. Figure 2
presents the results of the elbow method over 60-day boarding
data for the two most frequently used bus lines KL08 and
VF01. In Figure 2, on y-axis, variations over passenger counts
i.e. SSE, are presented as percent of the largest SSE in order
to make a comparison between bus lines.

The goal is choosing a low number of clusters yet keeping
the percent of largest error low. From Figure 2, when the
number of clusters are 8 for both bus lines, the thresholds
for passenger counts can be set to 3750 and 3000 for KL08
and VF01 respectively.

Threshold values may vary for different bus lines and may
result in alternative number of clusters. To illustrate, seven of
the most frequently used bus lines in Antalya, are arbitrarily
picked and tested with a similar approach. The threshold
values in passenger counts and corresponding number of
clusters are given according to the bus lines in Table I.

Results of Algorithm 1 on KL08 are given in Table II when
Threshold is set to be 3750 passengers. In Table II, the
maximum number of passengers is in cluster 4 that is between
16:00 and 20:00 (including nine 30-minute time intervals.)
However, the average number of passengers is highest in

Fig. 2. The Results of Elbow Method on KL08 and VF01

TABLE I
THRESHOLDS IN PASSENGER COUNTS

Line Clustering Input Selection
Code Threshold # of Clusters
KL08 3750 8
VF01 3000 8
KC06 3060 6
LC07 3180 6
LF10 4500 6
UC11 2780 7
VL13 4020 5

cluster 3 between 13:00 and 15:30 (with six 30-minute time
intervals). Thus, a significant change of boarding over time is
expected in Cluster 3, which averaged larger than Cluster 4
with a narrower time frame. Furthermore, it makes sense to
consider the cluster with the highest mean as the peak hour
which is Cluster 3 on KL08.

Results of Algorithm 1 on VF01 are given in Table III when
Threshold is set to be 3000 passengers. In Table III, the
maximum average number of passengers is realized in cluster
4 which is the time slot starts at 15:30 and ends at 18:30.
Please note that, peak hour boundaries for bus lines KL08
and do not overlap VF01.

Similar to Figure 1 presented previously, Figure 3 shows the

TABLE II
RESULTS OF STSC ON KL08 WHEN Threshold = 3750 PASSENGERS

Time
Slot

Start
Time

End
Time

# of
Passengers

Average # of
Passengers

0 03:00 07:30 1002 100
1 08:00 10:30 3443 574
2 11:00 12:30 2603 651
3 13:00 15:30 4973 829
4 16:00 20:00 6919 769
5 20:30 22:30 1574 315
6 23:00 01:00 363 73
7 01:30 02:30 7 2
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TABLE III
RESULTS OF STSC ON VF01 WHEN Threshold = 3000 PASSENGERS

Time
Slot

Start
Time

End
Time

# of
Passengers

Average # of
Passengers

0 03:30 06:30 296 42
1 07:00 07:30 862 431
2 08:00 09:00 1326 442
3 09:30 15:00 4683 390
4 15:30 18:30 3378 483
5 19:00 20:00 873 291
6 20:30 23:30 881 126
7 00:00 02:30 48 8

Fig. 3. STSC Result for KL08 and VF01

comparison of daily demands for KL08 and VF01, this time
with time slots given by STSC algorithm. Same as before,
in Figure 3, 30-minute time intervals are represented on the
x-axis, and normalized boarding counts are given on the y-
axis. The upper pattern in the figure belongs to KL08, and the
pattern below is that of VF01. The inferences from Figure 3
are as follows:

• The morning peak is at 8:30 on KL08. It is at 8:00 on
VF01 and the change in passenger counts breaks morning
peak into clusters 1 and 2.

• Afternoon peak times are in clusters 3 and 4 at 15:30 and
18:00 on KL08, whereas it is at 17:30 on VF01.

• Evening peak times are in clusters 5, 6 and 7 on KL08.
However, evening peak is not obvious for VF01.

B. Results of ATSC

The tolerance angle is the threshold and the main input for
ATSC algorithm. It may be calculated again using the elbow
method stated earlier. In case of ATSC, SSE is the difference
between the slope of actual boarding counts at time (t) and
the slope of regression line on boarding counts corresponding
to time (t).

Table IV indicates tolerance angle in degrees and the
corresponding cluster counts for seven lines that are selected
previously in Table I. Note that, as the tolerance angle de-
creases the number of cluster increases and vice versa. After
the threshold is set as tolerance angle for a route, Algorithm
2 denoted by ATSC is executed to establish the time slots.
Table V shows the time slots on KL08 when ToleranceAngle

TABLE IV
THRESHOLDS IN DEGREES

Line Clustering Input Selection
Code Tolerance Angle # of Clusters
KL08 13 6
VF01 27 8
KC06 13 6
LC07 28 4
LF10 9 11
UC11 34 5
VL13 29 7

is 13 degrees. According to this table, mean boarding counts
keep increasing until 18:00. The maximum mean is realized
between 17:30 and 18:00 on KL08. In addition, the first and
the last clusters have lowest boarding counts.

