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Abstract India’s transport sector has a prominent role in transportation of pas-
sengers. Andhra Pradesh State Road Transport Corporation (APSRTC) is a major
transportation in the state. State has many routes, and there are so many towns on a
particular route. Most of the population mainly depends on transportation system;
hence, it is necessary to predict the occupancy percentage of the transit buses in a
given particular period for the convenience of passengers. There is a need of
advancement in transportation services for effective maintainability. Identifying
passenger occupancies on a different number of buses is found to be a major
problem. A promising approach is the technique of forecasting the data from pre-
vious history and the better predictive mining technology must be applied to ana-
lyze the passenger to predict the passenger flow. In this work, ARIMA-based
method is analyzed for studying the APSRTC transit bus occupancy rate.
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1 Introduction

1.1 Overview

Andhra Pradesh State Road Transport Corporation (APSRTC) recently took an
initiative for implementation of information technology in the state of Andhra
Pradesh, and the effective use of IT helps in many ways for APSRTC. It helps in
providing better services to passengers and also leads to effective maintenance
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management of vehicles. The role of Information Technology plays a key role in
better inventory control and also better managerial controls. In view of that, Ticket
Issuing Machines (TIMs) were introduced in APSRTC in May 2000. The main
objective is to issue tickets even though ground booking is completed and also to
pick up number of passengers in a route. These are introduced in a view that
management can derive information like punctuality analysis and travel patterns of
the public, generating MIS reports from the database. At present, there are 14,500
TIMs being utilized.

The data collected using TIMs from passengers includes starting stage, ending
stage, ticket time, ticket percentage, number of adults, and number of children. The
digitization of information helps in so many number of ways to increase the bus
services. As the data is already collected, and this data is helpful for further
investigations and forecasting the information can be done. By analyzing the data,
we can predict the passenger occupancies which are helpful for estimating the flow
of passengers at critical period of time also. The predictive analysis must be done
by considering all the cases like festivals, weekdays, and normal days. As ticket
time is also collected, the estimation of the peak times and proportion of passengers
can be done accordingly.

1.2 Objectives

The objective of this paper is to analyze various ARIMA models to implement the
estimation of the passenger flow at APSRTC. Based on the data which is collected
from APSRTC Head Office, the passenger flow was analyzed with findings and
suggestions. In this paper, the modeling methods for passenger occupancies were
discussed and the analysis of modeling techniques on real time data is presented.
There are so many model-based prediction algorithms like Kalman filtering,
regression models, and artificial neural networks. As time plays a key role in this
application, an ARIMA analysis model can be used to predict the passenger flow
over a period of time. SARIMA model is analyzed as there is seasonality in
monthly data for which the high values may tend to occur in few months, and low
values may tend to occur in some other months. In this scenario, we consider
S = 12 is the span of the periodic seasonal behavior. The model can be selected in
such a way that total number of passengers to be predicted for a particular month in
a year is based on previous year data.

2 Data Source

This paper examined novel methods to estimate the passenger occupancies over a
period of time. The model dataset used in this paper based on the data which was
the primary source is provided by APSRTC on transit buses information.
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2.1 Transit Data

APSRTC provides transport services within AP. Among those services, the transit
information of Macherla to Chilakaluripet route ticket-wise data of 24 services
extracted from three depot databases for the period of April 1, 2016 to December
31, 2016 was given and the dataset snapshot is displayed below.

The dataset consists of various measures and dimensions but for analysis pur-
pose, we choose ETMDate, FromStagecode, ToStageCode as dimensions, and
NoOfAdults considered to be a measure.

From Macherla to Chilakaluripet, there are 20 intermediate stations and each
station is identified by bus number which is a unique id as shown in Fig. 1. The data
given in excel table consists of Date, Trip No, Ticket percentage, Start Stage, End
Stage, No of adults, Number of Childs, and corresponding Ticket time given.
Among those fields, Date, Start Stage, End stage, and total number of passengers
are to be considered for analysis.

Fig. 1 Snapshot of data given by APSRTC
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2.2 Model Evaluation

To analyze the characteristics of historical data, time series plays a prominent role.
In the dataset provided by APSRTC, they have given data with minute duration.
Time series is chosen because data is available on daily basis. Here, data is in
probabilistic in nature. It is practically impossible for 100% accuracy. Let us define
dn(t) the demand of the passengers at time interval (t − 1) for day n time series
Tn

mðtÞ consists of data nm time intervals before dn(t) on the same day. As data is
available in minutes, that should be grouped into day-wise and finally to monthly
data. In this case, the previous time intervals to be considered with differences
measured at each interval.

Tn
dðtÞ= fdnðt− 1Þ, dnðt− 2Þ, . . . dnðt− nmÞg

Seasonality can be defined in this case as number of passenger’s data in months.

