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ABSTRACT  
This study proposes a framework to estimate alighting locations 
from Smart Card Data (SCD) that are absent information on entry- 
only public transport systems such as buses and trams. The 
proposed method uses the characteristics of SCD to (i) determine 
boarding locations from SCD and GPS-bus data based on exact 
match and time windows using common attributes, (ii) infer 
individuals’ home locations and user types from multimodal SCD, 
(iii) estimate alighting locations using inferred information with 
different scenarios such as with and without home locations 
based on the type of users. Reliable results are obtained once 
home locations are identified with high confidence for all user 
types. The proposed framework is applied to Shenzhen, China as 
a case study to validate the proposed model’s effectiveness. The 
study offers valuable insight into aligning location estimation 
from user types to optimise the quality of public transport 
planning and services.
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1. Introduction

Automated fare collection systems (AFCs) offer a valuable source of information for 
planning transport services and facilities in urban environments (Anda, Erath, and 
Fourie 2017). AFCs collect users` travel information through smart cards (SC) in two 
systems (Hussain, Bhaskar, and Chung 2021). The first is entry-exit systems, which 
collect the tap-in and out information from passengers at boarding and alighting 
stops. In this system, the travel fare depends on the distance, such as in Queensland, Aus-
tralia (Alsger et al., 2016b) and Seoul, Korea (Lee et al. 2021). The second is entry-only 
systems, where users must only tap in once when entering the transport system. Such 
systems are generally preferred in flat-fare systems, where the fare is independent of 
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the journey’s distance, for instance, in New York (Barry, Freimer, and Slavin 2009) and 
Chicago (Zhao, Rahbee, and Wilson 2007) in the USA, or Guangzhou (Yu and He 2017) 
and Shenzhen (Yan, Yang, and Ukkusuri 2019) in China. While entry-exit systems 
produce accurate spatiotemporal information on boarding and alighting locations, 
entry-only systems do not record alighting locations, which restricts distinguishing 
travel time, transfer time and time spent between two consecutive journeys. That 
causes severe problems in trip chaining/travel behaviour methodology to understand 
current and future demand, including service facilities in public transport networks 
(Anda, Erath, and Fourie 2017; Hussain, Bhaskar, and Chung 2021).

Heuristic and Machine Learning are two main approaches for estimating passengers’ 
alighting locations from public transport networks. The heuristic (rule-based) approach 
uses a set of rules/algorithms known as the trip chaining model to identify alighting 
locations from SCD. The model relies on two main assumptions: (i) The destination 
of the current trip is the same as the origin of the next trip if the passenger has more 
than a single trip per day (Barry et al. 2002), and (ii) The passenger’s last trip’s destination 
is the same as the origin of the first trip on a relevant day (Barry et al. 2002) or the origin 
of the first trip on the next day (Munizagaa and Palma 2012). The heuristic method later 
on incorporates the idea of walking distance in the trip-chaining methodology (Zhao, 
Rahbee, and Wilson 2007; Hofmann and Mahony 2005; Trépanier, Tranchant, and Cha-
pleau 2007; Wang, Attanucci, and Wilson 2011; Alsger et al. 2018) and transfer time 
(Zhao et al.; Nassir et al. 2011; Ma et al. 2013; Alsger 2016a; Sari Aslam et al. 2020) to 
improve alighting location estimation (Cerqueira, Arsenio, and Henriques 2023), 
except using home locations from smart card data. Even though the rule-based approach 
is widely used in literature due to the unavailability of survey data, the Machine Learning 
(ML) approach is also applied without relying on predetermined equations or rules. Jung 
and Sohn (2017a) estimated the destination of bus journeys combining entry-only SCD 
and land use characteristics using a deep learning model for Seoul, Korea. Yan, Yang, and 
Ukkusuri (2019) proposed a two-step algorithm to determine boarding stops and esti-
mate alighting stops for bus systems in Shenzhen, China. Assemi et al. (2020) estimated 
alighting stops inference accuracy using the characteristics of SCD with Artificial Neural 
Networks (ANN). Although the ML approach allows the estimation of alighting locations 
with high accuracy, the method requires model training from travel surveys, which are 
unavailable for many cities – particularly those in the Global South (Ordóñez Medina 
2018; Yang et al. 2019).

