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Abstract

Purpose – The paper aims to identify and analyze passengers’ riding paths for providing better operational
support for digital transformation in megacity metro systems.
Design/methodology/approach – The authors develop a method to leverage certain passengers’
deterministic riding paths to corroborate other passengers’ uncertain paths. Using Automatic Fare Collection
data and train schedules, a witnessmodel is built to recover the actual riding paths for passengers whose paths
are unknown otherwise. The identification and analysis of passenger riding paths between three different
types of origin–destination) pairs reveal the complexity of passenger path choice.
Findings – The results show that passenger path choice modeling is usually characterized by complexity,
experience and partial blindness. Some passengers choose paths that are not optimal due to their experience
and limited access to overall metro system information. These passengers could be the subject of improved
path guidance in light of riding efficiency improved through digital transformation.
Originality/value – This research contributes to the improvement of metro management and operations by
leveraging ongoing digital transformation in megacity metro systems. Based on the riding paths and trip
chains of a large number of individual passengers identified by the proposed method, metro operation
management could prevent risks in areas with concentrated passenger flow in advance, optimally adjust train
schedules on a daily basis and deliver real-time riding guidance station by station, which would greatly
improve megacity metro systems’ service safety, quality and operational efficacy over time.

Keywords Metro, Automatic Fare Collection (AFC), Path choice and identification, Witness

Paper type Research paper

1. Introduction
With the acceleration of urbanization, the growth of traffic demand and the continuous
expansion of metro network, the metro system is closely related to people’s life in cities,
especially in megacities. For instance, the metro system provides services for more than six
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million passengers on weekdays in Beijing, and the sharing rate in public transport reaches
57.4% (in 2021), making a significant contribution to convenient, efficient, green and safe
travel for residents. The travel trajectories of millions of passengers in the metro system are
gathered into passenger flows, and the agglomeration, dissipation and congestion of these
passenger flows have become one of the most concerned contents of operation managers.

Understanding and predicting the passenger flow characteristics of a metro system in real
time will help operate the system safely, cost-effectively and sustainably, and provide better
and more satisfying city transportation services in the long term. The traditional method to
capture passenger flow distribution characteristics was to conduct field surveys at metro
stations and ask people about their destinations and route choices (Rashedi, Mahmoud,
Hasnine, & Habib, 2017; Bajaj & Singh, 2021). Then, a route choice model was built, which
had parameters related to travel time, cost, walking distance, the number of transfers and
crowding situation (Liu, Sun, Bai, & Xu, 2009; Xu, Luo, & Gao, 2009; Raveau, Mu~noz, &
Grange, 2011; Jin, Yao, Zhang, & Liu, 2017). This approach is time-consuming and labor-
intensive in terms of conducting surveys and processing data (Zhao et al., 2017). Due to the
limited sample size, its results are often error-prone and subjective.

Safety, efficiency and service are the eternal theme of metro system. After more than a
century of development, the metro system has become the most safe, reliable and efficient
mode of transportation for residents of megacities. It has not only devoted to the tireless
innovation and exploration of metro operation managers but also has the distinctive
characteristics of technological progress and concept transformation of the times. Entering
the information age, digital technology is nowwidely recognized as an important opportunity
to pioneer delicacy management and develop innovative services. Companies must
constantly innovate to keep up with the current possibilities and trends, a process
commonly referred to as digital transformation (Van Veldhoven & Vanthienen, 2023). Metro
system has naturally become an important field of information technology and digital
technology application.

With the rapid development of sensor-based networks, Automatic Fare Collection (AFC)
systems have been widely adopted by metro systems. Meanwhile, mining the travel
behavior of passengers from AFC data has become a trend in the field of passenger flow
modeling research (Sun, Jin, Lee, Axhausen, & Erath, 2014; Zhao, Qu, Zhang, Xu, & Liu,
2017; Barry, Newhouser, Rahbee, & Sayeda, 2002; Tang, Zhao, Cabrera, Ma, & Tsui, 2019;
Sun, Lu, Jin, Lee, &Axhausen, 2015;Wang, Zhang, Zhao, Liu, & Zhang, 2020; Xie, Zhang, &
Gong, 2022). AFC data provide a possibility for fine understanding of temporal and
spatial distribution of passenger flow. However, AFC data only record entry and exit
information and do not contain any trip connection information. The trajectory of
passenger in metro system is a typical “black box” problem. How to excavate passenger
riding path and path selection characteristics hidden behind AFC data by data-driven
method is worth further study.

The purpose of this study is to develop a new heuristic method to identify passengers’
paths and analyze their riding characteristics. The remainder of the paper is organized as
follows. The related works in the literature are presented in Section 2. Section 3 proposes our
new researchmodel. Section 4 provides the results of this study, which are discussed from the
managerial perspective in Section 5. Finally, Section 6 concludes the paper.

