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Abstract: Understanding the characteristics of passenger flows within a metro network is essential to enhance the operational efficiency and
safety of urban rail transit system. Most research has focused on investigating trends or patterns of passenger flows, ignoring the volatility inherent
in these trends or patterns. This study employs a rolling-window analysis approach, coupled with two nonparametric methods and on statistical
method to quantify the volatility in passenger flow patterns across metro stations. The volatility characteristics of passenger flow are captured by
the ranges of potential changes in passenger flows, which are measured using three different indices: kickoff, width, and width-to-flow ratio. By
employing actual passenger data from six metro stations in Suzhou, China, this study quantifies the volatility characteristics of passenger flows on
weekdays and weekends. It reveals that passenger flow volatility on weekends is greater than on weekdays, indicating more erratic passenger flow
changes on weekends. Our findings have practical implications for enhancing management's understanding of passenger flow volatility and the
provision of reliable metro information to travelers via information systems. Future work is recommended to develop and test more methods for
quantifying the volatility of passenger flow in the metro stations, metro lines, and the metro network.
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1 Introduction

The urban rail transit system is becoming increasingly crucial for
enhancing residents' travel efficiency and alleviating road traffic
congestion in major cities worldwide. Evidence indicates that ex-
panding metro networks have been found to stimulate a sharp rise
in ridership [1]. This trend is primarily due to the high speed,
safety, and environmental friendliness of the urban rail transit sys-
tem, which make it a preferred daily travel option for many city
dwellers [2, 3]. The rapid increase in passenger flow can create im-
mense pressure on the management of metro stations, resulting in
potential safety risks [4]. Therefore, understanding passenger flows
is essential for making and coordinating operation plans in a metro
system, and the allocation of passenger flows on the metro net-
work plays a pivotal role in this analysis.

Passenger flow data is typically obtained through the use of
automatic fare collection (AFC) systems, which are extensively
employed in urban rail transit systems to gather information re-
garding passenger trips, including inbound and outbound passen-
ger flow [5, 6], origin-destination matrices [7], and travel time [8].
Urban metro passenger flow varies across different times and loca-
tions, encompassing working days, holidays, residential areas,
business centers, climate, transportation modes connected to the
metro, and future urban planning. Adhering to some changing
trends or patterns, short-term passenger flow generally exhibits a
degree of uncertainty or volatility. Very limited research focuses on

Received: 26 March 2025; Revised: 17 June 2025; Accepted: 8 October 2025
" E-mail address: liuzhao025@njit.edu.cn
DOI: 10.26599/HTRD.2025.9480077

the volatility of short-term passenger flow. Guo et al. [9] applied
the fuzzy information granulation method to obtain the dispersion
range of the collected traffic flow time series, and the volatility of
traffic flow could be reflected by the traffic flow interval time
series. Li et al. [10] employed quantile regression method to gener-
ate a prediction interval for strengthening the reliability of travel
time prediction through investigating the volatility of travel time.
Tsekeris and Stathopoulos [11] investigated the traffic (speed) vari-
ability through the conditional variance of traffic flow level, which
was described as a latent stochastic (low-order Markov) process.
Some studies have directed their attention towards the volatility
and uncertainty of short-term traffic flow, which exhibits remark-
able similarities with short-term passenger flow. It is worth noting
that the previously mentioned methods (i.e., fuzzy information
granulation, quantile regression, and conditional variance) for
quantifying traffic flow uncertainty and volatility exhibit signific-
ant differences. Quantile regression and conditional variance are
classical statistic methods. While, fuzzy information granulation is
a principle used in fuzzy logic and data analysis to transform raw
data into meaningful and manageable granules. Regardless of their
computational principles, the indicators of traffic flow volatility are
significantly different. However, to the best of the authors' know-
ledge, little research has been dedicated to examining the volatility
characteristics of short-term passenger flow.