Recent studies highlight the importance of user types for travel behaviour and activity 
patterns (Goulet-Langlois, Koutsopoulos, and Zhao 2016). Identifying user types with 
alighting location estimation from SCD benefits planning of transport services delivered 
by public agencies, such as planning bus locations and the optimisation of public transit 
timetables to a wide range of user types (He, Trépanier, and Agard 2021). While user 
types, as a card type, sometimes exist from SCD (Munizaga and Palma 2012; Tao, 
Rohde, and Corcoran 2014; Chen and Fan 2018), some studies need to extract this infor-
mation to analyse alighting location estimation. A particular focus has been on analysing 
mobility patterns distinguishing regular (Hasan et al. 2013) and irregular users (Yang 
et al. 2019) as the basis for estimating travellers’ upcoming movements from SCD. 
Despite a body of literature on the travel behaviour of other user types (Ghaemi et al. 
2017; He, Trépanier, and Agard 2021; Hussain, Bhaskar, and Chung 2021), those with 
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disabilities, students (Cong, Gao, and Juan 2019) and older adults/special users, to the 
best of our knowledge, has not widely been included into approaches for alighting esti-
mation from SCD.

This study proposes a framework to estimate alighting locations using the heuristic 
approach with additional information extracted from SCD, i.e. individuals’ home locations 
and user types such as adults (below 60 years old), students (between the ages of 6 and 14 
and full-time students), and older adults/special users (above 60 years old adults and users 
with valid certificates to have fully discounted journeys such as disable users, etc.) Deter-
mining boarding locations by combining SCD-bus with bus-GPS data, the framework esti-
mates alighting locations from multimodal SCD (subway and bus).

The contributions of the study are summarised as follows: 

. The proposed methodology provides an enhancement for alighting location esti-
mation using extracted information from smart card data, such as individuals’ 
home locations and user types as an alternative to the conventional travel surveys.

. The alighting location algorithm demonstrates how users’ home location estimations 
with high confidence are beneficial in estimating individuals’ last locations in travel 
behaviour research.

. An empirical study using Shenzhen SCD (subway and bus) and GPS-bus data validates 
the proposed model’s effectiveness while highlighting the current challenges and limit-
ations in determining boarding and alighting locations in the study area.

. The last location estimation with user types (adults, students and older adults/special 
users) has the potential to open new revenues to plan bus stop locations and the ame-
nities around the bus stop locations for public transport planning.

The next section of the study presents the research framework and methods proposed 
for this study. Then, the results are presented as a case study in Shenzhen, China, in 
Section 3. The challenges and limitations of the study are discussed in Section 4. 
Finally, Section 5 concludes the findings and future directions of the study.

2. Data and method

2.1. Study area and data

Shenzhen is a fast-growing region in China known for its financial services and high-tech 
industries. The study area covers 2000km2and houses a population of about 17 million 
today.

Shenzhen’s transport system in 2014, when the dataset used for this study was col-
lected, was five lines and 118 stations with a volume exceeding 3.94 million passengers 
on its busiest day (Yang et al. 2019). Bus and subway trips accounted for 89% of total 
passenger trips, a considerable proportion of daily trips in the study area. Besides, Shenz-
hen had a flat-fare system, and the fare was independent of the journey’s distance.

Two data types are available for the study: Smart Card, which contains data on 
subway/train and bus journeys, and GPS dataset on buses. These are detailed below.

The Shenzhen SCD covers the period from 9 June 2014–13 June 2014 (Monday to 
Friday). The SCD contains 36,786,796 journey records with 4,172,621 individuals 
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(anonymised). The modes of public transport are under two categories, such as subway 
and bus, consisting of 29,37% and 54,97% of the total journeys in the period, respectively. 
In addition, the dataset contains combined trains and bus journeys, constituting more 
than 15% of the total journeys. The attributes of SCD-bus include user ID, time 
stamps, bus plate number, bus route number, direction (up-down), the start time of 
the trips/journeys, the amount of money available and the amount of money left after 
travel in each card.