2. Research background
Researchers have solved the task of passenger flow distribution using a variety of different
methods. According to the objective of such a task, we usually know the passenger flow
distribution of a metro network roughly but do not know the riding trajectory of each
passenger and his/her riding characteristics. With the application of AFC systems and the
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development of big data technology, scholars have put together a lot of effort in addressing
the identification problem of individuals’ riding paths over the last decade or so.

Based on the assumption that a passenger’s access time should be in the same percentile of
the cumulative access time distribution as the egress time is in the distribution, Paul (2010)
explored a method of assigning passenger trips to feasible itineraries. When there were
multiple feasible itineraries, the most probable itinerary was selected according to some
proposed rules. Kusakabe, Iryo, and Asakura (2010) proposed an algorithm to estimate the
train that a passenger boarded using smart card data. They assumed that a passenger would
minimize the total waiting time at the departure station and lost time at the arrival station and
choose the route with the least number of transfers.

Sun and Xu (2012) used AFC data, train schedules and supplementary manual surveys to
infer passengers’ entry, exit and transfer times. Using the collected information, they
developed travel time distributions and inferred route choice proportions based on the actual
travel time of passengers and the time distribution of each path in their studied network.
Zhou and Xu (2012) estimated an individual passenger route choice with the maximum
likelihood method using AFC data and train operation information. They assumed that the
walking speed of a passenger stays the same as others and that the transfer delay for an
individual passenger due to crowding occurs with the same probability as others. Based on
this assumption, the passenger dwell time at his/her origin station and transfer stations was
derived, and the matching degree for each path according to the maximum likelihood
boarding plan was calculated.

Zhu, Hu, and Huang (2014) proposed a method to calibrate an urban metro assignment
model using AFC data. The method used a framework based on a genetic algorithm with
nonparametric statistical technology, first generating a candidate set using statistics-based
criteria and then applying a genetic algorithm to find an optimal solution. Hong, Min, Park,
Kim, and Oh (2016) derived trip chain information from reference passengers whose trips are
known. To detect an unknown path of a passenger, the proposed method checks if it
optimally forms a sequence of boarding, transfer train(s) and alighting trains for each
alternative connection.

H€orcher, Graham, andAnderson (2017) proposed a passenger-to-train assignment method
that recovers the crowding density in the entire metro network. The assignment is based on
the likelihood of access, transfer and egress times associated with feasible itineraries in the
Automatic Vehicle Location (AVL) dataset. Xu, Xie, Li, and Qin (2018) adopted a method
combining Bayesian inference and Metropolis-Hasting sampling to learn the route choice
behavior of passengers from AFC, train schedules, and train loading data and calibrated the
parameters of a logit model.

Zhang, Yao, Zhang, and Zheng (2018) proposed a set of approaches for estimating
passenger paths by combining self-reported revealed preference (RP) and smart card data.
A nested model was developed with a balance parameter by accommodating different
scales of the two data sets. Combining the advantages of RP and AFC data on a large scale,
the model performed better than a single data source through. Li, Luo, Cai, and Zhang
(2018), and Wu et al. (2019) used the clustering method to group the travel times of
passengers between OD pairs into different clusters. A method considering both uncertain
walk times and transfer times was proposed to estimate the theoretical travel times of all
possible paths.

Zhu, Koutsopoulos, andWilson (2021) developed the Passenger Itinerary Inference Model
(PIIM). After calculating the probabilities of left behind and route choice respectively in
multiple paths of origin–destination (OD) pairs, the probability of passengers matching each
trip chain was calculated by Bayesian inference. Su, Si, Zhao, and Li (2022) selected the AFC
data betweenOD of special types to estimate the distribution of platform passengers’walking
time and waiting time first. They then established the real-time path travel time distribution
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with the distribution of walking time, waiting time and in-vehicle time as parameters. Finally,
the membership function is introduced to evaluate the relationship between the passenger
travel time and the real-time travel time distribution of each candidate path, and the pathwith
the largest membership degree is taken as the passenger riding path.

Regardless of the adopted methods over the years, the results from the existing studies
reviewed above mainly show the likelihood of multiple paths. Little study has been done in
terms of enabling a real-time applicable method to identify passengers’ paths and understand
their riding behaviors. In addition, the above method based on some assumptions, such as
passengerswill not be left behind, there is no difference in the behavior of passengers in a day,
and the tap-out time of passengers who get off from two consecutive trains does not overlap.
They are inconsistent with reality, affecting the accuracy of the results and limiting its
applicability. Therefore, passenger riding path identification methods that can be applied to
large-scale metro networks still need to be developed.

