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Abstract

This paper describes an approach for improving on-time performance at transit
agencies. It takes advantage of the schedule adherence information from an AVL
system. A methodology that can be used to update the bus timetables by using AVL
schedule adherence data is described. Using statistical analysis, the main goal is to
maximize the density area of the on-time performance range. From this distribution,
the optimal value is obtained and used to update the times in the timetables. Then,
a comparison process is used to assess the on-time performance improvements. In
addition, a simulation process is presented to provide a different perspective than
the statistical methodology. This approach also presents possibilities for further on-
time performance improvements. To demonstrate the applicability of this research,
a case study using data from Miami-Dade Transit is included. The on-time perfor-
mance calculations for Routes 99 and 57 also are presented.

Introduction

To passengers, schedule adherence is a matter of service quality. From the service
provider perspective, schedule adherence reflects the quality of the service plan
(the schedule) and the operations control (Furth et al. 2003). Researchers have
long noticed the importance of schedule adherence information contained in
Automatic Vehicle Location (AVL) systems. Lee et al. (2001) studied the effect of
an AVL system on schedule adherence and operator behavior and willingness to
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keep on schedule. In addition, Hammerle et al. (2005) pointed out that some tran-
sit agencies would like to use Automatic Passenger Counter (APC) and AVL data
to inform service planning and management and ultimately provide more reliable
service. Methods for extracting information from these data were developed to
compute service reliability indicators. Also, some schedule adherence properties
were observed and reported in their research. These studies show a general interest
in improving schedule adherence.

It is important to clarify the difference between schedule adherence and on-time
performance. Schedule adherence refers to the difference between real time and
scheduled times of arrival or departures times, usually presented in minutes. On-
time performance, on the other hand, is a percentage value used to indicate buses
arriving or departing late, on time, or early. Depending on the AVL system and the
transit agency, on-time performance can be calculated using arrivals, departures,
or possibly a combination of both.

AVL systems are computer-based vehicle tracking systems that function by mea-
suring the real-time position of each vehicle and relaying this information back to
a central location. Many researchers also see the potential uses of analyzing AVL
or APC data to improve service quality. A study that uses data from Tri-Met in
Portland, Oregon, shows that scheduling can be improved through performance
monitoring using AVL data and that very useful information has been retrieved
(Kimpel et al. 2004). Shalaby and Farhan (2004) made efforts to use AVL and APC
data to develop a bus travel time model capable of providing real-time information
on bus arrival and departure times to passengers (via traveler information services)
and to transit controllers for the application of proactive control strategies.

One continual question asked by researchers is how to use AVL data to improve
on-time performance. The importance of on-time performance to both the
transit customer and the transit providers has been discussed in many research
projects. For instance, New York City transit established a customer-oriented bus
performance indicators program to measure on-time performance. The program
contains two schedule adherence indicators that measure different aspects of ser-
vice performance: route on-time performance and service regularity. The purpose
of this program is to measure the quality of service experienced by the customer
(Nakanishi 1997).

This research attempts to fill the gap in the understanding of AVL data and
presents another perspective on how the data can be used to improve on-time
performance. With the availability of AVL data, it is possible to improve on-time
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performance by modifying the scheduled times in the timetables. Changes in the
timetables will take effect in the following line-up period (also known as mark-up,
shake-up, sign-up, bid, or pick). This paper makes use of the AVL schedule adher-
ence data (measured in minutes) to calculate on-time performance expressed as
a percentage of buses arriving or departing within an acceptable window. In other
words, it uses disaggregate information to derive the aggregate information.

Research Methodology

This research focuses on the idea that transit agencies can maximize on-time per-
formance by adjusting their published schedule timetables. First, the data from an
AVL system need to be studied, cleaned, and prepared for use on this on-time per-
formance methodology (OTPM). Second, the distribution of the data needs to be
determined by using statistical analysis. Once the statistical distribution is known,
the optimal value is calculated and used to update the times in the timetables.
Finally, a computerized iterative validation and comparison process is provided
to ensure that the updating takes effect and on-time performance is improved. In
addition, an on-time performance simulation (OTPS) process is included to better
understand the relationship between the time adjustments and their effect on
on-time performance.