The GPS-bus data was used as an additional source to investigate bus journeys in con-
junction with SCD. The data, which covers the same period (9 June 2014–13 June 2014), 
consists of individual bus trajectories and includes bus plate number, bus line (route) 
number, the coordinates of bus locations, and time stamp. A total of 151,631,764 GPS 
records are included in this dataset.

2.2. Method

The proposed methodological framework consists of six steps from multimodal transport 
data illustrated in Figure 1. The method starts with data cleaning to improve the data 
quality and accuracy of the estimated values from SCD while reducing the noise from 
unprocessed SCD (Dacheng et al. 2018). It removes duplicates and incomplete records 
(such as missing information regarding boarding/alighting time or stations, missing 
user IDs, etc.) from both datasets, i.e. SCD and GPS-bus. In addition, single trips (per 
day) are excluded from the SCD since they need to provide more information for indi-
viduals to estimate destination information in public transport systems. (Alsger 2016a; 
Gordon et al. 2013; Hora et al. 2017; Jung and Sohn 2017a; Kumar, Khani, and He 
2018; Ma et al. 2013; Munizagaa and Palma 2012; Munizaga et al. 2014; Nunes, Dias, 
and Cunha 2015; Trépanier and Chapleau 2006). Note that the same individuals’ rest 
of the trips are still used for the following analysis.

The second step focuses on determining boarding locations from SCD with the help of 
GPS-bus data required for only-entry systems when boarding location (Farzin 2008; 
Gordon et al. 2013; Wang, Attanucci, and Wilson 2011) or boarding location and time 
(Lahat, Adali, and Jutten 2015) are unavailable. In addition, often, there are no reliable 
timetables for bus lines, as it is the case for Shenzhen (Yan, Yang, and Ukkusuri 
2019). Therefore, there is a need to infer the required information by fusing SCD with 
other data sources, such as bus line data (Barry, Freimer, and Slavin 2009; Liu, Tan, 
and Liu 2020) or GPS-bus data (Chen and Wang 2013; Huang et al. 2020).

In this study, SCD-bus boarding stations are determined using bus-GPS data as 
follows: (i) common attributes from SCD and GPS-bus data (date, bus plate number, 
route number, and start time of the trips with bus-GPS records) are matched. In practice, 
the exact match using common attributes between bus-SCD and bus-GPS data cannot 
always be captured due to mismatches in the time stamps on the two datasets or 
missing records from bus-GPS data. (ii) The start time of the bus journey from SCD is 
further used with the initiating of time windows. Time windows, such as + windows 
(adding minutes) and – windows (subtracting minutes) from bus-SCD, were adopted, 
incrementally increasing and decreasing values of the start time of bus journeys for a 
higher match rate between the two datasets. For instance, the start time of the bus 
journey in the SCD is 8:00 am, yet the time values from GPS-bus data are 7:58 am 
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and 8:06 am. The time windows are created from + minutes and  – minutes of the start 
time of bus journeys, and 7:58 am is used from bus GPS data to identify the closest point 
to the boarding location from SCD. This is because GPS records can have inaccuracies 
ranging from 10 to 100 metres (Huang et al. 2020), hence using + and – windows 
allows for improving match rates displayed in Figure 2.

After determining boarding bus locations using bus-GPS data, user types were 
extracted from the SCD in step 3 using the payment policy given by Shenzhen Transport 
(Shenzhen Metro Group Co 2022). In this step, three types of information on fare 
arrangements, such as the amount of money in each card per individual (Tmoney), the 
amount of money remained in the card after travel (Tdeal) and the mode of transport 
on public transport, are used for classifying user types for alighting location estimation 
from SCD. After calculating how much each user paid for a trip (TPaid) based on the 
mode of transport, the discount rate (D) is calculated as the proportion of paid trips 
(TPaid) to the full cost of the same trips (TCost). The details of the payment policy for 

Figure 1. The workflow of the framework.
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the case study are given in Section 3.1.

