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Abstract: With the rapid growth in transport demand, it has become a frequent occurrence that passengers are left behind especially during peak hours in subway, which has led to a significant 
reduction in the level of service. In this paper, we propose a left behind passengers identifying method based on Automatic Fare Collection (AFC) and Automated Vehicle Location (AVL) data. 
Firstly, we choose the passengers with the limited deterministic information as the research objects; secondly, we propose a classification-based method for identifying left behind passengers 
by the probabilistic model; next, the accuracy and effectiveness of the proposed method is verified by the simulation experiment and the case of Beijing Subway. Ultimately, the proposed 
method will support research related to the operation, management and future development of subways. 
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1 INTRODUCTION 
 

Subway systems have been well recognized as an 
effective, efficient, and sustainable transportation 
infrastructure in cities. In some megacities, subway systems 
can provide daily travel services for millions of passengers 
every day. There is a tidal wave phenomenon in passenger 
travel demand, with large concentrations of passengers during 
the morning and evening peak hours, which leads to 
overloading of the subway system. Even with minimum 
headway intervals, there are still passengers who actively or 
passively choose the next train (i.e. left behind) due to train 
capacity constraints or because they cannot tolerate the level 
of crowding in the carriages. It leads to higher journey times 
and reduces journey time reliability [1], which can have a 
significant impact on passenger satisfaction. Left behinds due 
to overcrowding has become a major concern for many 
subway operators [2-3]. To better deal with the increasing 
demand, operators are interested in better understanding the 
performance of the system and developing strategies to 
improve capacity utilization [4], such as accelerating 
frequency of departures, operating express trains and so on. 

Identifying left behinds through manual surveys is time 
consuming and labor-intensive. As a result, it is difficult for 
operators to understand the performance of the system in real 
time. The availability of Automated Fare Collection (AFC) 
and Automated Vehicle Location (AVL) data affords the 
opportunity to monitor system operations and facilitate the 
development of relevant metrics to measure passenger 
experience. In recent years, it has been quickly adopted in the 
research of subway networks. For example, route choices can 
be approximately predicted [5], operation schedules can be 
optimized [6], the relationship between urban spatial layouts 
and passenger flows has been analyzed [7], and Close Contact 
passengers have been identified [8]. In general, AFC data can 
be fully leveraged in research as the data reflects the time and 
space information of every passenger entering and exiting a 
rapid transit system. 

Zhao et al. [5] calculated the number of trains that a 
passenger waited for at his/her original station using 
maximum likelihood estimation based on AFC data. Zhu et al. 
[4] proposed a probability distribution model for the number 
of left behind passengers under congested conditions. 
Maximum likelihood estimation (MLE) and Bayesian 
estimation are used to estimate the probability function of 
stay-over based on a particular time period and station. Chen 

et al. [9] proposed an estimation method of the delayed-
boarding probability distribution which was constructed by 
analyzing the relationship among passenger tap-in and tap-out 
time, access and egress time and the number of delayed-
boarding times. Maximum likelihood estimation was used in 
the estimation of the distribution. They all assume that the 
probability of the number of trains needed to be waited for is 
stable in same time slot, but it does not correspond to the 
reality of the situation when there are inter-zone trains or 
express trains. Miller et al. [10] introduced the concept of 
cumulative capacity shortage (CCS) and proposed a bi-level 
regression model that transit agencies can use to estimate the 
number of passengers left behind on a platform by high-
frequency trains operating at capacity. Sipetas et al. [11] 
developed the model to use emerging technologies for 
estimating the number of left behind passengers by processing 
video feeds from surveillance cameras in transit stations. They 
required an important data source, and that was passenger 
flow. These studies used the origin–destination–transfer 
inference model, which has some known drawbacks given 
existing limitations. It means that the above methods have 
certain limitations in application. 

The objective of this paper is to propose an efficient 
method to identify left behind passengers from AFC and AVL 
data. The output of the model supports various applications: 
1. Monitoring system operations and developing strategies to 
improve capacity utilization. 
2. Developing performance metrics from the passenger's point 
of view and improving passenger satisfaction indicators. 
3. Providing important input to some path choice estimation 
models, such as the left behind probabilities. It can also be 
used to analyze train-loading and crowding levels [12]. 

The remaining paper sections are organized as follows. 
Section 2 describes the problems studied in this paper. Section 
3 proposes a probabilistic model to identify the left behind 
passengers. Section 4 verifies the accuracy of the method and 
discusses its practical application. Lastly, Section 5 concludes 
the paper. 
 
2 PROBLEM DESCRIPTION 
 

The AFC system usually records the transaction 
information of every trip across the rail network, such as 
the date, time, and stations where passengers enter and exit. 
AFC data also include ticket information, such as ticket 
numbers, ticket types, and fares associated with every trip 
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information. Taking Beijing Subway as an example, the 
types of information in its AFC data include card ID, 
boarding time, boarding station, alighting time, alighting 
station, card type, reconciliation date, settlement date, 
automatic fare gate ID, payment value, and operating 
company. A sample of the key information of Beijing 
Subway is shown in Tab. 1. 