TABLE V
RESULTS OF ATSC ON KL08 WHEN Threshold = 13 DEGREES

Time
Slot

Start
Time

End
Time

# of
Passengers

Average # of
Passengers

0 03:00 06:00 58 8
1 06:30 09:00 2778 463
2 09:30 10:00 1060 530
3 10:30 17:00 10710 765
4 17:30 18:00 1738 869
5 18:30 02:30 4541 267

TABLE VI
RESULTS OF ATSC ON VF01 WHEN Threshold = 27 DEGREE

Time
Slot

Start
Time

End
Time

# of
Passengers

Average # of
Passengers

0 03:30 06:00 105 17
1 06:30 08:30 2002 400
2 09:00 10:00 1057 352
3 10:30 12:00 1411 353
4 12:30 15:00 2592 432
5 15:30 16:30 1457 486
6 17:00 18:00 1522 507
7 18:30 02:30 2234 131

In Table V, it is observed on KL08 that the average number
of passengers increases over time and decreases after 18:00.
However, the trend is changing in Table VI on VF01.

Figure 4, shows the comparison of daily demands for KL08
and VF01, with time slots given by ATSC algorithm. Same
as before, the upper pattern belongs to KL08, and the pattern
below is that of VF01. It is observed on KL08 that the trend is
increasing until 18:00 excluding 1-hour-microtrends in clusters
2 and 4 and then starts decreasing. The changing trend on
VF01 can be clearly observed form this figure.

By comparing the figures 3 and 4, it can be concluded that
both algorithms cannot avoid outlier boarding counts at 15:30
and identify it as the peak. A general result is that STSC
identifies passenger counts while ATSC identifies boarding
trends in a daily transportation activity.
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Fig. 4. ATSC Results for KL08 and VF01

C. Comparison of Methods on KL08

Once the time-slots have been determined, it may be possi-
ble to set bus service frequencies meeting the demand. Under
the assumption that the demand can be represented by the
mean passenger count in a time slot [21], performances of
four possible methods to determine boundaries of time slots
are illustrated on bus line KL08 in this section:

• Fixed Schedule (FS):
The first method FS assumes a single time slot for the
entire day. A fixed schedule is adjusted to the average of
boarding counts over the entire day [21].

• Given Schedule (GS):
The second method GS assumes given time slots for
peak and off-peak hours. For examples, [11] states 6:00-
7:00 and 16:30-17:30 as rush hours, and similarly, [16]
determines first peak occurring at 12:00 and the evening
peak occurring between 16:00–18:00. In this study, for
GS, rush hours are stated as 7:00-9:00 and 16:00-18:00,
and schedules are adjusted to the average of boarding
counts for these given time slots

• Stepped Schedule (SS):
Stepped schedules are adjusted to the average of boarding
counts in each time slot calculated by the Algorithm 1,
STSC

• Adaptive Schedule (AS):
Adaptive schedules are adjusted to the linear regression
fit of boarding counts in each time slot calculated by the
Algorithm 2, ATSC

The performances of these methods can be simulated on a
given bus line.

Figure 5 shows a breakdown of time slots for the bus
line KL08 as a typical daily boarding request. The time slot
boundaries vary significantly depending on the method chosen.
For performance evaluation, the proximity of the lines of the
methods to the demand line in Figure 5 can be compared. The
first method FS, is expected to result in the lowest performance
because most of the time the demand is significantly above
average. The second method GS provides a slight improvement
over FS. The third method SS, makes it possible to identify
groups of time intervals that have similar boarding counts

Fig. 5. Comparison of The Methods on KL08

aggregated into time slots. It can be stated that the performance
of the last method AS is the best as expected. Note that,
depending on the purpose, it is always possible to trim or
merge the time slots from both ends.

CONCLUSION

Peak and off-peak times and demand profiles are not same
for each bus line. For a typical transportation network, some
bus lines have single and other have more peak demand
throughout a day. Moreover, peak time boundaries of bus
lines do not necessarily overlap. Such knowledge extracted
from the big public transportation data may be useful in
public transportation planning. For instance, when scheduling
transportation services, frequencies may be adjusted according
to the changes in the boarding counts during a day. Such dy-
namic frequency scheduling increases not only transportation
efficiency but also commuter comfort. Thus higher quality of
service while reducing costs is achievable. As a future study,
the demand profiling approach proposed in this paper may be
used to establish the frequency for a bus line dynamically.
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