One of the primary objectives in the field of passenger flow ana-
lysis is the accurate prediction of the short-term passenger flows.
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The majority of studies on short-term passenger flow prediction
predominantly concentrate on the recurring daily passenger flow
patterns [12, 13].When confronted with non-recurrent events such
as sporting games, concerts, and extreme weather conditions, ac-
curately predicting the short-term passenger flow would become a
more changing task due to their irregular and inconsistent nature.
Chen, et al. [2] explored the nonlinear and asymmetric features of
passenger flow during special events, taking into account the volat-
ility (heteroscedasticity) of short-term passenger flow. Zheng, et al.
[14] proposed a sophisticated network index designed to detect and
analyze anomalous and collective patterns of passenger flow across
the entire urban metro network, adapting to the unexpected out-
flow patterns that had not been observed previously. Ni, et al. [15]
discovered a positive correlation between passenger flow and so-
cial media posts and developed a hashtag-based event detection al-
gorithm to detect high subway passenger flow based on social me-
dia data. Rodrigues, et al. [16] presents a Bayesian additive model
with Gaussian process components that combines smart card re-
cords from public transport with context information about events.
Although there have been some studies focusing on the volatility of
passenger flow under special events or scenarios, little research in-
vestigates the volatility of regular passenger flow or day-to-day re-
current passenger flow. Without the influence of special events,
day-to-day recurrent passenger flow also exhibits regular volatility
or fluctuation. Therefore, investigating the volatility characteristics
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Fig. 1

of passenger flow in the metro stations or the metro network can
provide valuable insight for the subway company to improve oper-
ational efficiency and reduce potential security risks.

This research aims to quantify passenger flow volatility by
measuring the potential ranges of changes. We define the concept
of passenger flow volatility based on real passenger flow data and
propose a rolling-window analysis utilizing different methods:
fuzzy information granulation and quantile regression. We also in-
troduce three measures, i.e., kickoff, width, and width-to-flow ra-
tio, to quantitatively reflect passenger flow volatility characterist-
ics.

2 Problem description

To depict the volatile nature of passenger flow in metro stations,
this study employs six days of real passenger flow data gathered
from Leqiao station, which is situated within the Suzhou metro net-
work in China. The specifics of the utilized passenger flow data
will be elucidated in Section 5. Fig. 1 (a) and (c) exhibit the in-
bound and outbound passenger flow on weekdays from Mar. 14,
2016 to Mar. 16, 2016, while Fig. 1 (b) and (d) illustrate the in-
bound and outbound passenger flow on weekends from Mar. 19,
Mar. 20, and Mar. 26, 2016. It is widely acknowledged that passen-
ger flow typically displays a dual-peak pattern on weekdays and a
singular-peak pattern on weekends.
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Scatters of short-term passenger flow in the Leqiao station. (a) Weekdays from Mar. 14, 2016 to Mar. 16, 2016; (b) weekends from Mar. 19, Mar. 20, and Mar. 26,

2016; (c) weekdays from Mar. 14, 2016 to Mar. 16, 2016, (d) weekends from Mar. 19, Mar. 20, and Mar. 26, 2016.

The scatter plots of passenger flow over three consecutive days
offer a valuable means of intuitively comprehending the volatility
characteristics of passenger flow. Notably, the dispersion of pas-
senger flow differs significantly between inbound and outbound
passenger flow on weekdays and weekends. This indicates that the
range of passenger flow over three consecutive days at the same
time may signify the volatility of passenger flow. For instance, in
Fig. 1 (a) and (b), the inbound passenger flow on weekdays
between 13:00 and 16:00 exhibits narrower ranges than those on
weekends. Conversely, in Fig. 1 (¢) and (d), the outbound passen-
ger flow on weekdays and weekends display comparable ranges.
Generally, larger changes in passenger flow correspond to greater
volatility. Therefore, this study employs dispersion estimation of

passenger flow over time as a means of quantifying volatility.

3  Methodology

This section outlines a framework utilizing a rolling-window
analysis that combines two nonparametric methods with a conven-
tional statistical method to compute the ranges of potential changes
in passenger flow. Three indices are introduced to represent the
volatility attributes of passenger flow.

3.1 Overall framework

The rolling-window analysis is employed to construct the over-
all framework for measuring passenger flow volatility, as illus-
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trated in Fig. 2. Above the dashed line in Fig. 2 lies the discrete
time series of passenger flow for a single day. The dynamic pro-
cess of the rolling-window analysis is depicted below the dashed
line. The rolling window size, denoting the consecutive weekdays
or weekends per window, is a positive integer greater than one, as

exemplified by the three-day window size in Fig. 2. Each rolling
window generates a volatility value of passenger flow at a specific
time period. Various methods may be employed within this frame-
work to calculate specific volatility values of passenger flow as the
rolling window advances.
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Fig.2 Rolling-window implementation for quantifying the volatility of passenger flow.