The AFC system does not directly show the number of 
trains passengers actually took, so we do not know if 
passengers are left behind. We assume that a passenger 
enters at time tin and exits at time tout as Fig. 1 shows. 
Access time is defined as the time for the passenger to walk 
from the entry gate to the platform, waiting time is the time 
waiting on the platform, and egress time is the time to walk 
to the exit fare gate after alighting. In Fig. 1, train 1 could 
not meet the passenger's entry time, and train 4 could not 
meet the passenger's exit time. The passenger may board 
train 2 or train 3. 
 

Table 1 AFC data key information of the Beijing subway 
Name Description Sample 

Encrypted Card 
ID 

Encrypted card serial number 70*** 

Boarding time 
Boarding time 

(year/month/day/hour/minute/second) 
20180326 
18:14:00 

Boarding station 
ID 

Identification details of the boarding 
station 

150*** 

Alighting time Card tag time of alighting 
20180326 
18:54:27 

Alighting station 
ID 

Identification details of alighting 
station 

150*** 

Type of card 
Ordinary card, senior card, student 

card, one-way ticket, etc. 
Ordinary 

card 
Reconciliation 

date 
Time for reconciliation of accounts 

20180326 
00:00:00 

Settlement date 
Time for clearing currency receipts 

and payments 
20180326
00:00:00 

Automatic fare 
gate ID 

The number assigned to every 
automatic fare gate 

52*** 

Payment value Deduction amount ** 
Operating 
company 

The number assigned to every 
operating company 

** 

 

 
Figure 1 Time-space diagram for a journey without transfer 

 
In this paper, we need to find out the train number that 

passengers took actually, so as to infer whether they were 
left behind. 
 
3 METHOD 
 

According to the statistics from existing research, there 
are a large number of passengers without transfer who have 

only one feasible path [13]. These passengers are defined 
as reference passengers, as a basis for estimating the 
distribution of access time and egress time [14], or 
inferring other passengers' travel paths [15]. Clearly, those 
trips are representative enough. We can take these 
passengers as a sample to infer the proportion of left behind 
passengers. 
 
3.1 Definitions and Notations 
 

In this section, we give some definitions and notations 
used in this paper, as listed in Tab. 2. 
 

Table 2 Notations in this paper 
Symbols Description 

O The origin station. 
D The destination station. 
in
it  The tap-in time of passenger i. 

out 
it  The tap-out time of passenger i. 

(0)
id  The departure time of the previous train of train1. 

(1)
id  The departure time of train1. 

(1)
ia  The arrival time of train1. 

(2)
ia  The arrival time of the next train of train1. 

a
iT  The access time of passenger i. 

w
iT  The waiting time of passenger i. 

e
iT  The egress time of passenger i. 

OA  The set of the access time plus waiting time at station O. 

DE  The set of the egress time at station D. 
min

OT  The minimum access time at station O. 

min
DT  The minimum egress time at station D. 

iF  The departure interval when passenger i tapped-in. 

 
3.2 Minimum Access and Egress Time 
 

When there is only one train that satisfies the 
passenger's tap-in and tap-out time, the passenger must 
take the train. Suppose passenger i  entered station O  at 

time in
it  and exited station D  at time out 

it . If we can find 

train1 that satisfies Eq. (1), then train1 is the only feasible 
train taken by passenger i . 
 

(0) in

(2) out 

i i

i i

d t

a t

 



                                                                        (1) 

 

where (0)
id  is the departure time of the previous train of 

train1, and (2)
ia  is the arrival time of the next train of 

train1. 
Then, we can get the access time, waiting time, and 

egress time of passenger i  from Eq. (2). 
 

a w (1) in

e out (1)

i i i i

i i i

T T d t

T t a

   


 
                                                         (2) 

 

where a
iT  is the access time of passenger i , w

iT  is the 

waiting time of passenger i , (1)
id  is the departure time of 
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train1, e
iT  is the egress time of passenger i , and (1)

ia  is 

the arrival time of train1. 
Suppose OA  is the set of the access time plus waiting 

time at station O  from the passengers who have the only 
one feasible train, DE  is the set of the egress time at station 

D  from these passengers. When the sum of a
iT  and w

iT  

is minimized, w
iT  can be considered equal to zero. The 

minimum access time min
OT  at the station O  is equal to 

 min OA , and the minimum egress time min
DT  at the 

station D  is equal to  min DE . 

The access and egress time distributions can be 
estimated from manual surveys conducted at stations or 
using AFC and AVL data [16]. 

