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 a b s t r a c t

Comfort on-board public transport vehicles is a critical metric of user experience and service 
performance. The quantification of this metric requires knowledge of the number of passengers 
on-board every time a vehicle arrives at or departs from a stop or station. Automatic Passenger 
Counting (APC) systems allow obtaining such knowledge in real-time, but the information is often 
incomplete due to system malfunctions, or, more commonly, a lack of the relevant equipment in 
some vehicles. This study develops an advanced method for passenger estimation that fills gaps 
in incomplete APC datasets, with computational performance allowing real-time application, and 
calculates comfort levels on-board public transport vehicles in complex networks where stations 
are served by multiple lines. The proposed method is tested on a case study considering the 
Helsinki commuter train network, comprising 6 service lines and 20 stations. The results indicate 
that the proposed framework can achieve comfort level estimations with high precision across the 
different cases evaluated. Furthermore, the study provides insight into the key practical question 
of the number of vehicles that need to be equipped with APC devices in order to obtain sufficiently 
accurate on-board passenger comfort estimates, and it is shown that it is possible to obtain these 
estimates even when only a small subset of the runs of any single day are performed by equipped 
vehicles. Finally, the proposed estimation approach is a valuable tool for operators to obtain a 
better understanding of daily mobility patterns, evaluate their services through quantifying user 
experience, and enhance their operations.

1.  Introduction

Monitoring the factors that affect user experience in public transport systems is of critical importance to ensure viable and sus-
tainable services. There are a number of determinants of user experience, with comfort on-board vehicles being one of the most 
significant (Göransson and Andersson, 2023). Comfort is directly affected by the number of passengers on-board and influences the 
very choice of public transport as a mode for any trip, as other (less sustainable) modes are likely to be preferable if public transport 
involves travelling on crowded vehicles without seating availability. As a result, authorities and operators utilise on-board comfort as 
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\begin {align}\label {eq:KF1} \hat {x}^-(k) &= A(k-1) \hat {x}(k-1) \\ \label {eq:KF2} P^- (k) &= A(k-1) P^+ (k-1) A(k-1)^T + Q \\ \label {eq:KF3} K (k) &= P^- (k) C(k)^T \left [ R + C(k) P^- (k) C(k)^T \right ]^{-1} \\ \label {eq:KF4} \hat {x} (k) &= \hat {x}^- (k) + K(k) \left [\bar {z} (k) - C (k) \hat {x} (k) \right ] \\ \label {eq:KF5} P^+ (k) &= \left [I_d - K (k) C (k) P^- (k) \right ]\end {align}
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a well-established measure of service performance in order to enhance user satisfaction and ensure public transport usage. Therefore, 
information on the number of passengers on-board public transport vehicles is essential.

Technological advances have led to greater availability of automatically collected data for quantifying transport demand. However, 
there is an increasing need for efficient models that are capable of supporting advanced real-time applications in the field of comfort 
estimation. This leads to the need to ensure the highest possible quality of available datasets. Therefore, the development of approaches 
to improve the quality of commonly used datasets is critical to ensure efficient service planning and management for services with 
high operational performance.

Automatic Passenger Counting (APC) is a well-established technology for collecting demand-related data in public transport 
networks (Boyle, 1998). The collection of APC data is based on technological equipment installed on the vehicles to count the 
number of passengers boarding and alighting and, consequently, the number of passengers on-board (e.g., through sensors installed 
above the vehicle doors) or directly the number of passengers on-board (e.g., through weight sensors) (Dib et al., 2023). Therefore, 
APC has been used for several studies related to crowding and comfort on-board public transport vehicles (Khomchuk et al., 2018; 
Hu et al., 2020; Roncoli et al., 2023a).

APC systems offer clear opportunities for demand analysis, but a commonly reported drawback is their high acquisition and 
maintenance costs. According to Dib et al. (2023), APC systems are optional for network operations and, since they are often regarded 
by operators as expendable costs, they are typically installed only on a subset of the fleet. While some networks achieve remarkably 
high APC coverage, e.g., 90% in the Regional Municipality of Waterloo in Canada (Jung and Casello, 2020), coverage can be much 
lower in many cases, e.g., about 20% on Stockholm’s busiest high-frequency bus line in Sweden (Jenelius, 2019a), and only 5–10% 
in the tramway network of Nantes in France (Roncoli et al., 2023a). Moreover, APC technologies are not error-proof, with system 
malfunctions being an all-too-common occurrence (Grgurević et al., 2021). Hence, there is a critical need to develop models, methods, 
and tools that allow filling the gaps of the generated datasets, so that they can be utilised for advanced applications within the network.

This paper builds on the previous work by Roncoli et al. (2023a), which utilises APC in conjunction with Automatic Vehicle 
Locating (AVL) data in order to estimate passenger loads and comfort levels, with a focus on tramway networks and a case study 
in the French city of Nantes. Such a method achieves good results even in the case of a low penetration rate of APC devices (i.e., 
5-10% as in the case study); however, its main limitation is that it is based on the assumption that stations serve a single line and 
passengers always board the first vehicle that arrives. However, this is not the case in more complex networks in which stations are 
served by multiple lines, where passengers are faced with a choice of which vehicle to board rather than board the first one that 
arrives. Therefore, the present study lifts this constraint, generalising the methodology by Roncoli et al. (2023a) and proposing an 
estimation method for comfort levels in complex public transport networks, based on non-exhaustive (incomplete) APC datasets. The 
novel estimation framework introduces updates in the main modelling components of the existing estimation framework, including 
also the estimation of passengers alighting and historical information.

The case study of the western branch of the Helsinki commuter train network is used here, in which stations are served by up 
to six lines. APC devices are installed on virtually all vehicles, but technical faults and malfunctions result in missing APC records, 
which leads to a variable APC coverage per day. The estimation of the number of passengers on-board trains between two consecutive 
stations and the resulting estimation of comfort levels on-board is achieved per vehicle run, line stop, and time interval of a typical 
working day. Hence, the proposed model and its outputs can be relevant both for passengers (who may choose between alternative 
departures at the same station) and for operators (who can monitor service quality and intervene when overcrowding occurs). Beyond 
real-time applications, such models can serve as tools for assisting decision-making for more long-term planning of the public transport 
network.

The rest of this paper is structured as follows. Section 2 presents relevant literature and highlights this paper’s contribution. 
Section 3 describes the proposed methodology and the validation framework. Section 4 presents the Helsinki commuter train network 
and the APC data that are available, including also data analyses to demonstrate operational and demand-related characteristics. 
Section 5 presents and discusses the results from implementing the proposed methodology. Section 6 presents the results of sensitivity 
analyses. Finally, Section 7 concludes the study and identifies areas of future work.

2.  Literature review

2.1.  Crowding and comfort in public transport

Public transport vehicles with high volumes of passengers on-board are seen as overcrowded, leading to negative feelings and 
perceptions toward public transport. A recent systematic review on crowding valuation in public transport (Fedujwar and Agarwal, 
2024) highlighted the need to understand the effect of crowding on public transport systems and their users. The findings indicate that 
the passenger perception towards crowding differs depending on mode of transport, data types, and different modelling frameworks, 
among others. The recent COVID-19 pandemic also motivated a number of studies related with crowding in public transport (Basnak 
et al., 2022; Yap et al., 2025; Karatsoli et al., 2024; Cho et al., 2024).

Shao et al. (2022) emphasise the role of crowding as an external cost for public transport users and focus on its influence on the 
travel choice behaviour. Their findings suggest that under certain conditions the perceived time on-board crowded vehicles can be 
twice as long as the actual time. In Tirachini et al. (2013), the authors analyse crowding effects in relation to various factors, such as 
operating speed, travel time reliability, and passenger well-being, among others. The authors conclude that demand is either over- 
or under-estimated, if crowding cost is discounted. It is also found that crowding affects not only the passengers who are already 
on-board, but also the passengers who are waiting to board. Several studies have focused on the phenomenon of passengers being 
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left behind due to overcrowded vehicles, and have explored what the occurrence of this phenomenon means in terms of mode and 
route choice (Trozzi et al., 2013, 2015; Zhu et al., 2017; Ma et al., 2019; Sipetas et al., 2020).

Crowding on-board public transport vehicles can be translated into comfort levels, which is an approach for better understanding 
the passenger experience as a result of the number of passengers with whom they share the same vehicle. Bouscasse and de Lapparent 
(2019) model comfort as a function of objective attributes and subjective individual perceptions, such as seating availability, perceived 
use of on-board travel time and ease of public transport usage, among others. Maternini and Cadei (2014) propose and validate a 
scale of comfort on-board accounting for standing passengers and road characteristics. The relationship between crowding levels, 
perceived comfort and security is investigated in Tirachini et al. (2017). Results highlight that crowding perception varies across the 
population, depending on gender, income and age.

Research has also focused on quantifying on-board comfort through composite metrics. For example, Chandakas (2009) assigns 
comfort levels based on the on-board density of standing passengers and the availability of occupied seats. Definitions of in-vehicle 
comfort levels are also included in the US Transit Capacity and Quality of Service Manual (TCQSM) (Board, 2013).

2.2.  Public transport demand data sources

Estimating crowding and comfort levels on-board public transport vehicles requires information about demand flows within the 
public transport network, and numerous methods for collecting such information have been developed over the years. Surveys have 
been a traditional way of collecting demand-related information for various purposes, as for example, to explore rider characteristics 
(Buehler and Pucher, 2012), traveller attitudes during mode choice (Popuri et al., 2011), and comfort perceptions (da Silva and 
Mendes, 2020). However, surveys and other manual data collection methods are laborious and expensive (Mohammed and Oke, 
2023), while advances in technology allow for more accurate and precise information nowadays. More recent literature includes 
studies that quantify demand using WiFi and Bluetooth mobile devices (Gonzales et al., 2018; Mehmood et al., 2019; Ryu et al., 
2020; Pu et al., 2020). Nevertheless, such data collection technologies have drawbacks, like their tendency towards underestimation 
due to obstacles or overestimation due to noise from devices that are detected from beyond the area of interest (Bai et al., 2017). 
More recent research utilises traveller information deriving from public transport ticketing applications for smartphones (Sipetas et al., 
2024). According to Huang et al. (2022), however, the quality of such data is variable, as it depends highly on the user acceptance 
towards being recorded while using the application.

In addition to traditional manual surveys and recent sensing technologies, there are a variety of data sources installed within 
public transport infrastructure and vehicles to automatically collect demand-related data. Such sources, often collectively referred to 
as Automatic Data Collection (ADC) systems (Hsu et al., 2020), have made a significant contribution to many studies related with 
public transport over the last few decades. Smartcard Automated Fare Collection (AFC) is one such technology (Pelletier et al., 2011) 
that has seen many applications in the last years, such as for example in understanding travel patterns and behaviours (Ma et al., 
2013; Munizaga et al., 2014; Briand et al., 2017). AFC data often lack full tap-in/tap-out coverage across networks, which limits 
accuracy and requires inferences to estimate passenger flows.

