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Abstract

Utilising the existing infrastructure in railway transit to tackle overcrowding requires more
understanding of how people use spaces at stations. This study investigated passenger be-
haviour while waiting for a train on the platform using the data of the Wi-Fi location track-
ing systems. The trajectories of 129,354 devices were observed in two weeks at two MRT
Circle Line stations in Singapore, which have the escalator/stair landings in different posi-
tions. A data cleaning process was proposed to overcome the drawbacks of Wi-Fi-based
position data. A decomposition method was further developed to separate the walking and
staying phases based on data processing. The boarding passengers’ on-platform behaviour
was analysed from four aspects: the number of staying phases, the location distributions of
different kinds of stays, the location distribution of in-between stays by hour and duration,
and the distance and walking speed of the first walking phase. Our results suggested that
many passengers (44% and 37% of passengers at the two case study stations) had multiple
staying phases, meaning that they did not go directly to their final boarding points after
coming to the platform but rather made stops or walkarounds before coming to boarding
points. The distributions of locations of the last and in-between stays were significantly
different and may influenced by the width, length and layout (such as landing locations)
of stations. In addition, the walking speeds of passengers observed on the metro platform
were slower than those observed on the streets. These findings indicated that some com-
monly used assumptions in most simulation models are not true according to the empirical
observation. The obtained knowledge would deepen the understanding of the passengers’
on-platform behaviour and thus provide implications for designing railway stations and
planning station operations.
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Introduction
Context

Globally, many existing metros face ridership increases in recent years. Overcrowding on
public transport becomes a more serious issue due to the limited capacity of infrastructure
(Borjesson and Rubensson 2019; UITP 2018). Although the COVID-19 pandemic observed
in the last couple of years has caused demand drops (Department for Transport 2022), the
recent ridership update shows most urban rail transit systems have recovered gradually
after the pandemic. In some parts of Asia, South America and Africa, it recovered relatively
quickly and even surpassed pre-pandemic levels (SLOCAT 2023). In Singapore, public
transport ridership hit 93.5% of pre-pandemic levels in 2023, and there were 3.45 million
daily MRT and LRT rides in 2023, with a 17.6 per cent increase from the number of rides
in 2022 (Loi 2024). Additionally, rail and public transport would play a key role in solving
global societal challenges, such as decarbonisation (Department for Transport 2021).

Uncertainty in future demand and subsequent reduced investment in infrastructure would
mean that more operational resilience is required for existing systems (Little 2020; Gkiot-
salitis and Cats 2021), thus agile utilisation of existing infrastructure to tackle overcrowd-
ing would remain an important issue. The need for social distancing in transport vehicles
during the COVID-19 pandemic led to attention to various soft measures that do not need
infrastructure investment (Horcher et al. 2021; Vickerman 2021). In such contexts, it is
essential to understand how people use space on the train platform, and such an improved
understanding would inform future station designs and demand management (Fang et al.
2019). This paper therefore aims to investigate the on-platform behaviour of passengers, in
particular, passenger behaviour of walking and staying on the platform.

Literature review

Most of the existing research relevant to this work can fall into one (or more) of the following
categories: passenger behaviour on the platform, and passenger distribution on the platform.
First, passenger movements and behaviours within train stations have been studied to
better understand how to optimise human flows, improve journey time and maximise net-
work capacity. There has been much research into passenger behaviour at the train platform
interface (TPI) because any delay in passenger alighting and boarding would lead to train
departure delays and affect train service performance. The passenger alighting/ boarding
time and model development for it may be one of the most investigated topics (Harris 2006;
Harris and Anderson 2007; Li et al. 2016; Lin and Wilson 1981; Palmqvist et al. 2020; Qu
et al. 2023). While some researchers have run laboratory experiments to conduct a detailed
investigation into the passenger flow rate (Daamen et al. 2008; Seriani et al. 2017; Zhang
et al. 2022), there have been some studies that conducted observation at stations (Lee et al.
2007; Wiggenraad 2001) to investigate a range of factors, such as the queuing and crowding
on the platform, that would affect alighting and boarding. In addition to these studies on pas-
senger behaviour at the TPI, there have been studies that investigated passenger behaviour
in other areas or situations, such as ramps (Fujiyama et al. 2015), seating behaviour on the
platform (Schoéttl et al. 2019) and behaviour in case of emergency (Shiwakoti et al. 2017).
Furthermore, the on-platform behaviour of passengers includes the time dimension as well.
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Waiting time within transport environments including transferring stations has been inten-
sively researched because waiting time on platforms has many implications in transport
planning and modelling, and some recent research using smartcard data allows detailed
estimation of this (Ingvardson et al. 2018; Wahaballa et al. 2017).