3. Investigation methodology
3.1 Fundamental principles
A typical urban metro trip consists of sub-paths or segments. As shown in Figure 1, sub-
paths of a passenger’s trip are clearly described by the following activities: ① tap-in, ②
walking to the platform andwaiting for his/her train,③ riding,④ transferring from the train
and waiting for his/her next train, ⑤ riding, ⑥ walking to the gates and ⑦ tap-out.

Finding the riding time in each of the sub-paths described above is essential for
uncovering his/her riding path. The timestamps at ① and ⑦ can be directly obtained from
AFC data. The durations of ③ and ⑤ can be obtained from train schedules if his/her
transfers are uncovered. The duration of ⑥ cannot be directly determined because the
walking speed of a passenger is unknown. The durations of ② and ④ consist of both
unknown walk and waiting time. Therefore, it is challenging to determine the actual riding
path of a trip if the time of each sub-path along the trip is not identified. To uncover the riding
paths of passengers, the following questions must be answered.

Q1. Is it possible to determine the paths taken by certain people?

Even in a highly complex metro network, there are some passengers whose riding paths can
be determined. For example, on March 26, 2018, passenger A tapped in at CGZX at 17:04:00
and exited from HDWLJ at 17:16:57. Because of the direct access to CGZX and HDWLJ via
Line 6, as shown in Figure 2, there is a good reason to believe that the passenger took Line 6 to
HDWLJ. The passenger’s riding time was 12 minutes and 57 seconds; no other paths could
have been completed within this time frame, which verifies that the uncovered passenger’s
riding path was correct.

Q2. Is it possible to determine the train that certain people take?

Once the path of a passenger is identified, train schedules make it possible to determine the
train that the passenger took. We continue to use passenger A discussed above as an
example. There were three trains near passenger A’s tap-in time, as shown in Table 1.

Figure 1.
Typical metro trip

composition
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Train No. 1209 departed from CGZX at 17:02:38, which was earlier than passenger A’s tap-in
time; thus, passenger A did not take this train. Train No. 1211 arrived at HDWLJ at 17:17:59,
which is later than passenger A’s tap-out time; thus, passenger Adid not take this train either.
Therefore, passenger A must have been on the only train that meets the requirement, i.e.
No. 1210.

Q3. Is it possible to determine the time spent in each sub-path in the entire trip of a
passenger with an identified path with identified trains?

After a path and train numbers (or lines) are identified, the time of sub-paths①,③,⑤ and⑦
can be respectively determined, and ②, ④ and ⑥ are exactly in the middle of the known
segments, so their time can be calculated. For example, passenger A tapped in at CGZX at
17:04:00, then walked to the platform and waited for the train for 1 minute 22 seconds, took
Line 6 at 17:05:22, got off at 17:15:15 after riding for 9 minutes 57 seconds without a transfer,
then walked to the gate for 1 minute 42 seconds, and tapped out at HDWLJ at 17:16:57. In this
way, we uncovered the complete trip information of passenger A, as shown in Figure 3.

Q4. Can we use passengers with known trips to make proofs for other passengers?

The full riding history of passenger A is not only meaningful for analyzing the riding
behavior of passenger A but also reveals important information that might help us analyze
the riding paths of other passengers. The revealed information includes the following:

Station No. 1209 No. 1210 No. 1211

CGZX (Departure) 17:02:38 17:05:22 17:08:06
BSQN (Arrival) 17:04:38 17:07:22 17:10:06
BSQN (Departure) 17:05:28 17:08:12 17:10:56
HYQ (Arrival) 17:07:08 17:09:52 17:12:36
HYQ (Departure) 17:07:38 17:10:22 17:13:06
CSS (Arrival) 17:09:32 17:12:16 17:15:00
CSS (Departure) 17:10:17 17:13:01 17:15:45
HDWLJ (Arrival) 17:12:31 17:15:15 17:17:59

Source(s): Table by the authors

Figure 2.
Schematic diagram of
the direct path of
passenger A’s trip

Table 1.
Train schedule from
CGZX to HDWLJ
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(1) passengerswho tapped in at CGZXbefore 17:04:00would takeNo. 1210 train that departed
at 17:05:22; (2) after tap-in at CGZX, passengers would take about 1 minute and 22 seconds to
walk to the platform; (3) passengers would take 1minute and 42 seconds to walk out and then
tap-out at HDWLJ after getting off the train. For passenger B, who tapped in at CGZX before
17:04:00, she could have also takenNo. 1210 train. Although passengerA and passenger B did
not know each other, heuristically, passenger A could be considered as a “witness”who could
testify that passenger B took the same train with him/her.

In this study, passenger A is heuristically defined as a “witness.” Many “witnesses” like
passenger A with known paths can be identified. Some of these witnesses could witness that
target passenger B entered a given station and then took a given train. Some could witness
that passenger B took a given train and then exited a given station. Others witness that
passenger B took a given train and then transferred to another given train.