Consequently, the consecutive weekdays or weekends within
each rolling window represent a subsample capable of capturing
the volatility attributes of passenger flow in metro stations. Not-
ably, Fig. 1 corresponds to Fig. 2 and presents scatter plots of pas-
senger flow over three consecutive days on weekdays and week-
ends, exemplifying the volatility characteristics of passenger flow.

3.2 Fuzzy information granulation

Fuzzy information granulation has a significant advantage for
analyzing passenger flow characteristics compared with the classic-
al statistic methods [17]. We adopt fuzzy information granulation
to extract the ranges of possible changes in passenger flow data.
Fuzzy information granulation, which is not limited to fuzzy logic,
but can also be applied to any concept, method, or theory. Suppos-
ing x is the passenger flow at time ¢ in the i-th metro station.
x €U and let G' denote a fuzzy subset of U for the i-th station. The
fuzzy granule g can be defined as:

g=(lisGlis A 1)
where, G is described by its membership function; and 4 is fuzzy
probability of passenger flow by possibility distribution on the unit
interval.

To achieve fuzzy granulation of passenger flow in consecutive
days, the core task is to construct a set of fuzzy granules G' that
represent typical passenger flow patterns. Each granule G' could be
defined by a membership function ug, which quantifies the degree
to which any observed passenger flow. In this study, triangular
membership function is selected for its simplicity and interpretabil-
ity. The parameters of these triangular functions (i.e., the lower
bound, peak, and upper bound) are determined from the historical
passenger flow data through the fuzzy granulation process, as de-
tailed in Ref. [2, 18]. Triangular fuzzy sets are commonly used as
the membership function for granulating passenger flow and con-
sist of three segments:

0, x,<a
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Where, x, is the specific value of passenger flow at the time # in
the consecutive weekdays or weekends; a, b, and m are the minim-

um value, average value, and the maximum value of the original
passenger flow for a single fuzzy particle.

To establish a reliable fuzzy granulation, it is necessary to fol-
low the principles of flexibility and stability. The former ensures
sufficient information content, while the latter preserves identity
despite small fluctuations in the data. For a given time series, fuzzy
set A can be constructed through a dual-objective optimization.

N
maxZA(xj)
i=1

J

(€)

min [sup (A)|=b—-a 4

where, 14 denotes the membership degree of data point x; in fuzzy
set A; a and b represent the lower and upper bounds of the support
of A4, respectively.

By the combined Eq. (3) with Eq. (4), the index Q is introduced
as

N N
2 Alxj) 2 Alx))
j=1 j=1

Q4= &)

measure(supp(A)) " bh-a

Maximize the index Q4 of @ and b to determine the parameters
of the triangular fuzzy set that satisfy the two principles. This leads
to the division of aggregated passenger flow data into up-bound,
average bound, and low-bound time series. The up-bound and low-
bound time series are selected to reflect the volatility in passenger
flow.

m

> bi-ap)

t=1

6

Sei
t=1 m
where, v is the average volatility in the passenger flow; v, is the
specific volatility of passenger flow at the time #; b, and a, are the
upper-bound and lower-bound value of passenger flow at the time
t, respectively; m is the number of discrete time intervals.

3.3 Quantile regression

We attempt to quantify the volatility of passenger flow data with
quantile regression. Suppose that the passenger flow data in a
metro station for n consecutive days at time ¢ is X, = [x},x2,--+,x],
arranged in ascending order, and time series data X, can be trans-
formed into a sequence after rearranging Y=[y|, y»,---, ¥,], where
VISV <--<p,1<y,. Then, the positions of the lower and upper
quartile in the sequence Y are:
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_ n+1

q1 = 2 o
_(n+1)x3

(13—74

where, g, and g5 are the positions of the lower and upper quartile of
the ¥, respectively; n is the number of elements in the Y.
Consequently, the lower quartile and upper quartile of the ¥ can
be calculated as below:
0= Xgz1 + (xflzm ~Xqz1 ) X qx1
- ®
03 = Xgz5 + (Xgz3.1 = Xgz3) X 4x3

where, O; and Qs are the lower quartile and upper quartile of the ¥;
qz1 and gy, are the integer part and the decimal part of ¢, respect-
ively; g3 and gy are the integer part and the decimal part of g;.

Then, the interquartile range (/QR) of passenger flow can be ex-
pressed as:

0/ =0/-0 ©)
where, @ is the interquartile range of passenger flow at the time £
Q! and Q7 are the lower quartile and upper quartile of the passen-
ger flow at the time 7.