The second group concerns passenger distribution on the platform. There have been stud-
ies that developed distribution models based on some assumptions and/or hypotheses (Bilde
et al. 2022; Ding et al. 2021; Leurent and Liang 2022; Yang et al. 2018, 2017), but here we
first examine empirical evidence, be it a questionnaire survey and/or video observation.
Kim et al. (2014) conducted a questionnaire survey in the morning peak time at stations
on a Seoul metro line and concluded that passengers chose their boarding cars in ways to
minimise the walking distance at destination stations, whilst a Canadian study on passen-
ger distribution on the platform can be modelled as multinomial probability distributions
(Krstanoski 2014). There have been studies that suggest the distribution is not uniform
but related to the (only) platform access point (Lam et al. 1999; Peftitsi et al. 2020; Wiras-
inghe and Szplett 1984), while others suggested concentration around particular carriages
(Oliveira et al. 2019). Note that one limitation of these studies is that they either used ques-
tionnaires or videos from which the boarding points of passengers were extracted and hence
did not record detailed movements associated with the time evolution. As an extension,
some recent studies have turned attention to new technical solutions to guide passengers
to other boarding locations (i.e., changing the boarder distribution) in order to improve
train operation efficiency and customer satisfaction. The examined solutions include the
provision of information about carriage occupancy and exit locations (Capalar et al. 2018;
Christoforou et al. 2017; Moncrieff 2015; Preston et al. 2017), lighting (Hughes et al. 2020),
and alteration of train stopping positions (Van Den Heuvel 2016).

It is noteworthy that the emergence of new data sources, such as passive-collected big
data, has offered new capabilities for behaviour analysis. Recent studies have exploited
them, including train loading data (Fang et al. 2019; Peftitsi et al. 2020) and smart card data
(Ingvardson et al. 2018; Leurent and Xie 2018; Zhu et al. 2017). However, one needs to be
reminded that each new data source has its limitations: for example, train loading data does
not distinguish passengers who just boarded at the focused stations and those who were
already onboard from previous stations, and smart card data only infers passenger move-
ments as it records the ticket barrier entry/exit times only. Thus, the on-platform behaviour
of passengers over time and across the platform cannot be fully investigated by only using
these two data sources.

In short, there has been research on passenger behaviour, but there is a lack of research
on fundamental aspects of passenger movements on the platform, including how they wait
for their trains. Accurate information on these will be useful for planning purposes and for
the calibration of pedestrian simulation models which need detailed information on such
aspects.

Study contributions
The contribution of our study to the existing body of knowledge is in the following points.

First, Wi-Fi-based passenger position data, which is a new data source and has not been
applied in the context of analysis of movements on train platforms will be used in this study.
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Secondly, based on the analysis of the new data, empirical evidence on how passengers wait
for trains on the platform will be provided.

The data used was obtained from the location estimation systems of Wi-Fi probe requests
installed on the metro station platforms, which allowed analysis of passenger trajectories on
the platform. To recognise the different behaviour phases of passengers, a decomposition
method was adopted. Comparisons between the behaviours of passengers entering one sta-
tion from different entry points and the ones at stations with different layouts were carried
out to reveal the influence of facility locations on passengers’ on-platform behaviour. This
approach sheds light on the in-between stay behaviour of passengers, which significantly
differs from the assumptions made by most simulation models, i.e., passengers who enter
the platform would walk straight to preassigned boarding points and wait for trains. The
distribution of in-between stays differs from the one of final boarding points and may influ-
enced by the station layout. Furthermore, the walking speed of passengers is not as same
as the one of pedestrians in normal open spaces. Such an approach will help clarify the
nature of passengers’ on-platform behaviour at a deeper understanding and enable transport
designers to more precisely design the layout of stations and transport operators to better
manage the demand within stations and especially on platforms.

Data
Characteristics of Wi-Fi location tracking data

As the data source, the data of Wireless@SG network was used, which provides free Wi-Fi
services to the general public in various public spaces in Singapore including metro station
platforms. The Wi-Fi probes are installed at intervals within the range of metro platforms
to receive the requests. When Wi-Fi probe requests are sent by mobile devices, the system
records information about devices including their media access control (MAC) addresses.
There are various techniques to estimate the locations of devices (Zhu et al. 2020), and in
the case of Wireless@SG system used for metro stations, its positional data has a 5-m radius
margin of error as its positional accuracy according to the system operator. Its time resolu-
tion is seconds. A study in 2017 found that the proportion of the devices with randomised
MAC addresses was less than 50% of the entire sample (Martin et al. 2017). At that time,
mobile phone operation systems with enhanced MAC address randomisation (e.g., i0S14)
were not commonly used. Whilst the size of the entire population is unknown, the dataset
would allow investigation of the behaviour of passengers with observed devices. In addi-
tion, if a device is in sleep mode, the device does not send Wi-Fi probe requests (Chilipirea
et al. 2018a). There have been studies that analysed Wi-Fi location from various viewpoints,
including crowd movements (Chilipirea et al. 2018b; Gioia et al. 2019; Zhou et al. 2020),
city-level pedestrian trajectory (Traunmueller et al. 2018; Zhou et al. 2020), and public
transport loading (Wu et al. 2020). While the accuracy of Wi-Fi location tracking systems
is deemed higher indoors than outdoors (Zhou et al. 2020), they have not been used for the
investigation of passenger movements in stations or other railway environments.
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Data acquisition