3.2 Assumptions
In this study, we have the following assumptions that form the basis of the subsequent
algorithms.

Assumption 1. Once passengers get off a train, they will leave the train station
right away.

There are many factors affecting the egress time of passengers. Each passenger has a
different walk speed, and the different locations of the carriages lead to different walk
distances, making the same wave of passengers exit the station at different times; however,
passengers will generally leave the station as soon as possible after getting off. According to
previous studies, the distribution of the egress time of passengers in the samewave obeys the
extreme value distribution (Hong, Min, Park, Kim, & Oh, 2016). We can easily know from
which train the exiting passengers got off, as shown in Figure 4.

Assumption 2. When a path is the shortest path and the only direct path between a
certain origin and destination, passengers will definitely choose this path.

In a metro network, there may be an infinite number of reachable paths between an OD pair
but only a small number of efficient paths, i.e. people will generally choose only efficient paths
with a lower impedance utility rather than invalid paths with features such as detours, long
riding times andmany transfers.When there is only one path in anOD pair in a set of efficient
paths, passengers will uniquely choose that path. In other words, when a path is the shortest
path and the only direct path between a certain origin and destination, passengers will
definitely choose this path, which has an absolute advantage in terms of riding time and the
number of transfers.

Assumption 3. When there is no direct path between an origin and destination and a path
is the shortest path and the only path with one transfer, passengers will
definitely choose this path.

Figure 3.
Schematic diagram of

passenger A’s trip
recovery
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Figure 4.
Tap-out flows at a
metro station
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When there is no direct path between an OD pair, adding one transfer to Assumption 2, we
can infer that if a path is the shortest path and the only pathwith one transfer, passengers will
definitely choose this path. This assumption offers absolute advantages in terms of riding
time and the number of transfers.

3.3 Definitions
We have the following definitions.

Definition 1. Trip chain—a combination of basic information about a passenger’s trip.

The trip chain includes the time and stations of passenger’s tap-in and tap-out, the train
numbers of each train he/she take during the journey, as well as departure and arrival time of
each train.

Definition 2. Class I witness W1—nontransfer passengers whose riding paths and trip
chains are determined.

According to Assumption 1, a passenger exits his/her destination station without stopping
after getting off the train. Therefore, according to the time of exit, the nontransfer passenger’s
train number can be determined, which satisfies the requirement that the “trip chain is
determined.”According to Assumption 2, when a path is the shortest path and the only direct
path, passengers will definitely choose this path. Therefore, the nontransfer passengers who
take these paths can satisfy the requirement that the “riding path is determined” and are
Class I witnesses.

Definition 3. Class II Witness W2—one-transfer passengers whose riding paths are
determined.

According to Assumption 3, when there is no direct path between an origin and destination
and a path is the shortest path and the only path with one transfer, passengers will surely
choose this path. Therefore, these one-transfer passengers can satisfy the requirement that
“riding paths are determined” and are Class II witnesses.

According to Assumption 1, the train numbers of Class II witnesses can be determined
when they exit the station; thus, the train numbers before the transfer can be inferred.
However, in a rush-hour congestion condition, passengers may be left behind and need to
wait for multiple trains, in which case we cannot determine whether the passengers are left
behind before or after the transfer. Therefore, when the train numbers of Class II witnesses
before a transfer cannot be determined, all their possible train chains are marked, which is
also very useful for subsequent corroboration of the target passenger’s transfer behavior.

Definition 4. Minimum egress time Tegr
d —the minimum time to walk to tap-out after

alighting at station d.

The egress time of a large number of Class I witnesses during off-peak hours at station d can
be assessed. The minimum time is Tegr

d , which means that the passengers exiting the station
have the shortest walk distance and the fastest walk speed. Taking the moment of train
arrival plus the minimum egress time as the splitting point, the witnesses who exit the station
at any moment can be distinguished, and the train number they took can be delineated.

Definition 5. Minimum access time Tacc
o —the minimum time to board a train after tap-in

at station o.

The access time of a large number of Class I witnesses at station o can be assessed too. The
minimum time is Tacc

o , which corresponds to the time of passengers entering the station with
the shortest walk distance, the fastest walk speed and no waiting time to board the train.
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Definition 6. Minimum transfer time Ttra
s —the minimum time to transfer at station s.

The transfer time of a large number of Class II witnesses at station s can be assessed counted.
The minimum time is Ttra

s , which corresponds to the time that passengers transfer with the
shortest walk distance, the fastest walk speed and without waiting for the train to transfer.

Definition 7. Minimum riding time Tmin
j —the minimum time to ride on a certain path j.