APC complements all the above technologies, in what it is directly related with numbers of passengers on-board, and consequently 
also crowding and comfort. APC devices usually rely on infrared or pressure/weight sensors, which enable counting the numbers of 
passengers entering and exiting public transport vehicles, and hence, provide good estimates of the number of passengers on-board 
at any one time. However, APC technology is usually associated with high costs of acquisition and maintenance, which often leads to 
only a fraction of the vehicles in the public transport network being equipped. Moreover, APC systems, like any other technology, are 
not error-free and suffer malfunctions, which result in even lower network coverage, thus necessitating the development of advanced 
methods for filling the data gaps. Several studies have focused on evaluating APC data accuracy and precision (Kimpel et al., 2003; 
Olivo et al., 2019; Ellenberger and Siebert, 2025) aiming at supporting its continuous success.

2.3.  Data-driven methods for estimating passengers on-board public transport

Although many studies have focused on estimating travel demand over the years, there is limited literature related with real-time 
estimation of the numbers of passengers on-board public transport vehicles, and the main reason is the lack of reliable data sources 
to date. A notable example is He et al. (2018), where manual passenger counts have been used to develop a framework that allows 
the control of air-conditioning on-board buses in Beijing based on the number of passengers on-board. The proposed framework 
includes methods, such as Monte Carlo simulation, neural networks and Markov chains. Other studies have also utilised WiFi-enabled 
technologies for estimating passengers on-board. For example, Mikkelsen et al. (2016) develop an algorithmic framework to achieve 
estimations of passengers on-board buses in Aalborg, Denmark. A low-cost automatic data collection system that utilises smartphone 
MAC address data and a mathematical framework to estimate public transport occupancy is proposed by Vieira et al. (2020). Therein, 
the contribution potential of Kalman filtering techniques in reducing the prediction errors is highlighted.

Several methods have used AFC data for estimating passengers on-board, showcasing their value for monitoring service reliability 
and passenger behaviour, even if inference is often required. For instance, Zhang et al. (2017) employ trip chaining analysis with 
Kalman filtering, while Heydenrijk-Ottens et al. (2018) apply random forests and gradient boosting to tram networks in the Hague. 
Other studies use AFC for destination inference in incomplete datasets, such as Sánchez-Martínez (2017) in Boston’s tap-in-only 
system. AFC has also been applied to study impacts of incidents and disruptions, for example in London’s network (Freemark, 2013; 
Liu et al., 2021). These studies highlight the diverse applications and limitations of AFC in passenger load estimation.
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In recent years, several studies have used APC data within different methods for estimating the number of passengers on-board 
public transport vehicles. Bayesian estimation (Khomchuk et al., 2018), neural networks (Hu et al., 2020), time series and machine 
learning (Pasini et al., 2019), Kalman filtering and support vector regression (Wang et al., 2021) are among the relevant methods 
present in the literature. Some studies fuse APC data with other data sources, such as Jenelius (2019b), where various methods 
(stepwise regression, lasso regression, and boosted tree ensembles) are used to predict real-time vehicle-specific on-board crowding 
levels in metro networks. Dib et al. (2023) combine AFC with APC data of partial coverage for estimating unified occupancy on a 
public transport network, using data from several French networks. Acknowledging the limitation of APC datasets in providing full 
information for the number of passengers on-board public transport vehicles, Roncoli et al. (2023a,b) develop a Kalman filter-based 
framework for filling the gaps in APC datasets without using other demand-related data sources (e.g., AFC). Their case study refers 
to the tram network of Nantes, France.

2.4.  Summary and research gaps

Existing literature highlights the importance of quantifying (dis-)comfort due to crowding in public transport vehicles, and this 
can be achieved by estimating the number of passengers on-board. Methods developed in this field depend heavily on different types 
of data sources. Manual data collection techniques are often considered time and labour-intensive, while some advanced sensing 
technologies are, to date, insufficiently mature and can, therefore, not showcase their full capacity. Traditional, yet automated, data 
collection through APC devices is promising for several real-time applications in the field of vehicle occupancy and comfort. Previous 
studies, including the one by Roncoli et al. (2023a), allowed to improve incomplete APC datasets, making them usable within real-
time applications for comfort estimation. However, the developed models refer to stations that serve only one line, which is more 
common for lighter rail modes (e.g. trams) in mid-size cities, but less common for heavy rail systems (e.g. commuter trains) or in 
large cities. Therefore, there is a critical need for further expanding the methodology to be usable in any complex network, in which 
stations are served by multiple lines, which is the goal of the present study.

3.  On-board comfort estimation methodology

Motivated by the incomplete APC datasets typically available to transport operators and the resulting challenge of monitoring 
crowding and comfort on-board vehicles, the goal of this paper is to develop a framework that accurately estimates the number of 
passengers on-board public transport vehicles and translates these estimates into comfort levels as experienced by travellers. The 
proposed method relies on two data sources:

1. APC data from devices installed on a subset of operating vehicles, which report boarding and alighting counts per run and station.
2. AVL data for all operating vehicles, which provide the departure times of each vehicle from every station.

It should be noted that, regardless of the specific formatting of APC and AVL data, the required inputs for the proposed approach 
can always be obtained. Although APC coverage may vary across networks, the framework remains applicable as long as at least 
limited APC data are available (e.g., as low as 5–10% in Roncoli et al., 2023a). Hence, the proposed modeling is suitable for networks 
with intersecting lines where partial APC and full AVL data are available. Moreover, the proposed approach is capable of dealing with 
incomplete information due to intermittent measurement and communications failures; nevertheless, it is assumed that a baseline 
of information is available for each line, either through historical records or real-time observations, to ensure the identifiability of 
line-specific dynamics.

3.1.  Estimation framework

The adopted technique for passenger estimation and, consequently, passenger comfort level estimation relies on the Kalman Filter 
(KF) (Kalman and Bucy, 1961; Anderson and Moore, 1979), which is an established methodology employed for different estimation 
and prediction purposes within transportation studies (see, e.g., Wang and Papageorgiou, 2005; Bekiaris-Liberis et al., 2016, 2017; 
Saeedmanesh et al., 2021; Trinh et al., 2022; Abewickrema et al., 2023). In the frame of a KF, for a variable (vector) 𝑥 with a-priori 
(i.e. predicted) estimation denoted as 𝑥̂−, a-posteriori (i.e. updated) estimation denoted as 𝑥̂, and a state-transition model 𝐴, for any 
time interval 𝑘, the following are employed:

𝑥̂−(𝑘) = 𝐴(𝑘 − 1)𝑥̂(𝑘 − 1) (1)

𝑃−(𝑘) = 𝐴(𝑘 − 1)𝑃+(𝑘 − 1)𝐴(𝑘 − 1)𝑇 +𝑄 (2)

𝐾(𝑘) = 𝑃−(𝑘)𝐶(𝑘)𝑇
[

𝑅 + 𝐶(𝑘)𝑃−(𝑘)𝐶(𝑘)𝑇
]−1 (3)

𝑥̂(𝑘) = 𝑥̂−(𝑘) +𝐾(𝑘)[𝑧̄(𝑘) − 𝐶(𝑘)𝑥̂(𝑘)] (4)

𝑃+(𝑘) =
[

𝐼𝑑 −𝐾(𝑘)𝐶(𝑘)𝑃−(𝑘)
]

(5)

where 𝑄 = 𝑄𝑇 > 0 is a tuning parameter that represents the (ideally known) covariance matrices of the process, 𝐾 is the optimal 
Kalman gain, 𝐶 describes the observation model of 𝑥, 𝑅 = 𝑅𝑇 > 0 is a tuning parameter for the measurement noise, 𝑧̄ is a (noisy) 
measurement of 𝑥, and 𝐼𝑑 represents an identity matrix of proper size. The a-priori estimation for variable 𝑥 state at time 𝑘 is obtained 
considering solely the previous (estimated) state at 𝑘 − 1 and the system’s dynamics (1). Accordingly, the uncertainty of the a-priori 
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state, i.e., when only the system dynamics is considered, is calculated according to (2). The Kalman gain 𝐾 is then calculated as the 
gain that minimises the residual error in term of the minimum mean square error of the estimation (3). The a-posteriori (updated) 
state estimate of 𝑥, i.e., when available measurements are considered, is calculated via (4). Finally, the uncertainty of the system’s 
state when measurements are considered is computed via (5). The algorithm is initialised considering 𝑥̂(𝑘0) = 𝜇 and 𝑃 (𝑘0) = 𝐻 , where 
𝜇 and 𝐻 = 𝐻𝑇 > 0 represent the mean and auto-covariance of 𝑥̂(𝑘0) and 𝑃 (𝑘0), respectively. For clarity, a complete glossary of the 
notation employed throughout the paper is provided in Appendix A.

In this work, the KF algorithm presented above is separately applied to estimate two critical components: 1) the number of 
passengers boarding a vehicle (𝑏̂r𝑗), and 2) the alighting rate of a vehicle (𝛾̂r𝑗 ), defined as

𝛾̂r𝑗 =
𝑎̂r𝑗
𝑝̂𝑗
, (6)

where 𝑎̂r𝑗 is the number of passengers that alight and 𝑝̂𝑗 is the number of passengers on-board run 𝑗. This is performed by implementing 
two parallel KFs to estimate these quantities, which are then combined under the consideration of the conservation of passengers, 
enabling the estimation of the number of passengers on-board (𝑝̂𝑗), according to:

𝑝̂𝑗 (𝑘 + 1) = 𝑝̂𝑗 (𝑘) + 𝑏̂r𝑗 (𝑘) − 𝑎̂
r
𝑗 (𝑘). (7)

Replacing (6) into (7), the latter is rewritten as:
𝑝̂𝑗 (𝑘 + 1) = [1 − 𝛾̂r𝑗 (𝑘)] ⋅ 𝑝̂𝑗 (𝑘) + 𝑏̂

𝑟
𝑗 (𝑘). (8)

Values 𝑝̂𝑗 are then used for estimating comfort levels on-board, as elaborated in greater detail in Section 3.5.
It should be noted that the current study applies KF to estimate the same two critical components as in Roncoli et al. (2023a); 

however, the dynamical process and measurement models are substantially modified, enabling additional estimation capabilities. This 
section proceeds first by presenting an overview of the previous study’s methodology, then by describing in detail the proposed critical 
modelling changes. More specifically, Section 3.2 summarises the estimation models employed for the case of simple networks with 
one line per station. Each main modelling component is presented separately, with the dynamic modelling approach for the number 
of passengers boarding presented in Section 3.2.1 and the dynamic modelling approach for the number of passengers alighting in 
Section 3.2.2. The novel models for estimating the number of passengers boarding as proposed in this study in order to account for 
multiple lines per station are presented in Section 3.3. Section 3.4 discusses the observability properties of the proposed models. 
Finally, Section 3.5 presents the validation framework utilised in this study.