The distribution of the schedule adherence times (the difference between actual
and scheduled arrival or departure times at time points) is used to make sched-
ule adjustments that can maximize the on-time performance. The methodology
assumes that the distribution is normal (which can be justified by the fact that
normality tests fail to reject the normality assumption). The objective is to adjust
the timetables such that the probability of on-time performance is maximized,
where the probability of on-time performance is the area under the density func-
tion between the acceptable schedule adherence values.

The data process for the improvement of on-time performance is described in
Figure 1. It starts with the AVL data to determine the statistical distribution of the
schedule adherence data. Then the first adjustment, using the mean of normal
distribution, is made, and the schedule adherence values are brought to the center
(mean) of the on-time performance parameters. The details on how to determine
the adjustment are described in the following sections. Since the values in the
timetables are rounded to the nearest minute, a round function is used to change
the adjustment values that can be tested; this is done for practical purposes. Tran-

23



Journal of Public Transportation, Vol. 14, No. 3, 2011

sit agencies present the times in the timetables in minutes. In theory, using con-
tinuous values (decimals) or smaller intervals (e.g., ¥ minutes), rather than discrete
values (integers), could improve on-time performance even further. Then, on-time
performance is calculated, using the rounded adjustments, and it is determined if
the modifications increased on-time performance. If yes, then the timetables will
be updated.

Determine Distribution
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Timetables Timetables
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Figure 1. Data flow for the on-time performance improvement process

On-Time Density Area

As previously mentioned, the strategy is to maximize the on-time density area in
order to improve on-time performance. Figure 2 displays two distribution curves.
One is before the adjustments and the other is after the adjustments. The two
shaded areas, which correspond to the on-time performance density areas, are dif-
ferent under the two curves.

As can be seen, the shaded area on the top is smaller than the shaded area on the
bottom. For this example, the on-time performance parameters are assumed to
go from -5 to 2, which are the limits of the density areas. Buses arriving within 2
minutes early to 5 minutes late are considered to be on time. To maximize on-time
performance, the sample mean (0) of the curve on the left is shifted to [(2-5)/2 =
-1.5], which is the center of the on-time range and depicted on the right curve.
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Figure 2. Density areas before and after adjustments
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The explanation of why the density area will be maximized when the sample mean
is in the center of on-time range is described below for the case that the distribu-
tion is normal.

Define:
x, = Lower value of the on-time parameters.
x,= Upper value of the on-time parameters.
c=X,-X,.
1 = Mean of the schedule adherence (ADH) data.
o = Standard Deviation of the ADH data.

D(x) = Cumulative distribution function for the normal distribution.

The density area in the on-time range is
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. . . . c
This implies that G(x) reaches its maximum at x, = i/ +—. It means that the
2

density area in the on-time range is maximized when x and x, are symmetrically

: X +x :
allocated about g, and, finally, we obtain that when 7 = ~1—=2%, the density area

of the on-time range is maximized.

Another finding about the on-time density area is described in Figure 3. It is clear
that the on-time density area is related to the data variance. We use kurtosis to
measure the peakedness or flatness of the dataset distribution: a positive kurtosis
indicates a relatively peaked distribution, while a negative kurtosis indicates a rela-
tively flat distribution. Higher kurtosis is an indication that more of the variance is
due to infrequent extreme deviations.

Lower
Kurtosis
-15 -10 5 0 5 10 15
Schedule Adherence (minutes)
Higher
Kurtosis
-15 -10 -5 0 5 10 15

Schedule Adherence (minutes)

Figure 3. Data with different kurtoses (on-time parameters between -5 to 2)
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In Figure 3, the bottom figure shows a higher kurtosis than the top one. From this
figure, it is clear that the dataset with higher kurtosis will have more area within the
on-time parameters area than dataset with lower kurtosis. Thus, one approach to
increase on-time performance is to increase the dataset kurtosis value—in other
words, reduce its variance.