Tmin
j is the sum of the minimum access time, minimum transfer time, minimum egress time

and on-board time on path j, which corresponds to the time that passengers enter an original
station, ride on trains and exit a destination station with the shortest distance, the fastest
walk speed and no waiting time to board the transfer trains.

Definition 8. Search scope of witness S—the search scope for witnesses that target
passengers may encounter at the time when those target passengers enter,
exit and transfer in their trips.

The search scope of Class I witnesses when the target passenger k enters is
[tink −Td=2; t

in
k þ Td=2], where t

in
k is the tap-in time of passenger k, and Td is the departure

interval of trains at the time. The search scope of Class I witnesses when the target passenger
k exits is [toutk −Td=2; t

out
k þ Td=2], where t

out
k is the tap-out time of passenger k.

The search scope of Class II witnesses when the target passenger k transfers: Once Class I
witnesses at the exit are identified, their train numbers are also determined. Regardless of the
origin anddestination of aClass IIwitness, a Class IIwitnesswho transfers to the train number of
aClass Iwitnesswithin the possible riding path of the target passenger is a Class IIwitness along
the transfer path. When the number of transfers is greater than 1, the train number determined
by the Class II witnesses of the last transfer is used as the basis for looking for witnesses of the
previous transfer. An example is shown in Figure 5.When the train number of Class I witnesses
at the exit is determined to be N1, then a Class II witness at the second transfer should be
transferred to train N1. Suppose the train chains of the Class II witness at the second transfer are
(M1, N1) and (M2, N1); then, the Class II witness at the first transfer should be transferred to train
M1 orM2, such as the onewhose train chain is (L1,M1) or (L2,M2). However, the Class II witness
whose train chain is (L3, M3) or (M2, N2) is not the witness of the target passenger.

3.4 Algorithm
In the first step, a set of efficient paths R is generated for a given OD pair; here, the paths
recommended by BaiduMaps are directly used as efficient paths, which are alternative paths
that passengers usually choose on a daily basis.

Figure 5.
Schematic diagram of
the search scope of
Class II witnesses
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The second step is to judge whether the riding time of a target passenger is smaller than the
minimum riding time of each path, where if the riding time of the target passenger is smaller
than the minimum riding time of a path, then the path is invalid.

The third step is to determine whether the path can form valid trip chain, i.e. there are
witnesses at the time of entry, transfer, and exit and tandem train numbers of these witnesses
riding. For example, there is a valid trip chain whose train chain is (L2, M2, N1), as shown in
Figure 6.

The fourth step is to determine the number of valid trip chains and paths. If the number of
valid path is equal to 1, then the path is the only possible riding path for the target passenger;
If the number of valid paths is greater than 1, then the votingmechanism is triggered, and the
trip chain with the largest number of votes are taken as the most-likely trip chain for the
target passenger, and its path is the most-likely riding path.

The voting mechanism is as follows.

(1) Both Class I witnesses and Class II witnesses have voting rights.

(2) The closer the tap-in or tap-out time between a Class I witness and the target
passenger, the greater the weight of the witness’ vote is. Let the time interval between
Class I witness x and the target passenger be Tx; then, his/her voting weight is
Pollx ¼ 1=ðTx þ 1Þ.

(3) All Class II witnesses vote bear the weight of 1.

(4) Let the total number of votes of inbound witnesses in the j trip chain of path i beWin
ij ,

the total number of votes of outbound witnesses be Wout
ij , and the total number of

votes of transfer witnesses be Wtra
ij . Additionally, let the total number of votes of

inbound witnesses on path i beWin
i , the total number of votes of outbound witnesses

beWout
i , and the total number of votes of transfer witnesses beWtra

i . Then, the voting
result Vij for the j trip chain of path i is:

Vij ¼
Win

ij W
tra
ij Wout

ij

W in
i W

tra
i Wout

i

(1)

The voting algorithm is shown using a flowchart in Figure 7.

Figure 6.
Schematic diagram of
the valid train chain
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4. Results and findings
4.1 Data description
The Beijing Metro system is used as an application case study in this research, which has a
complex network and has a strong representation. By the end of 2022, there are 27 lines in
operation in Beijing, with an operating mileage of 797.3 km. There are 472 stations, including
78 transfer stations, as shown in Figure 8.

Search for witnesses on path i

Generate an efficient paths set R

Count witness votes

Generate the valid trip chains
and paths based on witnesses

Let i = 1

If i
is greater than

card(R)

yes Number of path = 1

Number of path> 1

no

yes

no, i++

i++

Whether the shortest travel
time for path i is satisfied

Number of path = 0

Null

Pick the trip chain with the highest votes

Recover the riding path directly

Source(s): Figure by the authors

Figure 7.
A flowchart view of the
proposal voting
algorithm

Figure 8.
Beijing Metro network
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(1) AFC data

The data recorded by Beijing Metro AFC system is the full sample data, which contain the
travel information of all urban rail transit passengers (including light rail, maglev and other
lines). Taking the data fromMarch 26, 2018 toMarch 29, 2018 as an example, the data volume
is 26,065,883, with about 6.5 million daily trips.