3.2.  Overview of existing modeling framework for one line per station

In the presented estimation framework, a station is denoted by index 𝑖 ∈ 𝐼 , with 𝐼 being the set of available stations within the 
modelled public transport network. A set of runs denoted by 𝑗 ∈ 𝐽 operate across the network. It is assumed that the estimation 
algorithm runs on a daily basis, considering an “ operational” day, which typically starts in the morning of a calendar day (usually 
at 4 or 5 AM) and finishes in the early hours of the next calendar day (usually at 1 or 2 AM). Considering the dynamic modelling 
proposed here and the definition of the discrete-time domain, a time step of size 𝑇  in seconds (e.g., 30–60 s) is employed here, with 
the actual time defined as 𝑡 = 𝑘𝑇  where 𝑘 is the time step index. For notational simplicity, all variables in the following sections are 
expressed as functions of the time-step index 𝑘 only. In the case study implementation, we set 𝑇 = 1, which effectively makes 𝑘 the 
unit of time. However, the formulation is general and remains valid for other values of 𝑇 . In addition, for every variable 𝜔, 𝜔̄ denotes 
its measured value, 𝜔̃ denotes its historical value, and 𝜔̂ denotes its estimated value using the proposed methodology.

The proposed modelling framework is based on the assumption that the following information is available at any time 𝑘:
• Real-time AVL information (i.e. actual or scheduled departure times from the current and following stations) for all runs and at 
all stations, providing 𝜂r𝑖,𝑗 (𝑘),∀𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽 .

• Real-time APC data for a limited number of runs 𝐽 ⊂ 𝐽 , providing 𝑏̄r𝑗 (𝑘), 𝑎̄r𝑗 (𝑘), and 𝑝̄𝑗 (𝑘), for 𝑗 ∈ 𝐽 . This allows to assign 𝛽r𝑗 = 1 if 
𝑗 ∈ 𝐽 and 𝛽r𝑗 = 0 otherwise.

• Historical information obtained by processing AVL and APC data available for a set of previous days 𝑑 ∈ 𝐷, providing boarding, 
lightning, and passengers on board.

The models employed in this paper for estimation are station-based, i.e., we estimate the boarding and alighting at every station, 
every time a vehicle arrives or departs; however, it is necessary to introduce relevant assumptions referring to vehicle-based quantities. 
Considering a reasonable time step 𝑇  (e.g. above 30 s and below 2 min), for all public transport networks it is safe to assume that:

1. There is only one run 𝑗 that departs from station 𝑖 during time (𝑘 − 1, 𝑘]
2. A run 𝑗 can depart from only one station during a time interval (𝑘 − 1, 𝑘]
3. At the time that a vehicle departs from station 𝑖, all passengers waiting to travel at time 𝑘 will board the vehicle during (𝑘 − 1, 𝑘]

It is noted that, in crowded public transport networks, and especially during peak hours, passengers might be left behind from the 
first arriving vehicle due to overcrowding phenomena on-board the vehicle (Sipetas et al., 2020). Due to the complexity entailed, the 
consideration of such phenomena is deemed beyond the scope of the present study, and will be explored as part of future work. It is, 
therefore, assumed here that everyone waiting at the station will be able to board their desired vehicle.
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3.2.1.  Dynamic model for boarding passengers
The dynamics for boarding passengers is modelled as follows:

[

𝑤𝑖(𝑘 + 1)
𝑒𝑖(𝑘 + 1)

]

=
[

1 − 𝜂𝑖(𝑘) 1
0 1

]

⋅
[

𝑤𝑖(𝑘)
𝑒𝑖(𝑘)

]

+ 𝜉𝑖(𝑘) (9)

where 𝑤𝑖(𝑘) represents the number of passengers waiting to board at station 𝑖 at time 𝑘, 𝑒𝑖(𝑘) represents the number of passengers 
entering station 𝑖 at time 𝑘, and 𝜉𝑖(𝑘) is an unknown modelling error (e.g. zero-mean Gaussian noise). Since 𝜂𝑖(𝑘) is a known (i.e. 
measured) variable, (9) represents a linear-parameter-varying system.

The measurement model is:
[

𝑧̄𝑖(𝑘)
𝑧̃𝑖(𝑘)

]

=
[

𝛽𝑖(𝑘) 0
0 𝜙(1 − 𝛽𝑖(𝑘))

]

⋅
[

𝑤𝑖(𝑘)
𝑒𝑖(𝑘)

]

+ 𝜓𝑖(𝑘) (10)

where 𝜓𝑖(𝑘) is an unknown measurement error (e.g. zero-mean Gaussian noise). The measurement 𝑧̄𝑖(𝑘) is obtained from quantities 
available at any time step 𝑘 as follows:

𝑧̄𝑖(𝑘) =
∑

𝑗∈𝐽
𝜂r𝑖,𝑗 (𝑘) ⋅ 𝑏̄

r
𝑗 (𝑘). (11)

The measurement 𝑧̃(𝑘) is obtained from historical data. Historical values consider the number of passengers having entered a 
station during a number of 𝑑 historical days. The historical value of the number of passengers entering station 𝑖 in interval 𝑇  to board 
during (𝑘̃𝑇̃ , (𝑘̃ + 1)𝑇̃ − 1] is:

𝑧𝑖(𝑘̃) =

∑

𝑑∈𝐷
∑(𝑘̃+1)𝑇̃−1
𝑘=𝑘̃𝑇̃

𝑏̄d𝑖,𝑑 (𝑘)

𝑡d𝑖,𝑑 (𝑘)

∑

𝑑∈𝐷
∑(𝑘̃+1)𝑇̃−1
𝑘=𝑘̃𝑇̃

𝛽d𝑖,𝑑 (𝑘)
, (12)

where ̃𝑘 is the bin index, 𝑇̃  is the bin size, 𝐷 is the set of days considered, 𝑏d𝑖,𝑑 (𝑘) is the number of vehicles boarding at station 𝑖 during 
(𝑘 − 1, 𝑘] on day 𝑑, 𝑡d𝑖,𝑑 (𝑘) is the time since the last vehicle stopped at station 𝑖 on day 𝑑 considering the current time 𝑘, and 𝛽d𝑖,𝑑 (𝑘)
equals 1 if a vehicle departing from station 𝑖 during (𝑘 − 1, 𝑘] on day 𝑑 provides passenger loads information, and 0 otherwise.

3.2.2.  Dynamic model for alighting passengers
The alighting rate per station, 𝛾𝑖(𝑘), is defined as:

𝛾𝑖(𝑘) =
∑

𝑗∈𝐽
𝜂r𝑖,𝑗 (𝑘) ⋅ 𝛾

r
𝑗 (𝑘) (13)

where 𝜂r𝑖,𝑗 (𝑘) equals 1 if run 𝑗 departs from station 𝑖 and 0 otherwise.
Due to a lack of physical dynamics, the alighting rate is modelled via a purely data-driven approach, considering random walk 

dynamics as follows:
𝛾𝑖(𝑘 + 1) = 𝛾𝑖(𝑘) + 𝜉

𝛾
𝑖 (𝑘), (14)

where 𝜉𝛾𝑖 (𝑘) is zero-mean Gaussian noise. The measurement model is:
[

𝑧̄𝛾𝑖 (𝑘)
𝑧̃𝛾𝑖 (𝑘)

]

=
[

𝛽𝑖(𝑘)
𝜙(1 − 𝛽𝑖(𝑘))

]

𝛾𝑖(𝑘) + 𝜓
𝛾
𝑖 (𝑘), (15)

where 𝜓𝛾𝑖 (𝑘) is Gaussian noise.
The measurement 𝑧̄𝛾𝑖 (𝑘) is obtained from quantities measured in real-time at any time step 𝑘, as

𝑧̄𝛾𝑖 (𝑘) =
∑

𝑗∈𝐽
𝜂r𝑖,𝑗 (𝑘) ⋅

𝑎̄r𝑗 (𝑘)

𝑝̄𝑗 (𝑘)
. (16)

Similarly to the arriving passengers, 𝑧̃𝛾𝑖 (𝑘) is calculated employing historical alighting rates as:

𝑧̃𝛾𝑖 (𝑘̃) =

∑

𝑑∈𝐷
∑(𝑘̃+1)𝑇̃−1
𝑘=𝑘̃𝑇̃

𝛾̄d𝑖,𝑑 (𝑘)

𝑡d𝑖,𝑑 (𝑘)

∑

𝑑∈𝐷
∑(𝑘̃+1)𝑇̃−1
𝑘=𝑘̃𝑇̃

𝛽d𝑖,𝑑 (𝑘)
, (17)

where 𝛾̄d𝑖,𝑑 (𝑘) is the alighting rate at station 𝑖 during (𝑘 − 1, 𝑘] in day 𝑑.

3.3.  Modelling stations serving multiple lines

The case of a station serving multiple lines, which partly overlap their routes, introduces a major challenge for estimating the 
number of boarding passengers. The models described in Section 3.2 are based on the assumption that every traveller who is waiting 
to board a vehicle will board the first arriving vehicle, irrespectively of the line that it operates in, thus do not allow to capture the 
interactions among different lines that might operate at the same station.
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Fig. 1. The proposed estimation scheme.

In fact, in complex networks, travellers may arrive at a station 𝑖 that serves multiple lines 𝑙 ∈ 𝐿 and multiple runs per line 𝑗 ∈ 𝐽𝑙
and are willing to board a vehicle only if that serves their destination station. In addition, they might choose to board the vehicle of 
the first line that arrives and serves their destination or, if they have prior knowledge of the time schedules of all lines, they might 
board the vehicle of a line that departs later from the current station but is the first to arrive at their destination station. Indeed, 
when a station serves multiple lines, certain lines often connect to more distant stations with fewer intermediate stops, while others 
maintain service to all minor stations along the route. Furthermore, some of these lines might operate with small time differences, 
hence, the service frequency of the station is no longer equivalent to the service frequency associated with only one line. Therefore, 
the waiting times for later lines’ arrivals are not necessarily high. For these reasons, passenger demand might be distributed among 
lines per station in ways that need to be properly modelled.