As high variances have a negative impact on on-time performance, transit agen-
cies can use different operational strategies to reduce this variability. For instance,
the early and late arrival tails can be addressed with a combination of field and
dispatch supervision as well as optimal timetable adjustments. Thus, improving
on-time performance may require both better operations control and scheduling
strategies.

Data Source and Distribution

The schedule adherence dataset used in this research comes from the Miami-Dade
Transit (MDT) CAD/AVL system. MDT buses transmit data at a 2-minute poll inter-
val. However, at the timepoints, a record is generated at the exact time of the event.
These records, in combination with data from the Transit Operations System
(TOS), are used to calculate schedule adherence. The schedule adherence dataset
includes GPS location, date, time, and operational data such as Route, Direction,
Run Number, Employee Number, Vehicle Number, and Time Point information
(Cevallos et al. 2008).

Even though the schedule adherence data from an AVL system can be assumed to
be normally distributed, the data can be skewed to the right or to the left (it most
likely follows the log normal distribution), depending on how schedule adherence
is calculated by the AVL system. This is dependent of the sign (i.e., + or -) used to
represent lates or earlies.

The normality assumption, as justified by the normality tests, is very useful for
practical purposes. Using the normal distribution, the timetables adjustments to
maximize on-time performance can be determined easily. The goal of this strategy
is to maximize the density area of the schedule adherence distribution, within the
on-time performance parameters. Therefore, adjustments to the AVL data in the
database are made to maximize the density area. By doing this, more buses will
arrive or depart within the density area, which improves on-time performance. This
process also reduces the number of buses arriving or departing early, which is an
undesirable condition for both the transit agency and the passengers.
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QQ plot diagrams were used as a graphical tool to diagnose differences between
the probability distribution of a statistical population from which a random sam-
ple has been taken and a comparison distribution. To demonstrate the applicability
of this research, Route 99 was selected. This is a simple route with only one pattern
using the same running times throughout the day. Figure 4 shows the normal QQ
plot diagrams for the time period of 16:00 - 19:00 at the 199S47AV (NW 199 St.
& 47 Ave) time point in Route 99. According to the shapes, with the exception of
lower and upper end points, it can be assumed that the statistical distribution is
approximately normal.

4

3

Expected Normal Value

Normal Percentiles

Figure 4. Normal QQ plot for schedule adherence for
Route 99 at NW199 St. and 47 Ave.

In this research, the schedule adherence dataset used is considered to follow the
normal distribution. This is supported by the shapes of the QQ plots. However, this
may not be absolutely guaranteed for other datasets in the AVL database. Even
though the normality assumption of the dataset plays an important role in this
research, the key point in this paper is how to make the on-time performance area
maximum by shifting the ADH values. In fact, even if the dataset does not follow
normal distribution, it still is possible to find the approximate center of the sched-
ule adherence values and shift the ADH dataset to improve on-time performance.
If the dataset is close only to the normal distribution, the on-time performance
area also is close to the maximum area possible. In this situation, simulation can be
used to make sure that the adjustments made maximize the on-time performance
area. This is further discussed in the Simulation Process section.
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Depending on the AVL system, the data can be skewed to the right or to the left.
Data generated from AVL systems that use negative numbers to represent late
buses will tend to show data skewed to the right because it is expected that the
majority of values be towards the left, whereas if late buses correspond to positive
numbers and early buses to negative numbers, then the distribution is likely to
be skewed to the left. Further, this distribution is likely to follow the log normal
distribution (Cevallos and Zhao 2006). This is due to the fact that buses are likely
to arrive or depart late rather than early most of the time. Early arrivals and depar-
tures is an undesirable condition, and it is controlled by most transit agencies. The
reason for this is obvious. Transit agencies usually work hard to avoid early depar-
tures, as this can be very detrimental to passengers.