Therefore, the quartile-based detection of passenger flow can be
expressed as:

(X5, XM= [0 - aIOR,, 03 + 2IQR|] (10)

where, X! and xR are the lower and upper limits of the passenger
flow at time ¢; « is the coefficient of the interquartile range.

Based on the Eq. (9), the detection intervals of passenger flow at
different times on the same day can be calculated as below:

X = [(xbxP, x5 x5, (xE xP) (11)

Based on the detected intervals of passenger flow at different
times, the volatility in the passenger flow can be obtained:

1 m 1 m
p=— Y v= ) (KX (12)
n =1 n =1

where, ¥ is the average volatility in the passenger flow; v, is the
specific volatility of passenger flow at the time #; X* and XX are the
upper-bound and lower-bound value of passenger flow at the time
t; m 1s the number of discrete time intervals.

3.4 Statistical method

Similar with the quantile regression, suppose that the passenger
flow data in a metro station for n consecutive days at time ¢ is
X, =[x}, x2,---,x"]. The pattern of the passenger flow can be presen-
ted as X=[X}, X, X;,---, X,,]. At a specific time ¢, the variance of
the passenger flow for n consecutive days could reflect the disper-
sion of passenger flow, which can be presented as:

n

_ (xi—)?t)
o1 = Zj — (13)
6 =t(n—1,a)0, (14)

where, o, is the variance of the passenger flow X;; J, is the (1—a)
confidence interval at the time #; x! is the passenger flow at the time
t on the i-th day; x, is the average value of the passenger flow X;; n
is the days of consecutive weekdays or weekends; #(4,a) denotes
the a-th quantile of the Student's ¢-distribution on /4 degrees of free-
dom.

Therefore, the volatility in the passenger flow can be quantified
as below:

) 1
v_%r v,—%ZZWS, (15)

where, v is the average volatility in the passenger flow; v, is the
specific volatility of passenger flow at the time ¢; J, is the (1—a)
confidence interval at the time #; # is an adjusted coefficient.

3.5 Performance index

To the best of our knowledge, there is no consensus on a stand-
ardized method to evaluate the volatility of passenger flow in metro
stations. However, as proposed in Ref. [2, 18], the evaluation of
traffic flow volatility can be based on two principles: firstly, real
observations should fall within the estimated intervals, which are
confidence-level-based intervals; secondly, the estimated intervals
should be as narrow as possible to indicate higher informativeness.
In this study, we propose three measures, namely K, W, and R, to
assess the volatility of passenger flow.

N
Wi
p ; 0, X% < X < AP (16)
= , Wy =
N T, xP < X or x0 < xlow
1 S up low
W= 2 - a7)
t=1
N up low
1 X, — X
R= P (18)

N — Xt

where, K denotes the exclusion rate, representing the proportion of
data points falling outside the constructed interval; W represents
the width of the constructed interval; R denotes the ratio of interval
width to passenger flow volume, reflecting the relative variability
scaled by flow level; x¥ and x\” are the low and up threshold of
passenger flow fluctuation; %, is the average value of consecutive
days of NV at the time of #; N is the number of days of the selected

passenger flow data.

4 Case study

In this section, we conducted an empirical study using real-world
data to analyze the volatility characteristics of passenger flow in
metro stations.

4.1 Data collection and aggregation

The data used in this study were collected by the AFC system in-
stalled in the metro stations of Suzhou in China. The archived in-
formation of passenger flow (e.g., entering or leaving the metro
station) can be obtained by aggregating passengers' raw transac-
tion data into time series with a 5 min interval. The raw travel in-
formation of passengers were collected for 15 h per day and seven
days per week from Mar 14, 2016, to May 15, 2016, consisting of
45 working days and 18 weekends. Twelve metro stations were se-
lected from Suzou metro stations, i.e., Mudu station, Xiangmen sta-
tion, Xinghai Square station, Leqiao station, Nanshi Street station,
Guangji South Street station, Suzhoubei Railway station, Shantang
Street station, Laodong Street station, Shihu East Road station,
Baodaiqgiao South station, and Lumu station.

4.2 Impact of the rolling-window size

The selection of an optimal window size plays a crucial role in
evaluating passenger flow volatility. A wide range of rolling-win-
dow sizes was tested, ranging from 2 to 40 with an increment of 2.
For brevity, inbound passenger flow from Legiao station were used
to present the impact of the rolling-window size in terms of the
Kickoff and Width, which are shown in Fig. 3.