In general, the access time follows a normal 
distribution [9]. The probability density function of the 
access time is 
 

2( )
22

a
1

( ) e
2π

t

f t










                                                          (3) 

 
In previous studies, the egress time follows a normal 

distribution [9] or Frechet distribution [15]. After 
investigating the actual data, we fit it with normal 
distribution, Frechet distribution, Extreme maximum 
distribution and Extreme minimum distribution 
respectively. The result shows that there is a significant 
difference in the egress behavior of passengers during peak 
hours and off-peak hours. In peak hours, the egress time 
follows an Extreme maximum distribution, while it follows 
a minimum value distribution in off-peak hours, as shown 
in Fig. 2 and Fig. 3. The probability density function of the 
egress time distribution is 
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Figure 2 Distribution of the egress time during peak hours 

 
Figure 3 Distribution of the egress time during off-peak hours 

 
3.3 Left Behind Probability Estimation 
 

There are three kinds of different passengers, including 
passengers without left behind definitely, passengers with 
a unique itinerary, and passengers with indefinite 
itineraries. Hence different left behind probability models 
are established. 
 
3.3.1 Passengers Without Left Behind Definitely 
 

When there is only one train that satisfies the 
passenger's tap-in/out time and the minimum access/egress 
time, the passenger must take the train without left behind 
(i.e., if we can find train1 that satisfies Eq. (5), then train1 
is the only feasible train taken by passenger i  without left 
behind). 
 

(0) in min

(2) out min

i i O

i i D

d t T

a t T

  


 

                                                                 (5) 

 
3.3.2 Passengers with a Unique Itinerary 
 

We assume that passengers will exit the station as soon 
as possible after getting off the train. In actual situations, 
some passengers may wait for their friends or go to the 
bathroom, they will not leave the station right away. 
According to statistics, the proportion of these passengers 
is less than 1.78%. Therefore, we believe that the error 
caused by this assumption is acceptable. 

Passengers exit the station like a tide, as shown in Fig. 
4. When the departure interval is greater than the 
confidence interval of the departure time distribution, the 
tap-out time of passengers from different trains does not 
overlap, and we can easily infer the train that a passenger 
got off (flagged as train1).  

The previous train of train1 is train0. If
(0) in min
i i Od t T  , we cannot confirm whether train0 had 

already departed when passengers arrived at the platform 
of original station. Let 1c  mean that train0 had already 

departed and 2c  that train0 had not departed. Then, the 

number of trains a passenger was left behind is  
 

 
 

(0) in min
1

(0) in min
2

INT / , if  is ture 

INT / 1, if  is ture 

i i O i

i

i i O i

d t T F c
N

d t T F c

      
     

             (6) 

 
where iN  is the number of trains passenger i  was left 

behind. 
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Figure 4 Tap-out time distribution of passengers at Haidian Wuluju Station during off-peak hours (departure interval is 6 minutes) 

 
The probability of passenger i  arriving at the origin 

station platform after the departures of train0 (i.e. 1c ) is 

 

   
(0) in

in a (0)
1 amin1 ( )

d ti i
i i i i i TO

P c P t T d f t


                      (7) 

 
The probability of passenger i  arriving at the origin 

station platform before the departures of train0 (i.e. 2c ) is 

 

   
(0) in

in a (0)
2 amin ( )

d ti i
i i i i i TO

P c P t T d f t


                        (8) 

3.3.3 Passengers with Indefinite Itineraries 
 

When the departure interval is less than the confidence 
interval of the departure time distribution, the tap-out time 
of passengers from different trains overlaps, as shown in 
Fig. 5. In the overlap, we cannot confirm whether the 
passengers in the overlap were from train1 with a longer 
egress time or from train2 with a shorter egress time. If 

(0) in min
i i Od t T  , we also cannot confirm whether train0 

had already departed when passengers arrived at the 
platform of original station. 

 

 
Figure 5 Tap-out time distribution of passengers at Haidian Wuluju Station during peak hours (departure interval is 2 minutes and 30 seconds) 

 
There are four classes of passengers with indefinite 

itinerary: 

1C  - train0 had already departed when the passenger 

arrived at the platform of original station and the passenger 
took train1. 

2C - train0 had not departed when the passenger 

arrived at the platform of original station and the passenger 
took train1. 

3C  - train0 had already departed when the passenger 

arrived at the platform of original station and the passenger 
took train2. 

4C  - train0 had not departed when the passenger 

arrived at the platform of original station and the passnger 
took train2. 