Passenger Wi-Fi data obtained from the platforms of selected stations during a selected
period was acquired from the Land Transport Authority (LTA) of Singapore. The research
ethics for this research was approved by University College London (UCL). The data acqui-
sition period was from 30 September to 13 October 2019 (two weeks). Each data point
contains the following information: timestamp, venue ID, pseudonymised MAC address,
and coordinates of the estimated device location. LTA informed the research team that about
1 million unique MAC IDs were detected daily across the network around the time of the
data collection. Estimating against the daily 3.5 million MRT trips (Tan 2019) and assum-
ing that the average number of trips per passenger is 2 per day, the Wi-Fi location tracking
system detected about 57% of passengers. The user characteristics (e.g., gender, age, etc.)
of the Wi-Fi service were unknown to the authors.

Choice of stations

Bishan, Serangoon, Harbour Front, Buona Vista and Paya Lebar on the Circle Line (see
Fig. 1), all of which are transfer stations to other lines, were chosen for initial data process-
ing because LTA was undergoing an update and calibration of the Wi-Fi location estimation
system and these stations had completed this by the time of the data acquisition. All the
selected five stations have a rectangle island platform where the platform is surrounded
by tracks in clockwise and anticlockwise directions (except Paya Lebar which has a siding
between the two tracks), but the locations of the escalator/stair landings differ.

Clockwise

Anticlockwise

‘‘‘‘‘‘‘‘
cccccc

Basan

aaaaaaaaaaa

rrrrrrrrrrrr

Fig. 1 Map of Singapore Circle Line
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Fig. 2 A schematic representation of the platform layout of a Serangoon station and b Bishan station

Fig. 3 Photo of Serangoon
station platform. *Source:
Courtesy of LandTransportGuru.
net website

This study compared the results of two stations: Serangoon with the landings in the
middle and the east end of the platform and Bishan with landings in the middle and at the
west end, as shown in Fig. 2. These two stations are near to each other with only one station
(Lorong Chuan) between them. In our later analysis, the X-axis is set in parallel with the
direction of the tracks, while the y-axis is at a right angle with the direction of the tracks.
Figure 3 is a photo of Serangoon station platform. The average service frequencies of both
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stations ranged from 2-5 min in peak hours and 4-5 min during off-peak on weekdays, with
3.5-5 min on weekends. Platform edge doors are installed in both stations.

Methods
Data cleaning

The obtained dataset showed that on average, the position of each device was detected every
8.8 s, which may give sufficient frequency for trajectory identification of passengers. For
extraction of data of only those who boarded trains, the datasets have two shortcomings:
1) location estimation has the aforementioned error range, and 2) the data include not only
passengers who boarded a train at a focused station but also passengers who alighted from a
train at the station and passengers who were staying inside a train or on the platform (with-
out boarding/alighting) but has used station Wi-Fi systems. To overcome the two problems,
a data cleaning process was designed as shown in Fig. 4.

For the first problem, the moving averaging was adopted. The corrected coordinate of a
device at a time was an average of the detected coordinate of the time and those of the previ-
ous two data points of the same device. For the second problem, the data of devices that did
not start around the position of the escalator/stair landing on the platform (i.e., with more
than 5 m from the centre of the landing) were first excluded. Then the data whose Y coordi-
nates (the dimension in a right angle with the track direction) did not move more than 2 m
were removed. To ensure that the data of alighting passengers was excluded, only the data
of devices which were observed at one of the other stations at a later time (i.e., within 1 h)
of the same day were used. This step may also have helped to pick up the data of passengers
who keep their mobile phones on. In addition, the data of devices that were observed to be
on the platform for more than 10 min (twice the time of the off-peak frequency of the line)
were filtered out because they could be people who did not intend to take the first available
train (e.g., waiting for other people) or metro employees. Finally, the first two data points
of the data of each device were removed as our initial data analysis showed that these data
points were recorded when passengers may have been still on the escalator or the stairs.

Fig. 4 Data cleaning process of

J- . . Input original Wi-Fi location tracking dataset
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Decomposition of the walking and staying phases on the platform

Our preliminary analysis found that after entering the platform many passengers did not just
continue walking until they boarded, that is, they may have walked towards a place where
they waited to board a train, stayed/waited there until the next train came, and boarded the
train. To further analyse this, it would be useful to segmentise passenger movements and
their time-spending on the platform, into walking and staying phases. Here, we assume
that, for any data point, if a device stays in the same position (within the 5 m, which is the
error range in position estimation, from the observed point) for the next 20 s, the device was
regarded as being in a staying phase for all the points within those 20 s. Phases other than
staying phases were regarded as walking phases. In a typical case, a device entered the plat-
form, continued moving, and entered a staying phase at a certain point, as shown in Fig. 5.
However, in some cases, after the first staying phase, a device moved again and then entered
another staying phase (and repeated this multiple times), which means that it moved away
from the 5-m range from any point in the previous staying phase and entered a new staying
phase. For each device, its last-observed location in the track direction on the platform was
defined as the location of the last stay, i.e. boarding point.