TPaid = (Tmoney − Tdeal) (1) 

D =
TPaid

TCost

 

∗100 (2) 

The estimation of the alighting stations is based on the assumptions from the literature: 
the passengers’ last trip destination is the same as the origin of the first trip on a relevant 
day from the entry-exit systems (Barry et al. 2002) or the origin of the first trip on the 
next day from only-entry systems (Munizagaa and Palma 2012). This assumption was 
complemented with walking distance parameters to estimate the last locations (Zou 
et al. 2016; Alsger et al. 2018; Yan, Yang, and Ukkusuri 2019). Based on those assump-
tions, in step 4 of this study, the home station locations per individual are extracted. It’s 
important to note that this is a limitation set by the SCD, which only permits home 
locations to be represented at the station level. The first journey’s origin is picked with 
the first journey’s origin on the next day. If both stations are the same, selected stations 
are further analysed using frequency parameters. If both stations differ, nearby stations 
are determined using walking distance first (less or equal to 1000 m  – (following Yan, 
Yang, and Ukkusuri 2019), then the stations that are deemed frequent (i.e. reached the 
frequency parameter) are inferred as a home location for that user (following Sari 
Aslam, Cheng, and Cheshire 2019). In this case, even if passengers’ last location infor-
mation is unavailable, knowing the home station location determines the last location 
information in nearby areas with frequency parameters. The home will be referred to 
as home location in the remaining of the paper.

Figure 2. The flowchart of boarding location determination using time windows.
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The next step focuses on alighting location estimation, illustrated in Figure 3. After 
selecting individuals, the bus journey for the first day is selected as a current journey 
and checked against the next bus journey. If the next bus journey is available, it 
assumes that the current journey’s end location is the same as the next journey’s start 
location (Barry et al. 2002). If the next journey is unavailable, the current journey is 
assumed to be the last journey for the day. The last journey is dealt with in three 
stages in Figure 3. These are Stage 1  – If home location is available, the home location 
is assigned as the individual’s last-day location. This is important because inferred indi-
viduals’ home locations are added to the richness of the input data. Stage 2  – If the user’s 
last location for the day is still unavailable, the bus route number for the last and first 
journeys is checked. If the bus route numbers match and the journeys are in opposite 
directions (up-down), the current journey’s end station is assigned as the first journey’s 
start location (Nassir et al. 2011). By including the information on bus route numbers 
and directions, this stage further fills the data gaps that were not addressed in Stage 
1. Stage 3  – Otherwise, the current journey’s end location is assigned to the first journey’s 
start location in Stage 3 (Barry et al. 2002). Once the destination of the last journey is 
defined, the algorithm checks the next bus journey during the day and other days for 
the same individuals and the rest of the users in the dataset.

Although alighting locations are estimated from the individuals’ daily journey patterns 
once the start and end locations are the same or are near each other (Trépanier and Cha-
pleau 2006; Wang, Attanucci, and Wilson 2011; Gordon 2012; Alsger et al., 2016b; 
Nunes, Dias, and Cunha 2015; Yan, Yang, and Ukkusuri 2019), an additional assumption 
for the last location estimation, i.e. Stage 1, which applies to individuals for which the 
home locations are identified using additional frequency parameter, is compared to 
the assumptions without home locations, i.e. Stage 2 and Stage 3 in this study.

Figure 3. The flowchart of the alighting location estimation algorithm (ALEA). The last location esti-
mation is illustrated under Stage 1 (with home locations), Stage 2 and Stage 3 (without home 
locations).
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The last step evaluates the assumptions using available destination locations from 
subway journeys due to the unavailability of ground truth data. The accuracy of the 
algorithm applied to the data in Stage 1 with home locations is compared to the accu-
racy of the algorithm based on data that does not include the home location in Stage 3 
(baseline assumption proposed by Barry et al. (2002)). Besides, different frequency par-
ameters are employed to provide the required confidence level with/without home 
locations.