Hypothetical Transit Route

To better understand the framework of our research, a hypothetical transit route
to better demonstrate the process is presented. Figure 5 is used for this purpose.
The diagram depicts a schematic of a hypothetical transit route. The route is
divided into a number of timepoints with a bus traversing along the route. When
the transit bus arrives at stop i+1, the actual arrival time is known from the AVL
system, and the schedule adherence is calculated at that particular location. If
the bus arrival time falls outside the range of the on-time parameters, which are
defined by the transit agency, the bus will be regarded as either late or early. This
is depicted in Figure 5 under Actual Arrival Time, which shows a bus arriving early.
However, if the schedule time is shifted a little earlier, chances are that the number
of early arrivals is reduced. The question is, how much should the scheduled time
be moved to improve on-time performance?

Move Scheduled Time

On-Time Range

TimePoint i TimePoint i+1 TimePoint i+2

Figure 5. Moving scheduled times in a hypothetical transit route
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Adjustment of Timetable
Before adjusting the timetables, some terminology needs to be defined first:

ADH: Schedule adherence.

Before.Time: The scheduled time before adjustments.
After.Time: The new scheduled time after adjustments.
Ad.First: First raw adjustment of the schedule adherence.

Adj.Second: The second adjustment of the schedule adherence by applying
round function.

On-Time.Period: -5< ADH < 2. A bus is considered to be on time if it is within
2 minutes early and 5 minutes late. These are the on-time performance
parameters used by MDT. Different agencies may have a different definition
for the on-time period. Other agencies may use 0 and -5 or 1 and -5. There
appears to be no industry standards for on-time performance.

Adj.ADH: This is a constant, based on the statistical distribution and time
period. In the normal distribution, this corresponds to the middle value
of the on-time range. In other distributions, it should be the number that
maximizes the density area of the on-time range.

Layover/Recovery Time: 10% of the trip time. The time used at the end of a
trip (Pine et al. 1998).

To minimize the complexity of this methodology, some assumptions need to be

made:

Assumption 1: The schedule adherence follows the normal distribution. Since
the schedule adherence distribution is close to the normal distribution, this
assumption seems reasonable and it is supported by QQ plot diagrams.

Assumption 2: Shifting the schedule does not change behavior. Operator
behavior is not expected to change with the new schedule—that is, vehicle
operators will drive as usual.

The method used in this research is to adjust the times in the timetables by shifting
the ADH to Adj.ADH values, so that density area for the on-time range is maxi-
mized. For this, the following formulas were developed:

Adh.First = Mean.ADH - Adj.ADH
Adh.Second = Function Round (Changes.First)
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After.TIME = Changes.Second + Before. TIME
After. ADH = Changes.Second + Before. ADH

The Round function is applied to the first change from a decimal to an integer
value, because the minimum unit is one minute. For example, in the case of time-
point NW 199 St & 47 Ave in Route 99 in Table 1, Adj.First = 4.23. After applying the
simple round function, Adj.Second will be 4, which means that the schedule time
should be updated from 05:23 PM to 05:19 PM.

Adj.ADH is a very important constant in this model. Though the data are consid-
ered to follow the normal distribution, other distributions can be applied (like the
lognormal distribution). In any case, the goal should be to maximize the area of the
statistical distribution considering the on-time performance parameters. Accord-
ing to the on-time performance parameters used in this research, the vehicle is
on-time if and only if ADH is less than or equal to 2 or ADH is more than or equal
to -5. Since it is assumed that the data follows the normal distribution, the center
of the on-time performance area is -1.5, which is the adjustment value that can
maximize the on-time performance area. Therefore, in this particular case the Adij.
ADH will be -1.5.

Figure 6 shows the fit curve of the schedule adherence on the right, compared to
the ideal curve that maximizes on-time performance on the left. The solid line
display the fitted normal distribution based on a sample data in this research. The
discrete data are approximated and treated as normal distribution. The center of
the solid curve is the mean of the sample data. According to the methodology,
the mean of the schedule adherence values is shifted to -1.5. This value (-1.5) is the
center of the on-time range [-5, 2]. This is depicted in Figure 6, where the right solid
normal distribution curve is shifted to the left dotted line. After the adjustments,
the on-time performance area is maximized.