Boarding passengers’ on-platform behaviour analysis
The analysis of boarding passengers’ on-platform behaviour included four aspects. Firstly,
after decomposing the passengers’ walking and staying phases, the number of staying

phases was investigated to test the assumption of most simulation models that once passen-
gers arrive on the platforms, they will directly walk to their final boarding points and stay
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Fig.5 Decomposition into walking and staying phases. *Please note that for illustration reasons, X coor-
dinates were used as the vertical axis of the figure, but for the decision of whether a device stays within
5 m or not, both XY coordinates were considered
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there waiting for a train. Secondly, the distributions of locations of different kinds of stays
(i.e., the last stays and in-between stays), at stations with different layouts, and between
passengers who arrived on the platforms from diverse entry points were compared by using
the Kolmogorov—Smirnov Test (K-S test) to see whether significant differences existed in
their shape. To further understand the behaviour of passengers with more than one staying
phase, the third part focuses on the location distribution of in-between stays by hour and
duration and how the distribution was influenced by station layout. Finally, to investigate
the behaviour of passengers with multiple walking phases, we look into the first walking
phase in detail. The ratio of distance along the track travelled in the first walking phase, to
the distance along the track between the last observed point and the escalator/stair landing
can be calculated according to Eq. (1).
Ty — Ts

R="1""¢ (1)

rp — Ts

where x, is the x-coordinate of the edge of the escalator/stair landing, x; is the x-coordinate
of the first point of the first staying phase, and x; is the x-coordinate of the last observed
point of the device. For example, if a person walked 5 m along the track in the first walking
phase but this person’s last observed point shows a walking distance (along the track) of
10 m, the ratio is calculated as 5/10=0.5. If a person walked away from the escalator land-
ing in the first walking phase but then later came back towards the landing, the ratio would
be more than one. A negative ratio of a passenger means that that person walked to a certain
place in the first walking phase, but then moved in the opposite direction in the next phases.
A distance along the track was calculated from the difference between the x-coordinates of
two points. Using the data of the first walking phase, a walking speed is calculated accord-
ing to Egs. (2) and (3).

B \/(J:tH —20)? + (yes1 — ye)° ()
v tip1 — 1
tt+1 — 1t
V = Z T % (3)
t

where V' is the weighted average speed (m/s), x,, y, and v, mean the x-coordinate, y-coordi-
nate and speed at time ¢. 7 is the total duration in seconds a device was observed.

Results

The number of devices observed

Table 1 shows the number of observed devices that met our criteria detailed in the ‘Method’
section and hence were used for the analysis. In total, 129,354 devices were observed. Note

that the same device can be regarded as different devices as it meets time separation criteria
(i.e., 1 h). It shows one direction had more observations than the other and one hour in peak
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Table 1 The number of observed devices that met the study criteria and the proportion in different time
periods

Station Direction Mon  Tue Wed Thu Fri Sat Sun
Serangoon Anti-clockwise Total 7643 8192 8306 7998 7690 6061 5013
AM peak (%) 34.58 36.60 3529 3546 33.67 21.17 18.67
PM peak (%) 14.38 13.90 14.70 15.13 15.06 1638 16.84
Off-peak (%) 51.04 49.50 50.01 49.41 5127 6245 64.49
Clockwise Total 3586 3808 3838 3886 3831 3832 3443
AM peak (%) 41.41 4336 4148 41.89 37.54 1937 23.76
PM peak (%) 12.74 11.79 12.85 13.66 14.02 18.01 14.12
Off-peak (%) 45.84 44.85 45.67 4444 4845 62.62 62.13
Bishan Anti-clockwise Total 2110 2226 2034 2179 2157 1309 1189
AM peak (%) 47.54 46.09 4444 46.08 4140 26.74 19.85
PMpeak (%) 11.47 13.66 13.86 11.52 14.09 1459 15.90
Off-peak (%) 41.00 40.25 41.69 4240 4451 58.67 64.26
Clockwise Total 5484 5621 5523 5773 5849 5493 5230
AM peak (%) 27.04 26.58 24.73 25.69 24.19 19.15 18.76
PM peak (%) 18.85 21.40 19.30 18.34 20.21 18.84 18091
Off-peak (%) 54.10 52.02 5597 5597 55.60 62.01 62.33

Grand total 129,354
40

40
30 10
& 20 &
10 10
0 0

01 2 3 4 5 6 7 8 9 1011 1213 012345678 9101112131415161718

Number of staying phases Number of staying phases
(a) Serangoon station (b) Bishan station

Fig. 6 Percentages of passenger numbers by their number of staying phases calculated

hours (7:00-9:59 and 17:00-19:59) has more observations than one hour during the off-peak
(12 h). These may reflect the demand patterns of the stations.