3. Results

Data cleaning, such as removing duplicates and missing values, is summarised in Figure 4
for both SC and GPS-bus datasets. While journey counts decreased during the removal of 
duplicates, the number of unique users remained unchanged in SCD. After excluding 
missing information, nearly 77% and 89% of data are left in the SCD and bus-GPS 
data, respectively. The data cleaning process excludes single trips that is 2,464,142 of 
journey records (8.76%) and 809,258 of the individuals (19.39%) from SCD. Note that, 
the remaining trips for the same individuals were kept and used for the analysis. At 
the end of the data cleaning process, 25,677,544 journeys (69% of the journeys), 
3,353,116 individuals (80% of the individuals’ data) from SCD and 136,154,881 
records (89% of the total) from bus-GPS data were available for the analysis.

To estimate alighting time and locations for entry-only systems, determining bus 
boarding locations is an essential step for trip chaining methodology. 15,406,526 bus- 
SCD from 25,677,544 SCD journey counts do not have boarding locations but contain 
time stamps in the dataset. Two types of data matches are applied between bus-SCD 

Figure 4. Data cleaning process with raw and remaining datasets.
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and bus-GPS data. 59% of the boarding locations of bus journeys, i.e. 9,089,850 records, 
are captured by matching the common attributes from both datasets, such as date, bus 
plate number and route. The remaining records from bus-SCD, based on the start 
time of the journeys, are further examined within a window that incorporates both `  
+ ` and `-` minutes, such as 2 minutes (creating a total window of 4 minutes), 3 
minutes (total of 6 minutes), and 4 minutes (total of 8 minutes). Employing only ‘+’ 
windows of 2 , 3 , and 4 minutes captures the match rate to 62%, 70%, and 71%, respect-
ively. Utilising both ‘+’ and ‘-’ windows for the same range slightly improves the match 
rate, achieving 67%, 71%, and 72%, respectively. These variations in match rates indicate 
that GPS data records do not refresh every 20–40 s, and the absence of GPS data points 
accounts for the inaccuracies in boarding estimation within the system. The factors for 
the missing GPS data may vary, such as poor signal, device or data collection errors, 
etc. The data matched in the 3-minute and 4-minute windows is similar, with the 4- 
minute window showing a slight advantage. Consequently, the 4-minute window was 
selected for the analysis, which is 11,092,699 records at the end of the data match 
process for boarding location estimation.

3.1. Extracted information from SCD

One of the extracted information from SCD is user types, identified with three main attri-
butes, such as the available amount of money for the travel per individual (Tmoney), the 
amount of money left in the card after travel (Tdeal) for each journey and mode of trans-
port (subway, bus, or combined subway and bus). After calculating how much each user 
paid for a trip (TPaid), the discount rate (D) is used for identifying user types from the 
passengers’ discount policy given by Shenzhen Municipal Bureau of Transportation 
(Shenzhen Metro Group Co 2022). According to the policy, full-pay users (below 60 
years old), referred here as ‘adults’, have a 5% and 20% discount for subway and bus jour-
neys, respectively. The rate for children (between the ages of 6 and 14 and older full-time 
students), here referred to as ‘students’, is 50% on bus and subway journeys. Lastly, older 
adults/special discount users, which include adults aged 60 and above, users with valid 
certificates due to retirement, disability, and Shenzhen Municipal Riding Card holders, 
who are eligible for fully discounted fares as key workers (i.e. fire-rescue personnel), 
have free passes via the subway and buses. Note that a transfer time within 90 minutes 
gives passengers 0.4% off, a discount that applies to students and adults (Shenzhen 
Metro Group Co 2022).

The chart in Figure 5 shows the distribution of user types based on modes of transport 
extracted from SCD using the payment discounts. Adults represent 55% of bus, 22% of 
train and 17% of (subway and bus) journeys. Students use the bus (4%) and subway (1%) 
at much lower levels. Older adults/special users makeup only 1% of the journey counts. 
The limitation of using fares for the user classification concerns multimodal trips 
(subway + bus) for students and older adults/special users. Due to the significant dis-
count applied before transfer trips, the fare system does not record the trip’s second 
(or further) legs. As a result, the classification does not capture the subway and bus jour-
neys for those user types.