Considering the above, the dynamics of the state vector of the overall system, previously described by Eq. (9), are redefined as 
follows (note that a variable with superscript 𝜔ml denotes a new version of a previously introduced variable 𝜔 redefined for estimation 
in the case of multiple lanes):

[

𝑤ml𝑖 (𝑘 + 1)
𝑒ml𝑖 (𝑘 + 1)

]

=

[

1 −
∑

𝑙∈𝐿 𝜂
ml
𝑖,𝑙 (𝑘) ⋅ 𝜃𝑖,𝑙(𝑘) 1
0 1

]

(𝑘) ⋅
[

𝑤ml𝑖 (𝑘)
𝑒ml𝑖 (𝑘)

]

+ 𝜉ml𝑖 (𝑘), (18)

where 𝜂ml𝑖,𝑙 (𝑘) is a binary variable indicating if a vehicle of line 𝑙 is at (or departs from) station 𝑖 during (𝑘 − 1, 𝑘], which can be 
calculated as 𝜂ml𝑖,𝑙 (𝑘) =

∑

𝑗∈𝐽𝑙 𝜂
r
𝑖,𝑗 . Eq. (18) introduces a novel parameter, 𝜃𝑖,𝑙(𝑘), which represents the ratio of all passengers entering 

station 𝑖 that will board a vehicle of line 𝑙. This value should be calibrated considering that the passengers who enter station 𝑖 ∈ 𝑆
during (𝑘 − 1, 𝑘], namely 𝑒ml𝑖 (𝑘), will face a choice among all runs departing within time horizon ℎ and will board the next available 
run of line 𝑙 ∈ 𝐿 that will arrive at their destination station first. In order to calibrate 𝜃𝑖,𝑙(𝑘), we propose the following algorithm:

1. The runs operating on lines 𝑙 departing from station 𝑖 within horizon ℎ are identified.
2. The first departing run of each line 𝑙, identified in step 1, is considered, disregarding the remaining ones.
3. The stations, 𝑆𝑖,𝑙, that each alternative line serves after the current station 𝑖, are identified.
4. For every station 𝑚 ∈ 𝑆𝑖,𝑙 after the current station 𝑖, the run of line 𝑙 that arrives first is identified, which enables determining the 
values 𝜇𝑖,𝑚,𝑙(𝑘). This is a binary variable equal to 1 if the first run of line 𝑙 departing from the current station 𝑖 within time interval 
[𝑘𝑇 , 𝑘𝑇 + ℎ) serves station 𝑚 ∈ 𝑆𝑖,𝑙 before the runs of every other lines that depart from station 𝑖 within a time horizon ℎ and serve 
station 𝑚, and equal to 0 otherwise. According to this definition, it always holds that ∑𝑙∈𝐿 𝜇𝑖,𝑚,𝑙 ≤ 1.

5. For each station 𝑚 ∈ 𝑆𝑖,𝑙 after station 𝑖, the attractiveness, 𝑎̃q𝑚(𝑘), is calculated based on the expected number of passengers that 
alight at this station during time period [𝜆𝑞 , (𝜆 + 1)𝑞); this could be estimated, e.g., on the basis of historical APC alighting records 
of 𝑁 previous days.

6. Finally, the ratio of all passengers entering station 𝑖 that will board line 𝑙 during time 𝑡 = 𝑘𝑇  is calculated as follows:

𝜃𝑖,𝑙(𝑘) =

∑

𝑚∈𝑆𝑖,𝑙 𝑎̃
q
𝑚(𝑘) ⋅ 𝜇𝑖,𝑚,𝑙(𝑘)

∑

𝑙∈𝐿
∑

𝑚∈𝑆𝑖,𝑙 𝑎̃
q
𝑚(𝑘) ⋅ 𝜇𝑖,𝑚,𝑙(𝑘)

. (19)

The time horizon ℎ represents the forward-looking window at each station, within which runs of all lines departing are considered 
as alternatives for newly arriving passengers. Passengers entering station 𝑖 during (𝑘 − 1, 𝑘] are therefore assumed to distribute only 
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Fig. 2. The proposed calibration scheme for the ratio of passengers per line.

among runs departing within the next ℎ time steps. Thus, ℎ can be defined as

ℎ = min
{

𝐻̄, ℎmax
}

, (20)

where 𝐻̄ is the maximum headway of all lines serving the station, and ℎmax is an upper bound related to passenger arrival behavior, 
i.e., ℎmax indicates how long before the train’s departure passengers are assumed to arrive at the station. In practice, the exact value 
of ℎmax is case-specific and should be calibrated empirically.

Since APC devices only provide information on passenger loads for some runs, station-level arrival rates are not directly measured. 
To address this, the framework first estimates the total number of passengers arriving at each station within a given time interval 
based on historical patterns and then distributes these passengers across departures of different lines using the splitting algorithm de-
scribed above. This aggregation bridges the gap between limited train-level observations and station-level demand, enabling accurate 
estimation of on-board loads and comfort levels. Moreover, broad applicability is maintained using only APC records and without 
requiring additional data sources (e.g., station camera feeds).

The process for calibrating 𝜃𝑖,𝑙(𝑘) is illustrated in Fig. 2. It should be noted that 
∑

𝑙∈𝐿 𝜃𝑖,𝑙(𝑘) = 1 must always hold. It is also noted 
that both 𝜃𝑖,𝑙(𝑘) and 𝜂𝑖,𝑙(𝑘) are known (i.e. measured) variables, hence, Eq. (18) also represents a linear-parameter-varying system. A 
special case must be addressed in the calibration framework when there are no historical alightings after station 𝑖 on line 𝑙 during 
[𝑘𝑇 , 𝑘𝑇 + ℎ), which is common during late-night or early-morning runs. Yet, some passengers are waiting to board on the current day. 
This may occur due to: 1) a shift in demand patterns, or 2) missing historical APC data caused by technical issues. In such cases, the 
proposed framework would incorrectly estimate 𝜃𝑖,𝑙(𝑘) = 0, preventing from capturing any boardings; this is addressed by replacing 
it with 𝜃𝑖,𝑙(𝑘) = 1.

Considering the above modifications, the measurement model, previously described by Eq. (10), becomes:

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎣

𝑧̄ml𝑖,1 (𝑘)
⋮

𝑧̄ml𝑖,𝑙 (𝑘)
⋮

𝑧̄ml𝑖,𝐿(𝑘)
𝑧̃ml𝑖 (𝑘)

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎦

=

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎣

𝛽𝑖,1(𝑘) 0
⋮ ⋮

𝛽𝑖,𝑙(𝑘) 0
⋮ ⋮

𝛽𝑖,𝐿(𝑘) 0
0 (1 −

∑

𝑙∈𝐿 𝛽𝑖,𝑙(𝑘))

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎦

⋅
[

𝑤ml𝑖 (𝑘)
𝑒ml𝑖 (𝑘)

]

+ 𝜓ml𝑖 (𝑘), (21)

where 𝜓ml𝑖 (𝑘) is an unknown measurement error (e.g. zero-mean Gaussian noise). It is noted that 𝛽𝑖,𝑙(𝑘) is a binary variable that equals 
1 if the vehicle of line 𝑙 that departs from station 𝑖 is equipped with APC and zero if not. Furthermore, historical data is always included 
in estimation, considering its beneficial effects on results as demonstrated by Roncoli et al. (2023a). The measurement 𝑧̄ml𝑖,𝑙 (𝑘), defined 
for 𝑙 ∈ 1,… , 𝐿, is obtained from measured quantities available at any time step 𝑘 as follows:

𝑧̄ml𝑖,𝑙 (𝑘) =
∑

𝑗∈𝐽𝑙

𝜂r𝑖,𝑗 (𝑘) ⋅ 𝑏̄
r
𝑗 (𝑘). (22)
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The historical value of the number of passengers entering station 𝑖 in interval 𝑇  during (𝑘̃𝑇̃ , (𝑘̃ + 1)𝑇̃ − 1], previously described by 
Eq. (12), is updated as follows:

𝑧̃ml𝑖 (𝑘̃) =

∑

𝑑∈𝐷
∑

𝑙∈𝐿
∑(𝑘̃+1)𝑇̃−1
𝑘=𝑘̃𝑇̃

𝑏̄d𝑖,𝑙,𝑑 (𝑘)

𝑓d𝑖,𝑙,𝑑 (𝑘)

∑

𝑑∈𝐷
∑

𝑙∈𝐿
∑(𝑘̃+1)𝑇̃−1
𝑘=𝑘̃𝑇̃

𝛽d𝑖,𝑙,𝑑 (𝑘)
, (23)

where 𝑏d𝑖,𝑙,𝑑 (𝑘) is the number of passengers boarding a vehicle of line 𝑙 at station 𝑖 in day 𝑑. One choice for the value 𝑓d𝑖,𝑙,𝑑 (𝑘) can be the 
time difference between consecutive vehicle departures from the station, considering relatively uniform departures with reasonable 
time differences. Alternatively, a simpler approach would be to assume a constant value (𝑓d𝑖,𝑙,𝑑 (𝑘) ≡ 𝑓 ) that reflects how much earlier 
than the train departure the passengers that board a vehicle of line 𝑙 arrive at the station 𝑖 (e.g. 15 min, or any other reasonable 
value). Our experiments revealed that the latter option yields superior estimation performance. This can be explained to the frequent 
occurrence, particularly during peak hours, of stations serving multiple lines with only a few of time difference between consecutive 
departures. Consequently, assuming that passengers boarding line 𝑙 arrived at the station within the brief period since the previous 
departure results in overestimation of arrival rates. Applying the KF (1)–(5) for the system (18), (21), one may extract estimates 
𝑤̂ml𝑖 (𝑘), which are then employed to calculate 𝑏̂r𝑗 (𝑘), according to

𝑏̂r𝑗 (𝑘) =
∑

𝑖∈𝐼
𝜂r𝑖,𝑗 (𝑘) ⋅ 𝑤̂

ml
𝑖 (𝑘) (24)

which can then be used in (8).
Regarding the alighting rates modelling, unlike the modelling of the passenger boarding process, we express the estimations per 

line 𝑙. Therefore, the alighting rate, previously described by Eq. (13), is now defined by 𝛾ml𝑖,𝑙 (𝑘), i.e. expressed also per line 𝑙 and it is 
defined as follows:

𝛾ml𝑖,𝑙 (𝑘) =
∑

𝑗∈𝐽𝑙

𝜂r𝑖,𝑗 (𝑘) ⋅ 𝛾
r
𝑗 (𝑘) (25)

where 𝜂r𝑖,𝑗 (𝑘) equals 1 if run 𝑗 ∈ 𝐽𝑙 departs from station 𝑖 and 0 otherwise.
The alighting rate dynamics, previously described by Eq. (14), is now expressed per line 𝑙 using again random walk dynamics as 

follows:

𝛾ml𝑖,𝑙 (𝑘 + 1) = 𝛾ml𝑖,𝑙 (𝑘) + 𝜉
𝛾,ml
𝑖,𝑙 (𝑘), (26)

where 𝜉𝛾,ml𝑖,𝑙 (𝑘) is zero-mean Gaussian noise. The measurement model, previously described by Eq. (15), now becomes:
[