After the second adjustments are calculated, the whole timetable is adjusted. The
sample data selected consisted of seven timepoints in Route 99 in the Eastbound
direction. Table 1 displays information of these time points. The first row shows the
stop name of each time point, the second row shows the name of time points. The
third row shows the schedule time before adjustments. The data collected is from
the time period of 16:00 - 19:00. The fourth row shows the mean of the schedule
adherence at the timepoints. The fifth row is the standard deviation of the sched-
ule adherence data. The sixth row is the first adjustment and the seventh row is the
second adjustment. The eighth row shows the schedule time after adjustments.
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Figure 6. Adjustment diagram
Table 1. Adjustment of Timetable in Route 99
NW 199 | NW 199 | NW 215 NE 203
Stop St&47 |St&27 |[St&2 NE 199 St | NE 199 St | St & 20 Aventura
Name Ave Ave Ave & 2 Ave & 10 Ave | Ave Mall
11| Time 199S47AV | 199S527AV | U441215S | NE2A199S 199S10AV 203S20AV | AVEN-
Point MALL
2 | Before- | 05:23 PM | 05:29 PM | 05:45 PM | 05:53 PM | 05:58 PM | 06:06 PM | 06:15 PM
Time
3 | Mean 2.73 -1.72 -0.05 -2.06 -0.94 -0.73 -0.67
(adh)
4| SD 5.41 3.05 3.55 3.85 3.76 3.28 3.93
(adh)
5 | Adj. 4.23 -0.22 1.45 -0.56 0.55 0.77 0.82
First
6 | Adj. 4 0 1 0 1 1 1
Second
7 | After 05:19 05:29 05:44 05:53 05:57 06:05 06:14
Time

For instance, the mean of the schedule adherence at NE 203 St & 20 Ave is -0.73.
This uses the -1.5 constant, which is the center of the on-time period of -5 and 2.
The first adjustment (Adj.First) should be 0.77, which is the result of -0.73-(-1.5).
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After applying the round function, the second adjustment (Adj.Second) equals 1.
Therefore, the new time would be 06:05 PM (06:06 PM - 1).

The final results, based on the adjustments implementation, are presented in
Figure 7. By applying this methodology, the on-time performance for Route 99 in
the Eastbound direction increased from 72.3 percent to 80.4 percent (i.e,, an 8.1%
increase) during the time period from 16:00 to 19:00.

Simulation Process

Though the timetable approach is described and the effect is proved by the on-
time performance improvement results above, these results are based on a normal
assumption and a rounding procedure. Ideally, a better solution could be obtained
by using the best possible statistical distribution for the schedule adherence data
as well as using continuous or smaller time intervals, instead of discrete integer val-
ues for the timetable adjustments. Nevertheless, a good solution can be obtained
through simulation to get all possible outcomes for on-time performance using
different schedule adherence adjustments. This is accomplished by introducing
different adjustments until the best on-time performance value is obtained. The
simulation uses schedule adherence adjustments at 1-minute intervals, since this is
the basic unit used in the timetables and schedule adherence data.

A Structured Query Language (SQL) statement is built to perform the simulation.
The output data contains columns that include old on-time performance, new
on-time performance, average of ADH, variance of ADH and the changes of ADH.
It calculates all possible on-time performance by changing the ADH values. Table 2
presents a partial outcome of the simulation test. According to this test, the high-
est on-time performance value at timepoint SOUTMIAM from Route 57 is reached
when the ADH_CHANGE value equals to -2 and the AVG_ADH is -1.41. As it can
be seen, this average value is close to the constant of -1.5.
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Table 2. Partial Dataset from Simulation Process*

TP ROUTE | AVG_ADH PERF1 PERF2 | ADH_CHANGE
SOUTMIAM 57 -4.41 47.85 61.21 -5
SOUTMIAM 57 -3.41 47.85 64.35 -4
SOUTMIAM 57 241 47.85 64.55 3
SOUTMIAM 57 -1.41 47.85 65.19 -2
SOUTMIAM 57 -0.41 47.85 57.48 -1
SOUTMIAM 57 0.59 47.85 47.85 0
SOUTMIAM 57 1.59 47.85 40.98 1
SOUTMIAM 57 2.59 47.85 34.55 2
SOUTMIAM 57 3.59 47.85 28.58 3
SOUTMIAM 57 4.59 47.85 23.70 4

*TP: time point; Route: route number; AVG_ADH: average of ADH values after changes; PERF1:
on-time performance value before any changes; PERF2: on-time performance after ADH changes;
ADH_CHANGE: changes of ADH value

Based on the methodology presented in this paper, the optimal on-time perfor-
mance is obtained when the mean of the schedule adherence values is shifted to
-1.5. Note that using simulation, the optimal value is the same as the one obtained
from the previous methodology. However, it is not guaranteed that the optimal
values that are obtained from both methodologies will be always the same.