The second extracted information from SCD is the home locations for each user. 
Home locations are extracted for commuters using attributes such as the first location, 
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walking distance (less or equal to 1000 m – following Yan, Yang, and Ukkusuri 2019), 
and trip frequency. The frequency parameter is the main difference from alighting 
location assumptions based on the question, ‘How many times has the user visited this 
location?’

According to existing research, identifying home travel patterns often involves using a 
high-frequency threshold, such as four and five times on working days (Hasan et al. 2013; 
Huang et al. 2018). Conversely, low-frequency thresholds are typically associated with 
identifying travel for non-standard work schedules such as entertainment, shopping, 
etc. from SCD (Sari Aslam 2022).

Figure 6 presents various frequency thresholds captured for determining home 
locations from SCD. Decreasing the frequency (a loose condition) leads to identify 
more individuals, whereas increasing the threshold (a tight condition) results in fewer 
records in the dataset. In Figure 6, a noticeable decline occurs at frequency 3, which 
stabilises for frequencies four and five. This pattern suggests that almost 69% and 70% 
of individuals presented similar behaviour with frequencies four and five, respectively, 
throughout the weekdays (Monday to Friday). The selection of frequency five is based 
on the minimal discrepancy in user counts. Frequency counts provide reliable infor-
mation for estimating alighting locations when the final destinations are unavailable 
from systems that only record entries

Figure 5. Identified user types based on the mode of transport using journey counts.

Figure 6. The frequency counts to attain confidence in identifying home locations.

10 N. SARI ASLAM ET AL.



3.2. The result of the various scenarios

The proposed assumptions are applied to the journey data in this section with multiple 
scenarios as follows: 1) identified number of alighting locations in Stage 1, Stage 2 and 3, 
2) each user type, such as adults, students, and older adults/special users with home 
locations (Stage 1) and without home locations (Stage 2 and Stage 3) and 3) validation 
results with various frequency values from subway-SCD.

From 3,778,050 bus-SCD records without last location stops are examined in the trip 
chains. 2,520,196 records are captured using individuals’ home locations with frequency 
5, including 543,709 and 714,145 of the records identified from Stages 2 and 3, respect-
ively. Since Stage 3 serves as the default condition, ensuring the last location matches the 
first in daily journey pairs, there are no unidentified records in the dataset.

These findings are further investigated based on user types and illustrated in Figure 
7A. According to the results, alighting locations are estimated for adults at 52.48% 
from Stage 1, 3.27% from Stage 2 and 38.67% for Stage 3. Besides, the detection rate 
for students is captured at 2.76% from Stage 1, 0.65% from Stage 2 and 1.18% from 
Stage 3. The detection rate for older adults/special users is 0.99% for Stage 1 and 0.5% 
for Stage 3. There is no detection rate for older adults/special users from Stage 2 due 
to the complete discounted journeys. This result shows that the alighting location 
identification with home locations (Stage 1) provides a higher detection rate than 
Stages 2 and 3 for all user groups.

The validation of the study is followed on subway SCD due to the lack of ground truth 
data and the results are shown in Figure 7B. The same assumptions, i.e. Stage 1 and Stage 
3, are applied to subway SCD evaluating the last location estimation. The results are vali-
dated from the destination points of subway journeys. Note that Stage 2 requires bus 
route number and direction information and is unavailable from subway SCD. As a 
result, 90.05% for frequency three, 91.42% for frequency four, and 92.15% for frequency 
five are captured using home locations in Stage 1. In comparison, 81.01% accuracy was 
obtained without home locations in Stage 3. The validation results show that more confi-
dence in the accuracy of home locations provides a better outcome for the last location 
estimation from SCD. Second, start and end stations are not always the same, even for 

Figure 7. Detection rate (A) from bus journey data and validation rate (B) from subway journey data 
are identified in each Stage (W-HL and W0-HL refer to alighting location estimation with and without 
home locations, respectively).

TRANSPORTATION PLANNING AND TECHNOLOGY 11



regular users. Finding the last location with the help of walking distance and frequency as 
the home location provides better accuracy in subway SCD.