𝑧̄𝛾,ml𝑖,𝑙 (𝑘)
𝑧̃𝛾,ml𝑖,𝑙 (𝑘)

]

=
[

𝛽𝑖,𝑙(𝑘)
1 − 𝛽𝑖,𝑙(𝑘)

]

𝛾ml𝑖,𝑙 (𝑘) + 𝜓
𝛾,ml
𝑖,𝑙 (𝑘), (27)

where 𝜓𝛾,ml𝑖,𝑙 (𝑘) is Gaussian noise.
The measurement 𝑧̄𝛾,ml𝑖,𝑙 (𝑘) is obtained from measured quantities at any time step 𝑘 as:

𝑧̄𝛾,ml𝑖,𝑙 (𝑘) =
∑

𝑗∈𝐽𝑙

𝜂r𝑖,𝑗 (𝑘) ⋅
𝑎̄r𝑗 (𝑘)

𝑝̄𝑗 (𝑘)
. (28)

The historical alighting rates, previously described by Eq. (17), are now calculated as:

𝑧̃𝛾,ml𝑖,𝑙 (𝑘̃) =

∑

𝑑∈𝐷
∑(𝑘̃+1)𝑇̃−1
𝑘=𝑘̃𝑇̃

𝛾̄d𝑖,𝑙,𝑑 (𝑘)
∑

𝑑∈𝐷
∑(𝑘̃+1)𝑇̃−1
𝑘=𝑘̃𝑇̃

𝛽d𝑖,𝑙,𝑑 (𝑘)
, (29)

where 𝛾̄𝑑𝑖,𝑙,𝑑 (𝑘) is the alighting rate of line 𝑙 at station 𝑖 during (𝑘 − 1, 𝑘] in day 𝑑.
Regarding the historical alighting rates, it is noted here that low APC availability and/or few historical days incorporated might 

lead to zero alighting rates in the relevant time bins when this occurs, simply because there would not have been enough values 
captured for the estimation. These occurrences might lead to underestimations of alighting passengers. In such cases, a suggested 
technique to address the issues caused by the zero values is to perform interpolation between consecutive non-zero values to replace 
the non-accurate zeros. Applying the KF (1)–(5) for the system (26), (27), one may extract estimates ̂𝛾ml𝑖,𝑙 (𝑘), which are then employed 
to calculate 𝛾̂r𝑗 (𝑘), according to

𝛾̂r𝑗 (𝑘) =
∑

𝑖∈𝐼
𝑙∶𝑗∈𝐽𝑙

𝜂r𝑖,𝑗 (𝑘) ⋅ 𝛾̂
ml
𝑖,𝑙 (𝑘) (30)

which can then be used in (8).
The updated estimation framework that accounts for stations with multiple lines is summarised in Fig. 1 for a vehicle 𝑗. It is further 

noted that each station might serve more than one direction of movement. In such a case, each direction is treated as a separate station 
and the proposed methodology is implemented separately for each one.
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Fig. 3. The structural graphs (𝑇 ,𝑇 ) for patterns  and  that include matrices 𝐴 and 𝐶, respectively, of a) the boarding process model (18) and 
boarding measurement model (21), and b) the alighting rate process model (26) and alighting rate measurement model (27). State variables are 
represented in black, while measurement variables are in blue. Dashed lines indicate that the edge may exist, depending on the conditions written 
next to them.(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

3.4.  System observability

When dealing with real-time state estimation, the observability property guarantees that the dynamic evolution of internal states 
of a system (those not always directly measured), such as, in our case, boarding passengers and alighting rates, can be reproduced 
in real-time without bias from available partial measurements using an estimator such as the KF (Antsaklis and Michel, 2006). 
The observability of the systems formulated in the previous section is investigated following a graph-theoretic approach, denoted 
structural observability, by examining the system’s structure, defined by zero and non-zero elements of the 𝐴 and 𝐶 matrices (Liu 
et al., 2013). This approach is preferable when dealing with time-varying or parameter-varying systems (as with our models), since 
the parameters affect the system’s matrices in real-time. It should be noted that structural observability is a necessary condition for 
observability; however, a structurally observable system may temporarily lose observability when specific parameter combinations 
satisfy particular conditions. Conversely, if no parameter combinations exist that guarantee structural observability, no estimator 
would be able to reconstruct the system state from measured outputs.

Structure matrices  and  are introduced to characterise patterns of zero and non-zero elements in system matrices 𝐴 and 
𝐶, respectively. These patterns can be represented via graphs (𝑇 ,𝑇 ), shown in Fig. 3 for both the boarding passenger model, 
considering (18) and (21), and the alighting rate model, considering (26) and (27). We consider the following condition for structural 
observability (Liu et al., 2013). A linear system (𝐴,𝐶) is structurally observable if and only if: i) the graph (𝑇 ,𝑇 ) contains no 
non-accessible vertex; and ii) the graph (𝑇 ,𝑇 ) contains no dilation. Based on this definition, both systems satisfy the conditions for 
structural observability, meaning that there exist parameter combinations that guarantee observability. This is evident by assuming 
𝛽𝑖,𝑙 = 1 (or more generally, non-zero) and observing that for both systems, all vertices can be accessed, while no dilation exists in the 
graphs. Additionally, specific parameter value combinations render the system observable or cause a temporary loss of observability, 
which is investigated by examining the resulting graphs when some dashed edges are removed. The following claims can be made:

• the boarding passenger system for a given station 𝑖 is fully observable at time 𝑘 when ∃𝑙 ∈ 𝐿 ∶ 𝛽𝑖,𝑙(𝑘) ≠ 0 (i.e., when a vehicle 
operating on any line 𝑙 ∈ 𝐿 equipped with APC stops at station 𝑖) and partly observable otherwise, i.e., when ∑𝑙∈𝐿 𝛽𝑖,𝑙(𝑘) ≠ 1 due 
to the non-accessibility of vertex 𝑤ml𝑖 ; while vertex 𝑒ml𝑖  remains always accessible.

• the alighting rate system for each station 𝑖 and line 𝑙 is always observable, since, regardless of the value 𝛽𝑖,𝑙(𝑘), one of the two 
dashed edges is present.

To summarise, the structural observability property holds and implies the proper operation of the proposed estimation scheme. 
Since the loss of observability occurs only temporarily (either for some states or for all states) in the cases described above, when 
observability is restored, the estimation capabilities of the proposed scheme are again guaranteed.

It is noted that APC data incompleteness may also arise under different patterns. Even for APC-equipped vehicles, measurements 
may be missing due, e.g., to technical errors including missing sensor data or communication disruptions. In such cases, there is no 
change in the observability results discussed earlier, i.e., the system remains structurally observable, implying a correct functioning 
of the proposed methodology. On the contrary, if APC data are entirely unavailable for all vehicles operating on a given line, both 
in real time and historically, key quantities such as the passenger split ratios 𝜃𝑖,𝑙 and the historical alighting rates 𝑧̃𝛾,ml𝑖,𝑙  cannot be 
calculated. This results in a) the boarding passenger system becoming not well-posed because the state transition matrix depends on 
the uncomputable quantity 𝜃𝑖,𝑙 and b) the alighting rate system becoming unobservable for all lines 𝑙miss ∈ 𝐿miss ⊂ 𝐿 since there is no 
historical data and 𝛽𝑖,𝑙miss = 0, meaning the vertex 𝛾ml

𝑖,𝑙miss
 is non-accessible.
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3.5.  Evaluation and validation framework

The proposed method aims at estimating the number of passengers on-board vehicles through the numbers of passengers boarding 
and alighting at stations for the runs that do not have APC records. However, since information is not available for runs without APC 
records, an alternative validation approach is developed, which employs only data from APC-equipped runs. Specifically, when the 
estimation algorithm processes an APC-equipped run, estimation is first performed assuming that no APC measurement is available, 
denoting such estimate 𝜔̌ (for a generic variable 𝜔) and storing the respective estimated values; then, the estimates are re-calculated 
considering the available APC measurements, and these latter values are then used for the subsequent estimation steps. In this way, 
the estimation method can be evaluated in a fair manner through a comparison of the estimates obtained without considering APC 
measurements (𝜔̌) with their corresponding actual measurements (𝜔̄).

The number of passengers on-board can be further translated into comfort by utilising existing methods. In the present study, the 
Level of Service (LOS) framework of Chandakas (2009) is utilised. This framework is used to measure in-vehicle comfort on-board 
PT vehicles by assigning a comfort level on the basis of the on-board density of standing passengers (D) and of the proportion of 
occupied seats (R). The LOS and the respective conditions are as follows:

• LOS 1: 𝑅 ≤ 0.25 (free choice of a seat)
• LOS 2: 0.25 < 𝑅 ≤ 0.5 (possibility to choose a seat, constrained to availability)
• LOS 3: 0.5 < 𝑅 ≤ 1 (possibility to travel seated, limited choice available)
• LOS 4: 0 < 𝐷 ≤ 1.8 (standing conditions tolerated)
• LOS 5: 1.8 < 𝐷 ≤ 4 (no tolerance from standees, reliability issues)
• LOS 6: 𝐷 > 4 (density greater than 4 standees per 𝑚2, exceptional situation).

It is noted that LOS 1-3 are defined based on seat occupancy (R), while LOS 4-6 are defined based on standing passenger density (D >
0). In practice, LOS 4-6 typically occur when all seats are occupied (R > 1). The Level of Service (LOS) framework by Chandakas (2009) 
is adopted here due to its alignment with the proposed modeling framework and for consistency with earlier studies (i.e., Roncoli 
et al., 2023a), but any alternative comfort measure could equally be applied. Note that, since the transformation from the estimated 
boardings and alighting rates to LOS is nonlinear, there is no general guarantee of unbiasedness of LOS estimation. However, our 
numerical results show that, although there is certainly an impact on the variance of the resulting comfort estimates, the empirical 
bias looks minimal.

In this paper, the validation framework is composed of two levels. First, the performance of the models for estimating the number 
of passengers boarding, the estimated alighting rate and ultimately the estimated number of passengers on-board, are evaluated. 
Then, the model outputs are fed to the comfort level estimation framework of Chandakas (2009).

For the first level of validation, the estimations performed at the station level throughout the duration of an operational day 
regarding the number of passengers boarding, the alighting rate and the number of passengers on-board, are considered. For each 
one of these measures the following aggregated measures are calculated: the mean absolute error (MAE) for quantifying the average 
magnitude of the estimation differences from real values (31); the root mean squared error (RMSE) for capturing how well the 
estimated values align with the observed values, hence, targeting the evaluation of estimation accuracy (32); and the mean absolute 
percent error (MAPE), as another metric for targeting the quantification of accuracy (33). The metrics are calculated as follows:

MAE =

∑𝐾
𝑘=0

∑

𝑖∈𝐼
∑

𝑙∈𝐿|𝜔̌
s
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s
𝑖,𝑙(𝑘)|

∑𝐾
𝑘=0

∑

𝑖∈𝐼
∑
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(31)

RMSE =
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√
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(32)

MAPE =
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(33)

These equations consider that at each station 𝑖 ∈ 𝐼 and for each line 𝑙 ∈ 𝐿 the actual value (i.e. number of passengers boarding, the 
alighting rate, or the number of passengers on-board) 𝜔̄s𝑖,𝑙 is available (through true measurements), and the estimation 𝜔̌s𝑖,𝑙 is for an 
estimation horizon 𝐾 (i.e. one operational day in this study).