Figure 8 presents the on-time performance comparison between the solutions of
On-Time Performance Metrology (OTPM) and On-Time Performance Simulation
(OTPS) for a 24-hour period. The chart in Figure 8 shows that there are no differ-
ences in four of the five timepoints. However, in time point U441215S, the solution
by using OTPS increased the on-time performance. For practical purposes, there is
no major difference from either method. Yet, the OTPS process produced a slightly
higher on-time performance improvement.

As depicted in Figure 8, the OTPS approach improves the on-time performance
of timepoint U441215S approximately 2 percent; the other timepoints remain the
same. What this means is that using the simpler OTPM approach, good results can
be obtained without having to go through the more elaborated OTPS process.
Usually, the OTPS process generates better results, because it tries all possible
adjustments. However, it is a more complicated than OTPM process. The changes
obtained by either process can be used to adjust the time in the timetables, which
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can take effect in the next line-up period. Based on this research, it is expected that
adjusting the timetables on-time performance can be improved.

Summary and Conclusion

This paper presents a perspective on how to improve transit on-time performance
by using schedule adherence data. It takes advantage of data from an AVL system,
in particular, schedule adherence information. To demonstrate the applicability of
this research, a case study using data from MDT is included, and on-time perfor-
mance calculations for Routes 99 and 57 also are presented.

A methodology that can be used to update the times in the bus timetables by
using schedule adherence data is described. The goal of this methodology is to
maximize the on-time density area. The density area is maximized when the mean
of the schedule adherence data is in the center of the on-time range. This is sup-
ported by a mathematical proof. A validation process is provided to ensure that the
updating takes effect. Further, a comparison process is used to assess the on-time
performance improvements, before and after the adjustments.

Before this methodology can be applied, the AVL data need to be cleaned, manipu-
lated, and stored in a database to allow the processing of the data. Using statistical
analysis, the distribution of the data is determined, and the mean and standard
deviation are calculated. Once the statistical distribution is known, the main goal
is to maximize the density area of the on-time performance range, which is based
on the on-time performance parameters. From this distribution, the optimal value
that can maximize on-time performance is obtained and used to update the times
in the timetables. The updated timetable will take effect in the next line-up period,
and the on-time performance is improved. This process also reduces the number of
early arrivals and departures.

There were two assumptions in this research: normal distribution and operator
behavior. The assumption of normal distribution is supported based on QQ plots
and normality tests. Operator behavior can be attributed to many different factors,
and it is assumed to be unchanged after the timetable modifications.

A simulation process is presented to demonstrate additional possibilities. Simula-
tion is a good solution to obtain all possible outcomes for on-time performance
using different schedule adherence adjustments and to finally obtain the optimal
values. This is accomplished by introducing different adjustments until the best
on-time performance value is achieved.
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There are still many opportunities for improvements and optimization on this
subject. For instance, the peakedness or flatness of the dataset distribution can
be measured using the kurtosis statistic. This can be useful for developing strate-
gies that reduce the variance of the data. Studying the relationship between the
standard deviation (variability of arrivals/departures) and the schedule adherence
adjustments would be beneficial. Including the standard deviation in the method-
ology may influence the outcome of the on-time performance results. In addition,
developing a computerized application could assist with the automation of the
described methodology.

In particular, there is potential for generating a more accurate distribution model.
The statistical distribution of the schedule adherence data is important to this
research. Therefore, better statistical techniques can be applied if a more accurate
distribution model is obtained. Different distribution models will produce different
adjustment factors, which makes the density area of the sample data maximized.
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