Number of staying phases

According to the decomposition method in the “Method’ section, the percentages of passen-
ger numbers by their number of staying phases calculated for each station can be shown in
Fig. 6. Note that if a passenger did not have any staying phase within his/her data observed
(e.g., he/she just came to a platform and jumped onto a train), then the passenger is counted
with the number of staying phases=0. Having one staying phase may mean that a passenger
came to the platform, walked to a point where he/she stayed for a train, waited there for the
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next train, and then boarded. An interesting finding was that at Serangoon, 44.16% of pas-
sengers had two or more staying phases, while at Bishan 37.44%. These people may have
walked to a certain point, stayed there, moved again to a different place, and waited in that
new place until trains arrived.

According to the Kolmogorov-Smirnov test, the number of staying phases does not fol-
low Normal, Poisson or any other typical distributions. Therefore, the Mann-Whitney U and
Kruskal-Wallis tests were adopted to compare the means of the number of staying phases
by different factors. Table 2 shows there were statistically significant differences between
different stations (p=0.000), entry points (p=0.000), day types (p=0.000) and time periods
(»=0.000). The mean number of staying phases of passengers in both stations was more
than 1, with the passengers in Serangoon station moving more than the ones in Bishan
station. This implies that passengers made moves after the first staying phases, which cor-
responds to the phenomenon Fig. 6 suggests. The difference between stations may be due
to their station layouts. It was found that passengers arriving on the platforms from various
entry points may have different walking and staying behaviour. Passengers with their entry
points at the end of the stations (entry point 2 at Serangoon station and entry point 1 at Bis-
han station) had more moves on average than those entering the platform from the middle.
The travelling direction of passengers showed a significant influence on their walking and
staying behaviour in Serangoon station but not Bishan station.

Besides the factors related to the station layouts, the time-related factors also contrib-
ute to the difference in passengers’ on-platform behaviour. The average number of staying
phases during weekdays was 1.45, and at weekends the number was higher. Also, passen-
gers who travelled during off-peak time may move more times than the ones during the AM
and PM peaks. This could be attributed to the higher proportion of commuters who are more
familiar with the station layout during peak hours on weekdays. During the off-peak period
on weekdays and all periods on weekends, more passengers may travel for purposes other
than commuting (such as for leisure, going to the hospital, business, etc.), so their destina-

Table 2 Mann-Whitney U and Kruskal-Wallis tests for the number of staying phases
Variable Value Mean  Std. Mann- Kruskal-  p-value
deviation Whitney U~ Wallis test
test statistic statistic

Station Serangoon 1.59 1.15 1.83x10° - 0.000%**
Bishan 1.40 1.06

Direction  Serangoon-Anticlockwise 1.53 1.11 7.22x10% - 0.000%**
Serangoon-Clockwise 1.71 1.23
Bishan-Anticlockwise 1.38 1.04 2.59x10% - 0.239
Bishan-Clockwise 1.40 1.07

Entry point Serangoon-1 1.55 1.14 570108 - 0.000%**
Serangoon-2 1.72 1.19
Bishan-1 1.48 1.10 1.22x10% - 0.000%***
Bishan-2 1.39 1.06

Day type ~ Weekday 1.45 1.08 1.73x10° - 0.000%***
Weekend 1.71 1.22

Time AM peak 1.40 1.04 - 1961.956  0.000%**

period PM peak 130 098
Off-peak 1.64 1.19

***Significant at a=0.01
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tion arrival time was more flexible and they were less familiar with the stations than the
commuters. In addition, the train frequency during those periods was usually lower than the
one in the peak periods on weekdays. Therefore, they may go to the information board or
walk around to find out the best places to stay.

Locations of the last and in-between stays

To analyse where stays took place and whether that correlated with station designs, we
divided passengers’ stays into two groups: the last stay, also known as the boarding point,
and the in-between stay. Figure 7 show the distributions of both kinds of stays in the track
direction on the platforms at both stations during the two-week observation period. Each
location segment covers 5 m longitudinally in the track direction (and laterally the whole
platform width) and the numbers are distances (in meters) from the west end of the platform
by comparing with the platform layout in Fig. 2. Numbers in clockwise (and anticlockwise)

6500 K-S test statistic = 0.081""" Anticlock 5000 K-S test statistic = 0.042"** Anticlock
6000 Clock 4500 Clock
5500
5000 4000
4500 3500
4000 3000
£ 3500 g
= =
S 3000 § 20
2500 2000
2000 1500
1500 1000
1000
500 500
0
0 5 10 15 20 25 30 35 40 45 50 55 60 65 0 5 10 15 20 25 30 35 40 45 50 55 60 65
Location (m) Location (m)
(a) Last stay at Serangoon station (b) Last stay at Bishan station
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K-S test statistic = 0.028 Anticlock K-S test statistic = 0.034""* Anticlock
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Fig. 7 Numbers of observed devices at their last and in-between stay points for each location segment
by direction
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direction mean the number of devices of passengers who travelled on clockwise (anticlock-
wise) trains. For example, in Fig. 7a, around 2600 devices were observed in the sector from
5 to 10 m in the track direction from the west end of the Serangoon station platform in the
anticlockwise direction.