The Beijing Metro AFC system records the transaction information of passengers on a
single trip, including card ID, tap-in time, tap-out time, boarding station ID, alighting station
ID, card type etc., as shown in Table 2.

Due to the diversity of AFC related equipment manufacturers and the complexity of AFC
real-time data transmission, AFC data sometimes have recording exceptions, such problems
mainly include recording errors, record missing, record duplication, etc. In addition, there are
some passengers begging, stealing, advertising and delivering express in metro system, and
their data should be eliminated. Therefore, prior to the analysis, data cleaning should be carried
out on the AFC data, and the following data should be removed according to experience:

� There are errors, omissions or duplicates in the records.

� Tap-in and tap-out stations are the same.

� The travel time between OD pair is more than twice the minimum travel time or more
than 30minutes longer than theminimum travel time (Si, Zhong, Liu, Gao,&Wu, 2013;
Hong et al., 2016).

After data cleaning, 24,034,806 pieces of the above data remain, and the exclusion ratio is
about 7.8%.

(2) Train schedule data

Train schedule data includes the arrival time and departure time of each train at each station.
Table 3 lists the main information. When the metro system fails, the actual train arrival and
departure time will be different from the train schedule, AVL data can be used instead of the
train schedule data.

4.2 Method validation
In order to verify the accuracy of the method, we recruited volunteers to take the Beijing
Metro according to the set path, and then extracted the volunteers’ travel information from

Name Description

CARD_SERIAL_NUMBER Card ID (encrypted)
ENTRY_TIME Tap-in time (year/month/day/hour/minute/second)
TRIP_ORIGIN_LOCATION Boarding station ID
TXN_DATE_TIME Tap-out time (year/month/day/hour/minute/second)
DEVICE_LOCATION Alighting station ID
PRODUCT_ISSUER_ID Card type, including E-card and one-way card
PRODUCT_TYPE Card subtype, including ordinary card, senior card, student card etc.
PAYMENT_VALUE Deduction amount
RECONCILIATION_DATE Time for reconciliation of accounts
SETTLEMENT_DATE Time for clearing currency receipts and payments
DEVICE_ID Automatic fare gate ID
SOURCE_PARTICIPANT_ID Operating company ID

Source(s): Table by the authors

Table 2.
Main information of
AFC data in Beijing

Metro system
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the AFC system. The volunteers’ riding paths were identified according to the proposed
method and the existing methods, including PIIM (Zhu, Koutsopoulos, & Wilson, 2021) and
RP (Hong et al., 2016), and then compared and verified with the actual riding paths. For
specific experimental design, see Xie, Zhang, Qiu, Gong, and Ma (2023).

The results show that the method can accurately identify 141 out of 143 normal trips, with
an accuracy of 98.6%. It is better than PIIM and RP methods, whose accuracy is 85.3% and
91.6%, respectively, in this experiment. This method has significant advantages in riding
path identification, especially for pathswithmultiple transfers, the accuracywill not decrease
due to the uncertainty of waiting time for transfer. On the contrary, due to the superposition
of multiple uncertainties, it is not easy to form valid trip chains on other paths, so the results
are more inclined to the most actual riding path.

4.3 Path choice results
The following analysis uses Beijing Metro AFC data from March 26 to March 29, 2018. We
selected three OD pairs: from XS (Xi Si Station) to BJXZ (Bei Jing Xi Zhan Station), from CSS
(Ci Shou Si Station) to XD (Xi Dan Station) and from CGZX (Che Gong Zhuang Xi Station) to
CWM (Chong Wen Men Station), as shown in Figure 9.

From Figure 10, we can see that XS and CGZX have typical business-type characteristics,
with more passengers exiting the station in the morning peak and entering the station in the
evening peak. CSS has typical residential-type characteristics, withmore passengers entering
the station in the morning peak and exiting the station in the evening peak. CWM and XD are
general-type stations have typical city mass flowmorning and evening peaks. BJXZ is a hub-
type station, with a balanced flow of passengers in and out of the station throughout the day,
and no obvious morning and evening peaks.

Then we try to analyze the performance of path choice for the same OD pair and the
differences between different types of OD pairs.

(3) CGZX—CWM

There are two efficient paths between CGZX with CWM: ⑥↔② and ⑥↔⑤, both involve
one transfer and have a total of 8 stops.