4. Discussion

This study aimed to estimate alighting locations for entry-only systems using SCD with 
different scenarios, such as with/without home locations. The study highlights the impor-
tance of frequency parameters for trip-chaining assumptions with home locations using big 
data sources such as SCD and bus-GPS data. Both data sources provide opportunities to 
improve our understanding of human mobility, trip purposes and demand patterns in 
public transport networks, albeit with some limitations. For instance, historical data do 
not represent the latest status of transport networks in the study area, even though the 
findings are still valuable to observing the improvement of accuracy with high confidence 
where information about an individual’s home is identified. Besides, almost 30% of the bus- 
SCD cannot be matched with bus-GPS data to determine bus boarding locations, and the 
absence of GPS data is the reason for the system’s failure to estimate boarding locations.

The study proposed methodology using a heuristic approach, which uses pre-defined 
rules from the available dataset to reduce the use of traditional travel surveys. The proposed 
methodology has limitations in finding unseen patterns/scenarios to help transport plan-
ning agencies. The ML approach can handle such scenarios to estimate alighting locations 
accurately once travel survey / labelled data are available. However, training the ML models 
from conventional travel surveys may not represent the whole population in urban environ-
ments due to small sample sizes and low update frequencies, which are unavailable for the 
study’s methodology. The improvement in data collection methodologies through smart 
card data, including user feedback with apps or online platforms, can facilitate the transition 
from heuristic approaches to ML methodologies in public transportation systems.

This study also presents the information based on user types such as adults, students, 
and older adults/special users. Combining user information with the last locations from 
bus journeys can enhance the planning of bus stops’ facilities in urban environments. 
Understanding the distribution of user types and their last locations based on different 
bus stops and routes, including specific times, can provide insights into the demand pat-
terns for specific user groups. Transport or urban planners can allocate resources efficiently 
to meet varying daily-peak demands. Second, knowing the distribution of different user 
types and their last locations from bus journeys can help to identify potential safety con-
cerns. For instance, if there is a higher concentration of older adults/special users using 
specific bus stops, extra safety measures can be implemented to assist them during board-
ing and alighting. Last, looking at alighting location estimation from user’s types can be 
valuable for policymakers and city planners to make informed decisions about public 
transportation growth and funding allocation. However, identifying user types such as stu-
dents and older adults/special users may involve bias once they have significant or fully dis-
counted journeys, e.g. older adults/special users’ multimodal journeys (subway and bus).

5. Conclusion

Big data sources, such as SC and GPS-bus data, generate valuable insights into travel 
demand forecasting and transport planning. This study aimed to demonstrate a 
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framework to estimate alighting locations for only-entry systems, such as buses and 
trams. The proposed heuristic algorithm compares scenarios with home locations 
(Stage 1) and without home locations (Stage 2 and Stage 3), including user types, i.e. 
adults, students, and older adults/special users, without relying on travel surveys. An 
application for the Shenzhen case study demonstrated the proposed framework’s effec-
tiveness with the detection and validation rates obtained from individuals’ bus and 
subway journeys. A higher detection rate for the last location estimation is obtained 
with home locations for all user groups. Besides, validation accuracy with home location 
is achieved with different confidence levels using frequency parameters. 90.05% for fre-
quency three, 91.42% for frequency four, and 92.15% for frequency five are captured 
using home locations compared to 81.01% accuracy without home locations. The vali-
dation results demonstrate that more confidence in the accuracy of home locations pro-
vides a better outcome for the last location estimation from SCD.

The proposed framework can be further improved in a number of various ways. Single 
trips are currently excluded from the dataset. During the trip chaining, assumptions can 
be included and investigated regarding people’s travel behaviour within public transport 
systems. Second, home locations with different frequencies by incorporating additional 
data sources, such as demographic data and land use data, can be further investigated 
for the distribution of different population groups such as overnight workers, etc. Last, 
user types and their spatial and temporal travel behaviours from bus destinations can 
be further investigated with additional land use data sources such as Points of Interest 
(POIs) to optimise bus service and facilities in cities.
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