Then, the number of trains a passenger was left behind 
is. 
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3
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    (9) 

Suppose (train1)iP is the probability of passenger i  

taking train1 and (train 2)iP is the probability of passenger 

i  taking train2. 
The probability of 1C  for passenger i  is: 

 

   
 

   

in a (0)
1

out (1)
(0) in e

amin out (1) out (2)
0

e e
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T
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P C P t T d P
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f t
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The probability of 2C  for passenger i  is: 
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The probability of 3C  for passenger i  is: 
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3
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The probability of 4C  for passenger i  is 

 

   
 

   

in a (0)
4

out (2)
e

out (1) out (2)
e e

(0) in
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(train 2)
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i i
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   (13) 

 
4 CASE STUDY 
4.1 Model Verification 
 

A simulation experiment is used to verify the accuracy 
of the proposed method. Suppose there is a line in a 
ongested subway system (as shown in Fig. 6), 1000 
passengers entered Station 2 in 30 minutes. Their tap-in 
time follows a uniform distribution while their access time 
and egress time follow a normal distribution and an 

extreme maximum distribution respectively. 
Since Station 2 is not an origin station, the train already 

has passengers on board when it arrives. Suppose each train 
has an available capacity of 30-120 passengers randomly 
and the departure interval is 2 minutes. A first come first 
served discipline is used to load passengers onto trains with 
available capacity. 
 

 
Figure 6 Network for simulation experiment 

 
According to the simulated results (see Tab. 3), there 

were 428 left behind passengers (including 6 passengers 
being left behind 2 times) and 578 passengers without left 
behind.

 
Table 3 Simulated results 

The train 
number 

The available capacity of 
the train 

The number of passengers arriving at 
the platform 

The number of passengers without 
left behind 

The number of left behind 
passengers 

1 81 70 70 0 
2 39 74 39 35 
3 51 66 16 50 
4 103 65 53 12 
5 49 66 37 29 
6 88 67 59 8 
7 31 57 23 34 
8 91 71 57 14 
9 68 77 54 23 
10 47 56 24 32 
11 47 77 15 62 
12 56 55 0 61 
13 88 53 27 26 
14 116 66 66 0 
15 38 80 38 42 

Total 993 1000 578 428 

The proposed method was used to identify the left 
behind passengers based on the synthetic tap-in and tap-out 
time. The results show that 573 passengers were without 
left behind while 433 passengers were left behind 
(including 6 passengers being left behind 2 times). The 
Pearson correlation coefficient (r) between the estimated 
and simulated values was 0.998, the mean absolute error 
(MAE) was 0.733, the mean squared error (MSE) was 
1.000, and the root mean squared error (RMSE) was 1.000 
(see Fig. 7). The estimated values closely approximate the 
simulated values, which reflected the accuracy and 
effectiveness of the method. 
 

 
Figure 7 Comparison between simulated and estimated values 

4.2 Application Case 
 

Beijing Subway is used as an application case study in 
this research. At the end of 2021, Beijing Subway network 
consisted of 459 stations including 72 transfer stations and 
27 lines with a total rail length of 783 km, becoming a 
veritable complex network system. The passengers who 
entered Chegongz Huang West Station on March 26 - 29. 
2018 were analyzed. 
 

 
Figure 8 Number of left behind passengers at Chegongzhuang West Station (upward 

direction) 
 
After calculation, in the upward direction of 

Chegongzhuang West Station, 261 of the 12287 passengers 
(2.1%) were left behind on March 26 - 29. 2018. This event 
occurred mainly in the morning and evening peak hours. 
There were 74 left behind passengers in the morning peak 
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hours (7 am - 10 am) with a percentage of 2.3%, and 136 
left behind passengers in the evening peak hours                     
(5 pm - 8 pm) with a percentage of 2.7% (see Fig. 8). The 
higher percentage of passengers who were left behind 

during the evening peak hours may be because morning 
passengers do not want to be late and thus try to get on 
crowded trains, while they may choose less crowded trains 
after a busy day. 

 

 
Figure 9 Number of consecutive trains a passenger was left behind at Chegongz huang West Station (upward direction) 

 
Among the left behind passengers, 63 passengers were 

left behind on 2 consecutive trains, and 5 passengers were 
left behind on 3 consecutive trains (see Fig. 9). During the 
peak hours, 60 passengers were left behind on 2 
consecutive trains with a percentage of 95.2% (31.7% were 
during the morning peak hours and 63.5% were during the 
evening peak hours). All cases of a passenger being left 
behind on 3 trains occurred during the peak hours. The 
results are consistent with the general cognition. 
 
5 CONCLUSIONS 
 

This paper proposed an efficient method to identify left 
behind passengers at subway stations using AFC and AVL 
data. Specifically, we developed such a method to infer the 
left behind probability of passengers without transfer. We 
divided these passengers into three categories: (1) 
passengers without left behind definitely; (2) passengers 
with a unique itinerary; (3) passengers with indefinite 
itineraries. The probabilistic model was used to infer the 
probability of passengers being left behind. The simulation 
experiment demonstrated that the estimated values closely 
approximate the simulated values. 

In the coming research, we will apply the method to 
large-scale networks in different cities to further test its 
applicability. 
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