The histograms show while the counts (i.e., the number of devices observed) were dif-
ferent between the clockwise and anticlockwise directions for the last stays and in-between
stays, their distributions seem similar between these directions. However, Kolmogorov-
Smirnov test results revealed that the distributions of both kinds of stays were statistically
different in the clockwise and anticlockwise directions. Nevertheless, both directions show
concentration in similar areas. For the last stays, the distributions concentrated around
the location 30-40 m at Serangoon station and 10-20 m and 35-45 m at Bishan station. It
was interesting to find that one peak of Bishan station’s distribution was in the region of
10-20 m, which suggests that people may walk along the platform anyway (not just wanting
to minimise the walking distance at the boarding station).

By comparing the distributions of the last stays in Fig. 7a and b and the ones of in-between
stays in Fig. 7c and d at each station, it was easy to find out that the distributions of the loca-
tions of both kinds of stays were different. The K-S test results confirmed this with the statistic
of Serangoon station equalling 0.119 and the one of Bishan station equalling 0.123, both p
values less than 0.001. Specifically speaking, passengers tend to have their in-between stays
on the east (or right) side of Serangoon station, while passengers prefer not to have their in-
between stays on the west (or left) side of Bishan station.

To examine whether station layouts may affect the distributions, the distributions of the
last and in-between stays of passengers arriving on the platforms from different entry points
were further investigated. Figure 8 suggests there were significant differences in the dis-
tributions of both kinds of stays between the entry points. The final distributions of both
stations shown in Fig. 7 were the accumulation of weighted distributions of passengers who
entered from two entry points. Because the numbers of passengers utilizing the staircases
and escalators were different, one of the distributions may dominate the total distribution
of one station. For example, entry point 2 is much more used than entry point 1 so the final
distributions of Bishan look very similar to the one of entry stair 2.

Location distributions of in-between stays by hour and duration

Figure 9 shows how locations of in-between stays are distributed along with the platform
(track direction) within each time sector at both stations. For example, for the sector of
16:00-16:59, around 16% of the observed in-between stays were observed around the 35 m
location at Bishan station. It was found that although there were differences in the distribu-
tions of stays between diverse entry points, all the distributions of the locations showed
consistency over time. The in-between stays are more concentrated near the entry points.
However, compared with the distributions of entry points in the middle of the platforms
(i.e., entry point 1 at Serangoon station and entry point 2 at Bishan station), the ones of entry
points at the end of the platforms (i.e., entry point 2 at Serangoon station and entry point 1
at Bishan station) were more dispersed.

We also divided observed in-between stays by their duration (into multipliers of 10 s)
because for example, stays that lasted 30 s only may be different from those which lasted
180 s. Figure 10 shows the heatmaps divided by the duration sector. The longer stays tended
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to be concentrated around the area with both bench and information board rather than other
areas at both stations. The area with only benches available did not show a similar concen-
tration. In addition, the passengers arriving from the entry points at the end of the platforms
were more easily to have their longer stay at the closest bench and information board area.

First walking phase and its walking speed

Because the ratios of the distance (in x dimension) of the first walking phase to that of the
total observed period, calculated by Eq. (1), may have very large absolute values due to a
very short distance between the last observed point and the entry point, so 90 percentiles
of the absolute ratios were used to filter out the majority of the ratios. Figure 11 shows
the shapes of the violin plots of the ratios of the first walking phases to the total distance
between boarding points and landings were different between the entry points in the middle
and the ones at the end of the platforms. While the distributions of the entry points at the end
of platforms during the AM peak and PM peak were similar, more passengers using these
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Fig. 12 Walking speeds of the first walking phases at both stations

entry points during the off-peak period walked relatively shorter (about 25% of the distance
of the last observed point from the entry point) in their first walking phases. It also suggests
that about one-third of passengers arriving from the entry points located in the middle of
the platforms walked to the opposite side of the entry point compared with the last observed
point, which indicated that passengers who arrived on the platform from the middle may
hesitate about which direction to go at the beginning of their walking, with the proportion of
entry point 1 on Serangoon station’s platform higher than the one of entry point 2 on Bishan
station’s platform.