There were 379 trips from CGZX to CWM during the designated period in this analysis.
Path identification results show that 56.2% of passengers using path ⑥→②, with an

Figure 9.
Schematic view of
studied metro lines
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average riding time of 27 minutes and 21 seconds, and 43.8% of passengers using path
⑥→⑤, with an average riding time of 30 minutes and 20 seconds, as shown in Table 4. For
435 trips from CWM to CGZX, 75.9% of them chose path②→⑥, with an average riding time
of 26 minutes and 42 seconds, and others chose path⑤→⑥, with an average riding time of
30 minutes and 24 seconds.

(4) CCS—XD

There are two efficient paths between CCS with XD: ⑥↔④ and ⑩↔①. The former has 8
stops, the latter has 7 stops, and both of them involve one transfer.

There were 517 trips from CCS to XD during the designated period in this analysis. Path
identification results show that 46.8% of passengers using path ⑥→④, with an average
riding time of 27 minutes and 35 seconds, and 53.2% of passengers using path⑩→①, with
an average riding time of 26 minutes and 15 seconds, as shown in Table 5. For 447 trips from
XD to CCS, 54.8% of them chose path④→⑥, with an average riding time of 28 minutes and
18 seconds, and others chose path①→⑩, with an average riding time of 27 minutes and 40
seconds.

(5) XS—BJXZ

There are two efficient paths between XS with BJXZ:④↔⑦ and④↔⑨. The former has 8
stops, the latter has 9 stops, and both of them involve one transfer.
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OD Paths
Number of

stops
Number of
transfers

Average riding time
(ATT, min:sec)

Number of
trips

Proportion
(%)

CGZX to
CWM

⑥→② 8 1 27:21 213 56.2
⑥→⑤ 8 1 30:20 166 43.8

CWM to
CGZX

②→⑥ 8 1 26:42 330 75.9
⑤→⑥ 8 1 30:24 105 24.1

Figure 10.
Passenger flow
distribution in and out
of stations

Table 4.
Path choice results
between CGZX
and CWM
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There were 688 trips from XS to BJXZ during the designated period in this analysis. Path
identification results show that 48.8% of passengers using path ④→⑦, with an average
riding time of 29 minutes and 2 seconds, and 51.2% of passengers using path④→⑨with an
average riding time of 31 minutes and 22 seconds, as shown in Table 6. For 499 trips from
BJXZ to XS, 67.1% of them chose path⑦→④, with an average riding time of 28 minutes and
32 seconds, and others chose path⑨→④, with an average riding time of 31 minutes and 39
seconds.

4.4 Detailed analysis
The above results of passenger path choice behavior reveal that the passenger path choice
behavior varies greatly among OD pairs. For further analysis, we define the frequent rider
(FT), who takes themetro every day during the designated period in this analysis and divides
the period into morning peak, evening peak and off-peak hours.

As can be seen in Figure 11, there are differences in the traffic distribution characteristics
between the OD pairs based on different station attributes, with most passengers between
CGZX and CWM concentrated in the morning and evening peaks, and a clear tidal pattern
between CSS and XD, with most of them riding from CSS to XD in the morning peak and
returning in the evening peak. Passengers from the XS and BJXZ OD pairs are more evenly
distributed throughout the day, with no significant peaks. Accordingly, there are almost no
frequent riders between XS and BJXZ, while frequent riders of other OD pairs mainly appear
in the morning and evening peak hours.

After the comparative analysis, we have the following findings:

(1) The average riding time of frequent riders is shorter than that of non-frequent riders
on the same path during the same period, which may be due to the fact that frequent
riders are more familiar with the riding conditions.

(2) Frequent riders are better at choosing paths than other passengers, and a higher
proportion of them choose the path with the shortest average riding time. For

OD Paths
Number of

stops
Number of
transfers

Average riding time
(ATT, min:sec)

Number of
trips

Proportion
(%)

XS to
BJXZ

④→⑦ 8 1 29:02 336 48.8
④→⑨ 9 1 31:22 352 51.2

BJXZ to
XS

⑦→④ 8 1 28:32 335 67.1
⑨→④ 9 1 31:39 164 32.9

Source(s): Table by the authors

OD Paths
Number of

stops
Number of
transfers

Average riding time
(ATT, min:sec)

Number of
trips

Proportion
(%)

CSS to
XD

⑥→④ 8 1 27:35 242 46.8
⑩→① 7 1 26:15 275 53.2

XD to
CSS

④→⑥ 8 1 28:18 245 54.8
①→⑩ 7 1 27:40 202 45.2

Source(s): Table by the authors

Table 6.
Path choice results

between XS and BJXZ

Table 5.
Path choice results

between CGZX
and CWM
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Figure 11.
Scatter diagram of
riding time
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example, in Figure 11(a), 83.3%of frequent riders chose the shortest path, higher than
other passengers (73.7%). In Figure 11(b), 63.0% of frequent riders chose the shortest
path, higher than other passengers (54.6%).