Although the performance of each one of the proposed method’s components is analysed separately (i.e. boardings, alightings 
and passengers on-board), the main focus and concern here is on how well the comfort of passengers on-board can be estimated. In 
fact, this is critical information with a high value for real-life applications. In this case, the sequence of estimated comfort levels is 
compared with the sequence of comfort levels calculated from actual measured data. The proposed models enable the quantification 
of comfort levels per run and station. Therefore, for a run 𝑟 ∈ 𝑅𝑗 that serves 𝑗 ∈ 𝑁𝑟 stations, estimations 𝜔̄𝑟,𝑗 of the true comfort levels 
𝜔̌𝑟,𝑗 can be obtained. The performance metrics considered for this level of validation are defined as follows:

• Percent precision =

∑𝑅
𝑟=1

∑𝑁𝑟
𝑗=1 𝟏

(

𝜔̄𝑟,𝑗 = 𝜔̌𝑟,𝑗
)

∑𝑅
𝑟=1𝑁𝑟

× 100, (34)

which reflects the percentage of estimations that are precise, therefore, the estimated comfort level equals the true comfort level.
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Fig. 4. The Helsinki PT network. (Source: Huang et al., 2023 ) .

• Absolute maximum error = max
𝑟=1,…,𝑅

(

max
𝑗=1,…,𝑁𝑟

|

|

|

𝜔̄𝑟,𝑗 − 𝜔̌𝑟,𝑗
|

|

|

)

, (35)

which expresses the maximum absolute difference between real and estimated comfort level met across all runs and stations.

• Average Absolute Error = 1
∑𝑅
𝑟=1𝑁𝑟

𝑅
∑

𝑟=1

𝑁𝑟
∑

𝑗=1

|

|

|

𝜔̌𝑟,𝑗 − 𝜔̄𝑟,𝑗
|

|

|

, (36)

which represents the average absolute difference between real and estimated comfort level met across all runs and stations, 
considering 𝑅 runs in total.

4.  Study site and available dataset

4.1.  Study site

This paper considers the commuter train system of the Helsinki metropolitan region (Finland) as a case study. The area covers 
approximately 770 km2 and has a population of 1.2 million. There are a variety of mobility options within the area, from fixed public 
transport routes (metro, tram, train, bus, and ferry) to flexible micro-mobility (shared e-scooters and shared bicycles) and ride-hailing 
services (e.g. UBER). The local public transport operator is the Helsinki Regional Transport Authority (or HSL from “Helsingin Seudun 
Liikenne”). A geographical map of the overall public transport network is presented in Fig. 4, with the commuter train network shown 
in purple colour. The operational area of HSL is split in four fare zones, indicated as Zone A, B, C and D in Fig. 4. Stops outside of 
these zones are operated by another transport provider and are not part of this study. The train lines start from the centre of Helsinki 
(i.e. the centre of Zone A) and extend to the North, North-East, West, and South-West, covering a major part of the area. Some train 
stations offer transfer opportunities to and from the other available modes (i.e. metro, tram, and bus), and typically multiple lines 
operate from these stations.

The HSL commuter train network’s stations and lines are shown in Fig. 5. The green-coloured parts of the illustrated lines represent 
stations and operations outside the HSL area. The train network comprises 12 lines, two of which are circular (serving Helsinki’s 
airport). The major stations are Helsinki and Pasila, while other important stations include Huopalahti, Leppävaara, Tikkurila, Kerava, 
Espoo and Kirkkonummi. Excluding the circular lines, the network can be divided into two wings: west, including lines A, E, L, U, X, 
and Y, and east, including lines K, R, T, D, Z. The current study focuses on the west wing and considers both directions of movement. 
We denote the two directions of movement as the “Helsinki-outbound” and the “Helsinki-inbound”. As discussed above, in the frame 
of the proposed modelling, since each physical station serves two directions, each physical station is split into two “ stations” with 
two distinct indices.

The train vehicles utilised are Stadler FLIRT EMU, procured by Junakalusto Oy. In total, 81 vehicles of the type Sm5 operate to 
serve the daily commuting needs of travellers within the metropolitan area and in Southern Finland. The vehicles are composed of a 
low and a high floor. The low floor facilitates access by travellers with heavy luggage, prams, bicycles and wheelchairs. The length 
of each Sm5 train is 75 metres. A train in operation can be composed of maximum three train units. The seating capacity of a train is 
232 seats, including 28 fold-up seats. The standing capacity is estimated as 323 passengers, considering approximately 4 passengers 
per 𝑚2. An overview of the interior space of an Sm5 train is provided in Fig. 6.
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Fig. 5. A graphical representation of the Helsinki PT network (Source: HSL website (https://www.hsl.fi) ) .

4.2.  Data

The APC dataset utilised in this study has been provided by HSL and refers to all 30 days (i.e. comprising both weekdays and 
weekends) of September 2021. In the present study, APC data provided by HSL have AVL information already incorporated; therefore, 
no further fusion is needed. It should be noted that mobility patterns in September 2021 were likely influenced by residual COVID-
19 effects, which may have led to lower overall passenger demand compared to pre- and post-pandemic levels. However, since the 
proposed modeling framework is designed to operate across any demand level, these conditions do not limit its applicability.
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Fig. 6. The interior space of Helsinki trains a) the seating area, and b) the standing area including fold-up seats and special space for wheelchair 
(Source: Junakalusto Oy website (www.junakalusto.fi) ) .

The weekdays of 13-17.09.2021 are used here for calibrating the parameters (i.e., 𝜃𝑖,𝑙(𝑘)) and producing the necessary historical 
data (i.e., 𝑧̃ml𝑖 (𝑘̃) and 𝑧̃𝛾,ml𝑖,𝑙 (𝑘̃)). The week starting on 20.09.2021 is used for testing and validation (weekdays only). HSL has equipped 
all line vehicles of the west wing with APC devices; however, technical problems often lead to missing records that need to be filled. 
For correct entries, the dataset provides full information about boardings, alightings, and on-board passengers, as well as info about 
the train locations and times of planned and actual departures per station.

Fig. 7 shows the distribution of the number of runs per day per line, considering the operation of a regular weekday (i.e. Wednesday 
22.09.2021). It is apparent that the lines have very distinct operational characteristics, with some of them operating throughout most 
of the day (e.g. line U) and others operating only during specific time periods (e.g. line L). Line A seems to be the dominant line in 
the west wing, with not only the most runs per hour for most of the day (i.e. lowest headways and hence more frequent service), but 
also with adjustments to the operation during peak hours (indicated by the peaks in the respective bar charts for both directions). 
The “competition” among lines regarding frequency and speed of service is important in the present study, since it affects the ratio 
of passengers per line, 𝜃𝑖,𝑙(𝑘), which is an essential part of the proposed modelling approach. It is noted that the average headway of 
vehicles per station per day is approximately 18 min for Helsinki outbound and Helsinki inbound, excluding Siuntio station that is 
scarcely served (i.e. approximately every two hours on average).

A critical aspect of this dataset is the percentage of available APC records. As shown in Fig. 8, the record availability for the 
week of 20.09.2021 is very good, with a weekly average availability reaching 86% for the Helsinki-outbound direction and 82% 
for the Helsinki-inbound direction, considering all lines together. The technical errors that lead to missing records here are random, 
however, in some cases, they might be persistent. For example, for line X in the Helsinki-inbound direction, only one run per day is 
available, and the respective records are missing for the entire week studied here. In both directions, the average weekly availability 
per line ranges from 64% (Line L in the Helsinki-inbound direction) to 91% (Line U in the Helsinki-inbound direction), excluding the 
0% availability of Line X in the Helsinki-inbound direction.

Figs. 9 and 10 present the average boardings and alightings for the two directions considering five weekdays of available historical 
APC data. The historical days refer to the five days before Wednesday 22.09.2021, to demonstrate how the historical demand is shaped 
during one of the five weekdays that are used in this analysis. As shown in Fig. 9a, Helsinki station exhibits a peak of boardings in the 
Helsinki-outbound direction around 5 pm, which refers to the evening peak. Similar observations apply to Pasila, which is the next 
station after Helsinki. This station represents a major transportation hub with proximity to key locations of the Helsinki metropolitan 
area, referring to business districts, commercial centres, and residential areas. In the Helsinki-inbound direction, large numbers of 
passengers board at Leppävaara with two distinct peaks: one around 8 am and one around 5 pm (Fig. 9b). Considering the alightings 
in Fig. 10a, high passenger volumes moving from Helsinki alight at Leppävaara during the evening hours. This station is also a major 
hub offering several transfer options to other modes. In the Helsinki-inbound direction (Fig. 10b), most passengers alight at Pasila 
and Helsinki during two distinct peaks. The alighting patterns are significant for the purposes of the present study, as the ratio of 
passengers per line, 𝜃𝑖,𝑙(𝑘), is calculated based on them.
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Fig. 7. Distribution of the number of runs per hour for Wednesday 22.09.2021 for a) Helsinki-outbound direction, and b) Helsinki-inbound direction.

5.  Results and discussion

5.1.  Passengers boarding, alighting rates and passengers on-board

The validation results from implementing the proposed methodology on the Helsinki commuter train network are presented in 
this section for five regular weekdays in September 2021. These results are obtained considering a time horizon of ℎ = 15 min and 
five historical days of alightings per station in order to estimate the splitting factor, 𝜃. The choice of ℎ is based on the operational 
characteristics of the network, with frequent vehicle dispatches (Fig. 7). The frequent service per station implies that a 15-minute time 
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Fig. 8. Total number of runs per day and percent record availability for a) Helsinki-outbound direction, and b) Helsinki-inbound direction.

Fig. 9. Average number of passengers boarding considering 5 historical days for a) Helsinki-outbound direction, and b) Helsinki-inbound direction 
(before Wednesday 22.09.2021).