Figure 12 shows walking speeds of the first walking phases at both stations by day and
hour. Interestingly, both stations had walking speeds lower than 1 m/s, with Bishan having
faster speeds (average 0.93 m/s) than Serangoon (0.82 m/s). This may be because walk-
ing distances at Bishan are longer than the ones at Serangoon and this walking for longer
distances may have contributed to faster speeds; people can walk faster if they walk longer.
On weekdays, passengers with a higher proportion of commuting and other fixed travel pur-
poses walked faster than the ones travelling during weekends. Two stations showed similar
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patterns over one day. It suggests that the passengers travelling in the AM peak and PM
peak preferred to walk at a higher speed than the ones travelling during the midday off-
peak, However, probably due to the on-platform crowdedness, the walking speeds between
8:00-8:59 and 18:00—-18:59 were lower than the other hours in peak periods.

Discussion

One important finding was that passengers often restart walking after an initial stay; 44%
and 37% of observed passengers had two or more staying phases at Serangoon and Bishan
stations respectively (Fig. 6). In fact, in city parks people (who are waiting for other friends)
may not always stand still but make some little movements around. In their experiments
using a mock-up platform, Kiipper and Seyfried (2023) also found that with an increased
waiting time, the area covered by pedestrians’ head trajectories increases, as some partici-
pants start to walk around instead of waiting at a fixed position. In some metro environments
where passengers may not be keenly seeking seats to sit on the train because of short rides, it
would be reasonable to assume similar behaviour. The case study stations have wide (whose
width is around 15 m) but shorter platforms (whose length is around 66 m), which may have
made such little movements easy to occur. Besides, several potential reasons can explain
the phenomenon of multiple stays during peak hours. Firstly, this may be because if there is
a shorter queue, a passenger may move to that queue after joining another longer one. Sec-
ondly, passengers tend to avoid spaces just next to the platform entry place as their boarding
positions (Fang et al. 2023), maybe because they do not want many new passengers coming
to (or passing by). Therefore, some passengers may move to new places after finding out
that their next train does not come soon. Lastly, obstructions to passengers’ vision can affect
passenger choice of boarding cars, because such obstructions can hinder passengers from
finding less crowded areas on the platform to stand (Wu et al. 2010). Similarly, crowds of
people (e.g. before the staircase and escalator) can also be obstacles to other passengers.
After a crowd diminishes, some passengers may discover less crowded areas and subse-
quently make a move.

Our analysis of the locations of stays found that the distributions of the in-between stays
shown in Fig. 7c and d were different from the distributions of final boarding points shown in
Fig. 7a and b. Compared to the distribution of the last stay locations, Serangoon had a higher
proportion of in-between stays in the locations from 40 to 65 m, while at Bishan they were
from 30 to 60 m. At the aggregate level, the total distribution of the stays at a station was
determined by two factors: 1) the distribution of each entry point and 2) the number of pas-
sengers using each entry point, as shown in Fig. 8. No matter the locations of the last stays or
in-between stays, the shapes of the distributions by entry points on the platforms were signifi-
cantly different. Its relationship with the distance between the stairs/escalators on the platform
may need more investigation. It is noteworthy that if the number of passengers using each
entry point changes because of the changes in the external environment (such as land use) and/
or facility (such as new bus stops and shops), the distribution may vary.

It indicates that more passengers may stay a bit distance before the staircases/escalators
in the middle of both stations, as they may need to find out which direction they should
go, which was also suggested by Fig. 11. Fang et al. (2023) observed that in the choice of
boarding place for the train, passengers tend to avoid spaces just outside the entrance to the
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platform maybe because they do not want to obstruct other passengers who arrive later. This
may explain why very few passengers want to stay around the distance of 0 m at Bishan.
The other potential reason why people tend not to stay on the west (or left) side of Bishan
station is that the passengers entering the platform from the west end escalators/stairs may
have a clearer view of the train directions given the wide platform and long distance from
the west end landings to the middle landings, so they may have higher chances to direct to
their first staying points (which may not be the boarding points) instead of walking around
and searching for which side to go to.

In addition, the spaces where many stays took place include information boards and seat-
ing areas and are surrounded by the fronts of escalators/stairs and these would make the space
attractive for staying. A relatively wide platform (around 16 m for the island platform at
both stations) may have increased such attractiveness. Interestingly, there are seating spaces
(around 10 m at Serangoon and 50 m at Bishan) where not many stays were observed partly
because these spaces are under or facing the back side of staircases/escalators and may not be
attractive for staying. Figure 10b and d show that some of the stays that lasted more than 170 s
at Serangoon and around 120 s at Bishan may have taken around seating spaces, but the total
number of such long stays was limited and hence was not reflected in Fig. 10c and f.