Fig. 3 (a) and (b) demonstrate the impact of rolling-window size
on passenger flow volatility in terms of K and W. As shown in Fig.
3 (a), the K of fuzzy information granulation rapidly drops from
50% to 15% until a rolling-window size of 14, and then gradually
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declines to about 13% and stabilizes. In contrast, both quantile re-
gression and traditional statistical methods follow a similar pattern
where the K rise and then stabilize as the rolling-window size in-
creases. In Fig. 3 (b), both fuzzy information granulation and tradi-
tional statistical methods exhibit a consistent trend as their respect-
ive W gradually increase as the rolling-window size increases from
2 to 40. Conversely, the W of quantile regression remains stable at
around 600 across different window sizes.

Considering the performance of K and W, we set the size of
rolling-window as 14 for further investigating the volatility charac-
teristics of passenger flow.

4.3 Comparison of different methods on quantifying the volatility of pas-
senger flow

Once an appropriate rolling-window size has been determined,
we will perform a quantitative comparison of the volatility in pas-
senger flow obtained using various methods. This comparison will
be based on three metrics, namely the K, W, and R, as illustrated in
Fig. 4 (a), (b), and (c), respectively.

Fig. 4 (a) illustrates that the K of fuzzy information granulation,
quantile regression, and traditional statistical method remain stable
over time, with values of approximately 16%, 12%, and 5%, re-

20% — Fuzzy
- - - Quantile
5% e Statistic

A

PRI R L LR U S

s 10% § SO ol 2 e BT o
.

7:00 10:00 13:00 16:00 19:00 22:00
Time
(a)
5 -
4 L
x3r;

1,000

o0
(=3
(=}

(=)
(=3
(=]

W (people/h)

B
(=3
(=]

--- Quantile
.......... Statistic

53

(=3

(=]
T

246 810121416182022242628303234363840
Rolling-window size

(b)
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spectively, indicating a consistent gap between the three methods.
Fig. 4 (b) shows that the W of passenger flow exhibit a double-peak
pattern over time, with the W of passenger flow from the tradition-
al statistical method being significantly larger than those from the
fuzzy information granulation and quantile regression, which have
similar W evaluations. In Fig. 4 (c), a small constant gap is ob-
served among the three methods, with the R of fuzzy information
granulation being more stable and smaller. Notably, the R of
quantile regression fluctuates during morning and evening hours.
The tradeoff between the K and W of passenger flow affects the
volatility, with higher volatility indicating a wider range of pos-
sible changes and a lower K, and vice versa.

4.4  Comparison of weekdays and weekends on the volatility of passenger

flow

Comparing the / and R on weekdays and weekends provides
more insights into passenger flow volatility. Fig. 5 displays a com-
parison of the changing trends of passenger flow volatility between
weekdays and weekends. Notably, the range of possible changes in
passenger flow varies over time, and there is a clear difference
between inbound and outbound flows. The R in inbound passenger
flow fluctuates between 1 and 3 over time, while the R in out-
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Fig. 4 Comparison of different methods for passenger flow. (a) K of passenger flow; (b) I of passenger flow; (c) R of passenger flow.
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bound passenger flow fluctuates from 1 to over 5.

5 Conclusion

Understanding passenger flow characteristics is essential for im-
proving the operational efficiency and safety of urban rail transit
systems. However, existing research on regular or day-to-day re-
current passenger flow patterns in metro networks tends to neglect
their inherent volatility. To address this gap, we propose a rolling-
window analysis framework to investigate passenger flow volatil-
ity based on the three different methods, i.e., fuzzy information
granulation, quantile regression, and statistical method. Three dif-
ferent measures were proposed to reflect the volatility of passenger
flow. Although the indicators of passenger flow volatility obtained
by these three methods were different, they all consistently reveal a
similar trend of passenger flow volatility. Using real world passen-
ger flow data from Suzhou metro, we compare the volatility of pas-
senger flow between weekdays and weekends and find that it is re-
flected by the tradeoff between the K and W of passenger flow.
High volatility suggests a wider range of possible changes and a
lower K, while lower volatility indicates the opposite. Our results
indicate that passenger flow volatility is more significant on week-
ends than on weekdays.

For future research directions, we can also classify the volatility
of short-term passenger flow under different scenarios, including
regular conditions and special events. Quantifying the volatility of
short-term passenger flow under various scenarios or conditions
would be instrumental in identifying the special events that affect
passenger flow.
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