Fig. 10. Average number of passengers alighting considering 5 historical days for a) Helsinki-outbound direction, and b) Helsinki-inbound direction 
(before Wednesday 22.09.2021).

interval is sufficient for capturing the candidate runs and lines that depart from the station after the traveller arrives, enhanced also 
by the reasonable assumption that travelers do not arrive at the stations earlier than 15 min before their train’s departure when the 
service is frequent. The choice of five historical days for determining the attractiveness of stations in terms of historical alightings is 
based on the assumption that five days will be enough to capture variations of demand patterns and also address challenges associated 
with potential lower APC data availability on some days. For similar reasons, historical information of five days about arrival rates 
per station and alighting rates per run and station is incorporated in the modelling.
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Fig. 11. Estimation performance (expressed as MAPE) as a function of covariance matrix parameters for process and measurement noise, for a) 
passenger boarding rate estimation and b) passenger alighting rate estimation.

Table 1 
Estimation errors for boarding passengers.

 Helsinki-outbound  Helsinki-inbound
 Day  MAE  RMSE  MAPE  MAE  RMSE  MAPE

 (pax)  (pax)  (%)  (pax)  (pax)  (%)
 20.09.2021  4.41  6.29  46.48%  5.61  7.84  51.19%
 21.09.2021  4.63  6.52  43.12%  5.85  8.15  56.11%
 22.09.2021  4.66  6.52  44.27%  5.83  8.20  48.12%
 23.09.2021  4.68  6.51  43.35%  5.99  7.95  54.41%
 24.09.2021  4.63  6.22  47.49%  5.51  7.37  51.00%

Before analysing the estimation results, we investigate the choice of parameters to be employed in the Kalman filter, namely 𝑄
and 𝑅 appearing in (2) and (3), respectively. We employ diagonal matrices, defined for the boarding estimator as

𝑄 ∶=
[

𝑞 0
0 𝑞

]

, 𝑅 ∶=

⎡

⎢

⎢

⎢

⎢

⎣

𝑟̄ 0
⋱

0 𝑟̄
𝑟̂

⎤

⎥

⎥

⎥

⎥

⎦

(37)

and for the alighting rate estimator as

𝑄 ∶= 𝑞𝛾 , 𝑅 ∶=
[

𝑟̄𝛾 0
0 𝑟̂𝛾

]

. (38)

We perform a full factorial experiment, testing all combinations of parameters in the set [0.001, 0.01, 0.1, 1, 10, 100, 1000]. Fig. 11 
presents the estimation performance for a representative sample day (Thursday 23.09.2021), in terms of MAPE, which, for visu-
alisation purposes, is mapped against dimensionless ratios formed by the parameter combinations. It is evident that a large range 
of parameters leads to good estimation results, e.g., MAPE ≈ 43% for boarding estimation and MAPE ≈ 31% for alighting rate esti-
mation, implying that the proposed estimation is robust to a wide set of proposed parameters. In the subsequent experiments, we 
employ 𝑞 = 0.01, 𝑟̄ = 1, 𝑟̂ = 0.1, 𝑞𝛾 = 0.001, 𝑟̄𝛾 = 0.1, 𝑟̂𝛾 = 1.

Tables 1–4 present the validation results for the process of estimating numbers of passengers boarding per run (Table 1), alighting 
rates per run (Table 2), numbers of passengers alighting per run (Table 3) and numbers of passengers on-board between stations 
(Table 4). The results refer to each direction, separately.

According to these tables, all five regular weekdays perform very similarly in terms of magnitudes of errors, showing that the 
differences they have in APC availability do not play a critical role in the performance of the proposed modelling. In addition, it 
is observed that the Helsinki-outbound direction is associated with lower errors than the Helsinki-inbound direction in terms of 
numbers of passengers boarding. The reverse occurs in the validation of the estimated alighting rates and numbers of passengers 
alighting, hence the Helsinki-outbound direction is associated with higher errors than the Helsinki-inbound direction. This is an 
intuitively expected behaviour of the model. The Helsinki-inbound direction is associated with greater certainty in demand alighting 
than the Helsinki-outbound direction, since a significant proportion of the passengers alight at the two last stations, Pasila and Helsinki 
terminal, in this direction. (Fig. 10). Similarly, the Helsinki-outbound direction is associated with greater certainty regarding boarding 
patterns than the Helsinki-inbound direction, since a significant proportion of the passengers board at the same two stations of Pasila 
and Helsinki in this direction (Fig. 9). It is noteworthy that the estimated numbers of passengers alighting (Table 3) is the component 
of the estimation process that is associated with the greatest MAPE errors, which are notably higher than the other components (i.e. 
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Table 2 
Estimation errors for alighting rates.

 Helsinki-outbound  Helsinki-inbound
 Day  MAE  RMSE  MAPE  MAE  RMSE  MAPE

 (unitless)  (unitless)  (%)  (unitless)  (unitless)  (%)
 20.09.2021  0.07  0.10  32.86%  0.04  0.06  34.24%
 21.09.2021  0.07  0.10  35.35%  0.04  0.06  35.35%
 22.09.2021  0.06  0.09  30.73%  0.04  0.07  34.17%
 23.09.2021  0.06  0.09  32.01%  0.04  0.06  32.63%
 24.09.2021  0.06  0.09  33.94%  0.04  0.07  35.04%

Table 3 
Estimation errors for alighting passengers.

 Helsinki-outbound  Helsinki-inbound
 Day  MAE  RMSE  MAPE  MAE  RMSE  MAPE

 (pax)  (pax)  (%)  (pax)  (pax)  (%)
 20.09.2021  11.88  15.00  89.53%  8.13  10.66  66.68%
 21.09.2021  12.35  15.24  90.25%  8.69  11.26  68.25%
 22.09.2021  12.63  15.55  87.76%  8.59  11.09  67.57%
 23.09.2021  13.06  16.09  87.14%  8.62  11.12  64.97%
 24.09.2021  12.83  15.50  85.78%  9.05  11.51  64.62%

Table 4 
Estimation errors for on-board passengers.

 Helsinki-outbound  Helsinki-inbound
 Day  MAE  RMSE  MAPE  MAE  RMSE  MAPE

 (pax)  (pax)  (%)  (pax)  (pax)  (%)
 20.09.2021  24.65  29.45  44.22%  15.81  18.64  30.34%
 21.09.2021  26.96  32.39  44.10%  17.11  20.15  33.42%
 22.09.2021  25.09  30.04  41.71%  16.27  19.18  28.95%
 23.09.2021  26.17  31.27  40.63%  17.22  20.11  32.80%
 24.09.2021  25.24  30.37  37.94%  17.58  20.92  29.95%

a MAPE from approximately 65% to approximately 90% while MAE from about 8 to about 13 passengers considering both directions 
and all five weekdays). Considering that the numbers of passengers alighting depend directly on both the estimated alighting rate 
and the estimated number of passengers on-board, an accumulation of estimation inefficiencies is expected, deriving from the two 
separate estimation mechanisms.

The main output of the proposed framework refers to the estimated numbers of passengers on-board the vehicles, since they 
are later used for estimating comfort levels. According to Table 4, this component is estimated with a relatively high accuracy that 
ranges approximately 29-44%, considering the MAPE of both directions and all five weekdays. It is noteworthy that the Helsinki-
outbound direction is associated with greater errors than the Helsinki-inbound direction, with the maximum MAPE value of the 
Helsinki-outbound direction being approximately 44% and of the Helsinki-inbound direction being approximately 33%.

5.2.  Comfort levels

The estimated numbers of passengers on-board are used for estimating comfort levels using the framework proposed by Chandakas 
(2009) introduced in Section 3.5. Tables 5 and 6 present the comfort level estimation errors for each direction, respectively. The five 
weekdays of 20-24.09.2021 are analysed. It is noted that the number of observations per day that are reported in these tables depend 
on the number of runs and stations served per run, as well as on the APC availability per day. Results indicate that, similarly to the 
analysis for estimating passengers on-board, all days studied here present similar performance in each direction. Good estimation 
precision is noted in both directions, with the Helsinki-inbound direction being associated with particularly precise estimations in 
approximately 80% of observations. The maximum absolute error equals 2 in all cases studied here, while the average absolute error 
has a maximum value of 0.31.

In order to investigate the distribution of errors across different comfort levels, Fig. 12a is constructed. This figure demonstrates 
combined errors of the five weekdays from 20.09.2021 to 24.09.2021, in both directions. According to this figure, the real comfort 
levels are mostly low (i.e. there is overall good passenger comfort), ranging from 1 to 4 for the Helsinki-outbound direction and 
from 1 to 3 for the Helsinki-inbound direction. In the Helsinki-outbound direction, there are only three observations associated with 
comfort level 4, with the estimation being associated with an error of -1. This is intuitively expected, since the overall Helsinki public 
transport network is known for the good quality of service and the mild crowding phenomena on-board. In addition, during September 
2021, COVID-19 effects would have been present in the demand patterns and the crowding on-board. In order to account for the 
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Table 5 
Estimation errors for comfort levels in Helsinki-outbound direction.
 Day  Precision  Max Absolute  Average Absolute  No. observations

 (%)  Error  Error
 20.09.2021  72.08%  2  0.28  1440
 21.09.2021  70.88%  2  0.29  1346
 22.09.2021  69.46%  2  0.30  1231
 23.09.2021  68.50%  2  0.31  1289
 24.09.2021  71.80%  2  0.28  1305

Table 6 
Estimation errors for comfort levels in Helsinki-inbound direction.
 Day  Precision  Max Absolute  Average Absolute  No. observations

 (%)  Error  Error
 20.09.2021  81.32%  2  0.19  1419
 21.09.2021  79.85%  2  0.22  1305
 22.09.2021  77.80%  2  0.24  1234
 23.09.2021  76.60%  2  0.25  1269
 24.09.2021  76.92%  2  0.25  1274

low demand levels, the same plots have been constructed assuming that vehicles operated with half their actual capacity (Fig. 12b). 
This change allowed the developed models to demonstrate their performance at higher levels of comfort. More specifically, in both 
directions, there are real comfort levels from 1 to 5.

It is noted that in both figures, the lower the comfort level, the greater the estimation precision in both directions. The Helsinki-
outbound direction is associated with errors that refer mostly to underestimating the real comfort level. In contrast, the Helsinki-
inbound direction presents a better balance between overestimating and underestimating the real comfort level. Depending on the 
purpose of requiring the information about comfort levels, each type of error in estimations can lead to inconveniences. Namely, in-
forming passengers about better crowding conditions than in reality will likely create false hopes and lead to customer dissatisfaction. 
On the other hand, predicting more crowded conditions than the actual ones may not be as critical for travellers (who are likely to 
welcome an unexpected benefit), but could still lead operators to re-allocating resources from other critical activities (e.g. improving 
infrastructure) to dealing with a non-existing issue. Hence, a balanced level of overestimating and underestimating comfort errors is 
considered a safe approach for both operators and users. This balance is observed in the Helsinki-inbound direction, but not in the 
Helsinki-outbound direction in this study. Still, when the model is insufficiently precise, the estimation error is mostly equal to 1 in 
absolute value, indicating a good performance.