(3) Passengers have very complicated reasons for making path choices. For example,
more than half of the passengers who traveled from XS to BJXZ chose ④→⑨,
although this path had more stops and a longer average riding time compared to the
other path. One possible reason for this is the transfer station GJTSG at ④→⑨,
which is the departure station of Line 9 and passengers are more likely to have seats.

(4) The path chosen by round-trip passengers of the same OD pair also varies with a
variety of reasons. For example, during peak hours, 24.1% of passengers from CWM
to CGZX chose path ⑤→⑥, while 43.8% of the passengers from CGZX to CWM
chose path ⑥→⑤. We know that whether from CWM to CGZX or from CGZX to
CWM, the number of stops does not change, and it would not be crowded during off-
peak hours. It is obviously difficult to accurately estimate the choice proportion with
the traditional route choice model, because its parameters do not change, and the
estimated choice proportion does not change either.

(5) Due to the difference in individual walking time and the randomness of waiting time
(especially the transfer waiting time), the riding time of different paths between the
same OD pair overlaps to a large extent. For example, for passengers riding from CSS
to XD, although the average riding time for path⑥→④ is 2 minutes and 39 seconds
longer than that for path ⑩→① during off-peak hours, there are still many
passengers riding by path ⑥→④ who spend less time than path ⑩→①. This is
because sometimes a passenger who chooses path ⑩→① may have to wait longer
for both Line 10 and Line 1.

Table 7 shows detailed data on the riding path choices of frequent and non-frequent riders for
each period.

5. Discussions
In previous studies, the focus has been more on the possibility of passengers choosing
different paths to derive the overall passenger flow distribution, which plays an important
role in metro network planning, schedule optimization and passenger flow diversion when
needed.With the advancement of data collection, storage and analysis technologies, tools and
methods have made uncovering individual riding paths possible in metro systems. For
example, many scholars have mademany attempts to identify individual riding paths, e.g. no
left behind (Zhou, Shi, and Xu, 2015; Li, Luo, Cai, & Zhang, 2018) and stable left behind (Zhou
and Xu, 2012; Zhao, Qu, Zhang, Xu, & Liu, 2017, Zhao et al., 2017; Zhu et al., 2021). However,
the results from those attempts are not practically applicable for implementation in practice.
According to our statistics, less than 1.78% of passengers in this study may have the
behavior of waiting for friends, going to the bathroom etc. Hence, assumptions in this study
were practically rational. More convincingly, we proposed the witness voting method. Note
that if some witnesses did not comply with our assumptions during their trips, their votes
would be overwhelmed by the other majority of witnesses.

Different from other methods whose accuracy decreases as the metro network becomes
complex, this method has more obvious advantages in complex network. Since it requires
witnesses to be found at all phases of a journey, themore transfers there are, the less likely it is
to form a valid trip chain on the wrong path.

Since witnesses play a key role in the method, the method may fail when there is no
witness at a certain phase of the passenger journey. This situationmainly occurs in suburban
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stations with little passenger flow. Virtual witnesses can be introduced to solve this problem
in the subsequent research.

This study has resulted in an important finding for the Beijing Metro system. Frequent
riders like commuters are better at choosing paths. Although the finding seems proving just
common sense, this study enables an approach to uncovering quantified trip information
with a high degree of certainty. Based on the finding of the path choices of frequent riders,
thus specific while optimal paths can be recommended to other passengers. For individual
passengers, if they do not know in advance what the waiting time will be, we can recommend
optimal paths to them based on train schedules at time when they ride on the Beijing Metro
system. In addition, when metro operation managers grasp the temporal and spatial
distribution of passenger flow more accurately, they could prevent risks in areas with
concentrated passenger flow in advance.

6. Conclusions
We proposed a heuristic witness voting method by leveraging limited deterministic
information on passengers’ path choices to corroborate other uncertain information on their
riding paths. By introducing the concept of witnesses, the path recoverymethod under simple
rules that adapts to the complex metro networks is established. Passengers with the
determinate path that a target passenger may encounter during the riding process are
considered as witnesses; if witnesses at each phase of path cannot form a continuous and
valid trip chain, it cannot be the target passenger’s actual riding path, thus greatly reducing
the number of possible paths. A voting mechanism was introduced to infer the most-likely
riding path of the target passenger when there were multiple possible paths.

Since frequent riders like commuters are better at choosing paths based on our results, we
can recommend better paths for other passengers by referring to the path choosing behaviors
of frequent riders. Next, we can further combine individual passenger’s walking speed if data
becomes available and train schedules to recommend the path with the least possible riding
time for him/her. Our future studies will also explore the implementation of these guidance
strategies and an approach to quantifying the improved service quality and economic
outcomes if fully implemented in real life.
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