The ratio of the distance passengers walk in the first phase to the distance to the final
boarding points was also different between entry points. The shapes of the distributions of
entry points in the middle of both station platforms were similar, but the ones of the entry
points at the end of station platforms varied. The distance from popular escalators/stairs to
such popular staying places may have affected this ratio (Fig. 11). At Bishan, entry point 1
at the west end is farther away from the popular staying place on the east side.

It was found that the average walking speeds observed were around 0.9 m/s. The aver-
age walking speeds at Bishan station were faster than those of Serangoon, and one reason
for this could be that the average walking distance is longer than Serangoon, suggesting
that at Bishan passengers would walk faster as they (want to) walk longer. These walking
speeds are relatively slower than ones observed on pedestrian crossings and other public
spaces (Daamen and Hoogendoorn 2006; Montufar et al. 2007), which were in a range
of 1.0-1.4 m/s. Specifically, according to previous studies on average walking speeds of
pedestrians in Singapore, the average walking speeds is about 1.23 m/s on sidewalks along
the main streets (Tanaboriboon et al. 1986) and 1.20 m/s in link-ways (Sun et al. 2021).
Walking speed is greatly influenced by pedestrian environment and the characteristics of
the surrounding crowd, and there is a big variation in the walking speed at various facilities,
under different conditions and for various classes of pedestrians (Vanumu et al. 2017). There
has been a study that suggests that pedestrians on different tasks walk less fast as usual
suggesting that pedestrians on different tasks walk more slowly (Crowley et al. 2021), and
finding boarding or stopping places could be such an additional task, resulting in reduced
walking speeds.

Conclusions
Using data from wi-fi probe requests in Singapore, this study investigated the on-platform

behaviour of passengers. Specifically, this research decomposed the passenger waiting
behaviour into walking and staying phases. The research had the following findings.
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e Passengers had multiple walking phases with stays in between, and the number of stay-
ing phases was influenced by the width, length and layout of stations.

e The distribution of the stay locations was an aggregation of various distributions of
entry points. Both their locations and the number of passengers using these entry points
may change the final distribution.

e Passengers concentrated near the entry points, but not just next to them, while the area
with both bench and information board attracted more longer stays.

e Passengers arriving on the platform from the middle may hesitate about which side to

go.
e Passengers’ walking speeds were slower than those observed on the streets.

As a planner or operator of the station, a more even distribution is expected to avoid some
point or area of crowding on the platform. These findings would have implications for
crowd management and station designs. An assumption in crowd modelling is that boarding
passengers would just walk straight into their preferred boarding points from escalator/stair
landings at their normal speeds and wait there just before boarding. Such an assumption
may be correct if joining a queue at a boarding point would provide some benefit (e.g., a bet-
ter chance of getting a seat), but this may not be the case in certain cases. Firstly, if boarding
passengers do not stay in the same places while waiting for trains, then the effective space
on the platform (which is not occupied by stationary objects or passengers) could be larger
than that calculated, so the width of platforms could be adjusted when designing a station
platform. Secondly, given the forecast number of passengers and a better understanding of
the shapes of the last and in-between stay locations of passengers arriving on the platforms
from different entry points, planners and designers can improve the layout of entry and exit
of a station. Last but not least, current platform designs rarely have considered such comfort
of making little movements or the attractiveness of staying, which should be taken into
account in the future design of station platforms. It was found that areas that have informa-
tion boards or face the front of stairs/escalators attracted many stays, while areas under or
facing the back of stairs/escalators as well as just next to the entrance landing to the platform
did not. Besides, the findings can influence operational practice in metro systems. Some pas-
sengers who have reached their initially intended boarding point may be willing to move to
different boarding positions, and hence be willing to respond to certain behaviour nudging,
such as announcements suggesting less busy cars. Providing more real-time on-platform
information has the potential to help reshape the distribution on the platform.

Wi-Fi data is a new data source capable of capturing the on-platform behaviour of metro
passengers, but it still has some limitations. First, it can be used to estimate the relative lev-
els of crowding but is unable to identify the absolute number of passengers. The 5-m error
in its postitional data hinders it from being used to calculate the crowding level with high
spatial resolution (e.g. 1 mx1 m grid). It should be noted that nowadays, there are usually
multiple types of cards and fare collection systems or tickets used in any metro systems
and most types of data cannot cover all the passengers, estimating the absolute number of
passengers is challenging and may need data fusion and new technologies. For example,
computer vision observation could be a way forward, but occlusion often occurs in high
density. The second limitation is that by using Wi-Fi data only, it is difficult to detect travel
companions, which might influence passengers’ behaviour. Wi-Fi location tracking data
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only generate when the probe requests are sent by mobile devices and it has a 5-m error, so
it cannot compare inter-personal distances to identify social groups.

Further research can be conducted on the extent to which each platform design element
(information board, seats, etc.) contributed to stays. With the help of additional datasets
(such as survey data and passive data), the mechanism of passenger behaviour can be further
investigated, such as the influence of crowdedness on passenger behaviour and the interac-
tions between individuals.
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