2.3 Analyzing Bus Schedule

The model is complex as there is difficulty in planning route definition. Let us
consider a service operates with number of scheduled buses per minute duration,
i.e., varies from 1 min duration to 15 min duration and these type can be treated as
low-frequency services. High-frequency services are more number of buses per
hour. For the performance measures to be accurate, reliability of bus location data is
the essential starting point. Kalman filtering can be applied for the number of inputs
from different sources to establish the connection of the bus.

The starting time of all buses that are in one route segment checks the previous
time schedules and then all buses that have covered the same lag over the same
period of time in the previous intervals.

For example, prediction is being calculated on 1 day in a month service. The
figures for the previous minutes on that route segment would be compared by
removing outliers from the dataset, and forecasting the passengers is derived and
added to the current number of passengers to provide total number of passengers for
that segment. This is potentially calculated with each bus location for each bus
stop. Trip-wise pattern analysis checks whether the current trip has similar pattern
as that of previous patterns; on the same day, Z-test can be applied in this case and
by identifying positive skewness and negative skewness, it would give results for
pattern analysis.

Graph is plotted for number of passengers that represents rows and from stage
represents columns as shown in Fig. 2. The data over a particular route from each
stage is plotted. Number of passengers observed is increasing over particular stages
and decreasing over some stages. Similarly, after analyzing 42000 records,
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predicting the number of passengers along route from start stage to end stage for
every month is to be done.

The data can be extracted month-wise, and for each month the amount can be
calculated. In a similar way, the number of passengers can be calculated
month-wise which is shown in Fig. 3. Once the data is plotted in monthly manner,
ARIMA modeling can be applied to predict the passenger flow for each month in
the next year. Hence, from next year number of buses to be increased or decreased
can be known by forecasting the number of passengers.

2.4 ARIMA Modeling

ARIMA modeling can be applied to the available data. At the initial step, identify
whether the variable which is to be predicted is stationary in time series or not; if
the variable is not stationary, it should be made stationary using the following
process. Let xt denote the number of passengers at time t; the proposed general
ARIMA formulation is as below.

Let {xt|t Î T} denote a time series such that {wt|t Î T} is an ARIMA (p, q) time
series where wt =Ddxt = I −Bð Þdxt = the dth order differences of the series xt. Then,
{xt|t Î T} is called an ARIMA (p, d, q) time series (an integrated autoregressive
moving average time series); here, B denotes the backshift operator which is used

Fig. 2 Number of passengers on a particular stage
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to forecast the values based on previous values; p denotes the autoregressive
parameters, d is the number of differencing passes, whereas q represents the moving
average which was computed for the series after it was difference once. Input series
of ARIMA must have a constant mean, variance, and autocorrelation through time.

The equation for the time series {wt|t Î T} is b Bð Þwt = d+ a Bð Þut. Suppose that
d roots of the polynomial f(x) are equal to unity, then f(x) can be written as
f Bð Þ= 1− b1x− b2x2 −⋯− bpxp

� �
1− xð Þd, and f(B) could be written as

f Bð Þ= I − b1B− b2B2 −⋯− bpBp
� �

I −Bð Þd = b Bð ÞDd. In this case, the equation for
the time series becomes f Bð Þxt = d+ a Bð Þut. In ARIMA (1,1,1)
xt = 1+ b1ð Þxt− 1 − b1xt− 2 + d+ ut + a1ut− 1. If a time series is {xt: t Î T}, that is,
seasonal we would expect observations in the same season in adjacent days to have
a higher autocorrelation than observations that are close in time (but in different
seasons in this case seasonality can be defined as month estimated for 1 year). This
model satisfies the equation incorporating seasonality.

I −Bk� �ds
I −Bð ÞdβðsÞ Bð Þβ Bð Þxt = αðsÞ Bð Þα Bð Þut + δ

Forecasting an ARIMA (p, d, q), time series can be done by the following
process:

xT lð Þ=E xT + ljPTð Þ

Fig. 3 Monthly report of passengers
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Let PT denote {…, xT−2, xT−1, xT} = the “past” until time T. Then, the optimal
forecast of xT+l given PT is denoted by this forecast that minimizes the mean square
error.

For the given data, there is a need of calculating the first difference, log first
difference, seasonal, log seasonal, and seasonal first difference which apply SAR-
IMA modeling with order SARIMA (0,1,0) * (0,1,1,12) and SARIMA (0,1,0) *
(2,1,1,12) from which state-space model results can be obtained. The goodness of
fitted value can be known by observing AIC value. The modeling is selected for
lower AIC value. At the next step, the predicted values can be obtained by applying
the above-selected model and calculates the new values of the series.

3 Conclusion

This paper has mainly focused the analysis of passenger flow prediction of transit
buses based on time series. APSRTC dataset was used for analysis. ARIMA
modeling is analyzed. Based on the investigated simulation and analysis report,
comprehensive study was done. This information helps in improving the service
efficiency and reduction of waiting time of passengers due to lack of buses when
there is more passenger flow. The analysis carried out in this work will benefit the
public transport authority in helping them to plan accordingly to place number of
buses over a particular time span to reduce the overcrowding or under crowding. As
a future research, other forecasting methods available in the literatures can be
experimented.
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