6.  Sensitivity analysis

In this section, a series of sensitivity analysis experiments is performed in order to investigate how the performance of the proposed 
modelling framework changes as input values vary from those selected in the previous section. In all analyses, the data from the 
regular weekday of 23.09.2021 and the Helsinki-outbound direction are considered. The choice of this day is arbitrary, since all days 
were found to perform equivalently. The choice of this direction is made based on the fact that this direction was found to be more 
challenging in terms of estimating passengers on-board and therefore comfort levels.

6.1.  Passengers split per line

The first sensitivity analysis for the proposed framework refers to investigating the effects of the time horizon ℎ (i.e., the forward-
looking time window for identifying alternative choices of lines for passengers at station 𝑖) and the number of historical days for 
station attractiveness in the ratio of passengers per line, 𝜃s𝑖,𝑙(𝑘). This ratio affects the estimation of the number of passengers boarding 
and, ultimately, passengers on-board and comfort levels. In this analysis the estimation framework considers five historical days for 
station arrival rates and passenger alighting rates.

Fig. 13 presents the errors in passengers boarding and on-board estimations. Scenarios considering four time horizons (i.e. 5, 
10, 15, and 20 min) and up to five historical weekdays are investigated for estimating passenger volumes. These figures reveal that 
the time horizon of 5 min combined with one historical day presents the greatest errors, which improve as more historical days 
are considered. The best performance is met for time horizons of 15 and 20 min, with the addition of more historical days leading 
to insignificant improvements. Such findings are perceived to be case-specific, since they depend on aspects such as line frequency 
during a certain time period, the stations that are served after the current station, as well as the attractiveness of these stations, among 
others. Although the average service headway per station is found to be 18 min, headways as low as 1 minute are met in busy stations 
such as Helsinki, Pasila, and Leppävaara during peak hours. Therefore, the identification of the most appropriate time horizon size ℎ
should be investigated thoroughly for every new case study. Methods to pre-determine the optimal value of ℎ for a case study could 
be a future extension of the present paper.
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Fig. 12. Errors per comfort level in each direction for the case of a) full capacity, and b) half capacity (Negative values indicate underestimation of 
the actual comfort level, while positive values indicate overestimation).

Fig. 13. Errors of estimated number of a) passengers boarding and b) passengers on-board resulting from different input values for the passenger 
split.

6.2.  Number of historical days for arrival and alighting rates

The numbers of historical days for arrival and alighting rates are investigated in this Section, considering all other inputs as in 
Section 5. According to Fig. 14, not considering historical information for the arrival and alighting rates is a strategy associated with 
the greatest errors for on-board passengers’ estimation. It is evident that historical information is needed for revealing the underlying 
demand patterns that are beneficial for estimating the number of passengers on-board. However, the addition of more than one 
historical days is not improving the performance of the proposed modelling framework significantly.

It is important to also analyse how the errors of the estimated numbers of passengers on-board are shaped per run and across the 
day. This is shown in Fig. 15, which includes the MAE results. In this analysis four time periods within the day are considered, namely: 
a) start of service - 10.00; b) 10.00 - 14.00; c) 14.00 - 18.00; and d) 18.00 - end of service. These time periods are selected based 
on the authors’ personal experience on the network’s demand levels during the day, as well as insights from the demand analysis 
presented in Figs. 9 and 10. The first and third time periods include the morning and evening peaks, respectively. In most cases, 
the consideration of historical days improves the performance of estimations per run. The afternoon peak exhibits greater errors 

Transportation Research Part C 186 (2026) 105607 

20 



C. Sipetas et al.

Fig. 14. Estimated number of passengers on-board errors of a) MAE, b) RMSE and c) MAPE.

Table 7 
Estimation errors for comfort levels under different time intervals of 
passengers’ arrival before train departure (𝑓 ).
 Time interval  Precision  Max Absolute  Average Absolute 
 (minutes)  (%)  Error  Error
 5  33.67  4  0.98
 10  63.46  3  0.42
 15  70.91  2  0.30
 20  68.50  2  0.31
 25  66.80  2  0.33
 30  65.79  2  0.34

than other time periods. Lower errors are observed during the first period. Regarding the six lines that operate in the network (i.e., 
A,E,L,U,X, and Y), no consistent error pattern is observed. Line A, the most frequent line in the network (i.e., approximately 47% 
of daily runs), is the one associated with the greatest error in each time period when no historical days are considered. However, 
there is a significant improvement as long as at least one historical day is considered in all cases. Therefore, higher or lower levels of 
errors cannot be associated with a specific line when different numbers of historical days are considered, suggesting that there is no 
line-specific bias in the estimations.

Considering the great errors observed when no historical information is considered for arrival and alighting rates, this analysis is 
extended to observe the effect of historical information for arrival and alighting rates on the comfort level estimation. According to 
Fig. 16, historical information for passenger arrival and alighting rates improves the performance of the proposed models in terms 
of precision (i.e. zero errors). Not considering historical days, however, presents a better balance between over-estimations and 
underestimations, similar to how the Helsinki-inbound direction was evaluated in the previous section. This implies that the models 
with historical information are associated with lower levels of estimated demand compared to models with historical information. 
This is intuitively expected, since the historical information is smoothening the results and therefore some outliers of higher demand 
might not be properly captured by the modelling framework.

This observation motivated a further sensitivity analysis of the proposed models regarding the constant arrival time interval 
utilised to calculate historical arrival rates (𝑓 ). This constant indicates how long before the train’s departure passengers of line 𝑙 are 
assumed to arrive at station 𝑖. Table 7 presents the evaluation of the estimated comfort levels when arrival time intervals of 5, 10, 
15, 20, 25 and 30 min are considered. This table shows that a time interval as low as 5 min significantly reduces the performance 
of the models to unacceptable levels. The time interval of 15 min is associated with the best performance, which is very close to 
the performance of the time interval selected in this study, i.e. 20 min. It is highlighted that the average service headway in this 
case study is 18 min, which is a measure that could be associated with average expected time of arrival at a station. These findings 
highlight the importance of carefully selecting the time interval of passengers’ arrival at the stations. Methods to optimise this input 
value in advance could be an extension of the proposed modelling framework.

6.3.  APC availability

In this study, the availability of APC data is notably high. As mentioned, the missing data are related to cases where technical 
errors did not allow the correct recording of passenger counts. The goal of this section is to investigate the performance of the models 
proposed here in the case of lower APC availability. The value of this insight is twofold, as it can both support the models’ robustness, 
and offer some preliminary understanding on the role of APC availability on the performance of advanced estimation methods. For 
this purpose, experiments were conducted, during which run ids with available APC measurements were randomly removed from 
the dataset, with the respective runs treated as runs without APC availability. Nine cases of 10% to 90% APC availability with a step 
of 10% were considered. These levels refer to the percentage of the available APC information that is considered in the respective 
analysis. Therefore, if for a day 80% of all APC data are available due to technical errors, then reducing the available APC records 

Transportation Research Part C 186 (2026) 105607 

21 



C. Sipetas et al.

Fig. 15. MAE for estimated number of passengers on-board per run for the time periods of a) start of service - 10.00, b) 10.00 - 14.00, c) 14.00 - 
18.00, and d) 18.00 - end of service.

Fig. 16. Errors of estimated comfort levels (Negative values indicate underestimation of the actual comfort level, while positive values indicate 
overestimation).
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Fig. 17. MAE for various rates of APC availability for 23.09.2021 in direction 1 without considering historical days.

Table 8 
MAE results for 10% APC availability in the cases of considering zero 
and five historical days for arrival and alighting rates.

 0 historical days  5 historical days
 Mean  Sd  Mean  Sd

 Number of passengers boarding  11.87  2.35  6.70  0.31
 Alighting rates  0.17  0.03  0.12  0.01
 Number of passengers on-board  88.63  25.48  38.61  2.82
 Comfort level precision (%)  49.29  4.39  63.10  2.06
 Max absolute comfort error  4.90  0.31  2.75  0.72
 Average absolute comfort error  0.82  0.17  0.41  0.03

to 80% means that an APC availability of 64% will be obtained. For each level of APC availability, 20 different sets of runs were 
considered to be removed, therefore, leading to 20 different sets of runs with available APC records. For each set the proposed 
methodology was implemented. All other inputs were as in Section 5. Historical information for arrival and alighting rates was not 
considered, since this was found to be the worst case in terms of modelling performance of passengers on-board in previous section.

The results for MAE are shown in Fig. 17. In the day studied here, the APC availability was 89%, hence, 89% of runs were associated 
with measured APC records. The red dots represent the MAE for each set of runs with APC availability. The blue diamond-shaped 
dots represent the mean value of MAE for each level of APC availability. As shown in Fig. 17, the lower the level of APC availability, 
the greater the range of errors associated with the performance of the proposed models. The range of errors is noteworthy for 10% 
APC availability (i.e. 8.9% of all runs), with MAE ranging from 9 to 18 passengers. This highlights the significance of selecting very 
carefully which runs to equip with APC devices, since different sets of runs with available APC lead to different model performances 
when the APC availability is low. The range of errors is almost zero when APC availability is close to 90% of the available APC 
data (i.e. 80.10% of all runs). It is noted that the errors of alighting rates follow the shape of a curve, with the errors improving 
continuously as the APC availability increases. Considering the number of passengers boarding and on-board, it is observed that after 
60% of APC availability (i.e. 53.4% of all runs) the mean values of errors (blue diamond-shaped dots) follow an almost flat line, 
hence implying an equivalent average performance. This observation implies that, at least for accurately predicting comfort, there 
is no need for equipping all vehicles with APC devices, since advanced prediction methods like the one proposed here can perform 
equally well with lower levels. Low levels of APC availability are associated with greater estimation uncertainties when no historical 
days are considered for arrival and alighting rates.

According to Table 8, when five historical days are considered, the uncertainty, as expressed through standard deviation (sd), 
is significantly reduced for the worst case of 10% APC availability considered here. Focusing on the comfort level estimation, it is 
noteworthy that on average more than half of comfort levels are precisely estimated with the proposed framework at a low APC 
availability of 10% in a complex network of multiple lines operating per station. However, the maximum comfort error is rather high. 
The consideration of five historical days increases the precision to more than 60%, while also reducing the maximum comfort error.

7.  Conclusions

7.1.  Summary of findings

Accurate information of comfort levels on-board public transport vehicles is of critical importance for public transport operators 
and users. Kalman filtering techniques are found valuable for providing demand predictions, but existing literature is limited in filling 
gaps in APC datasets in the case of simple networks where only one line serves each station. The current study developed a modelling 
framework to estimate demand information missing from APC datasets in the case of complex public transport networks, in which 
stations are served by multiple lines.
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The proposed framework was validated considering five regular weekdays and the two directions of movement within the case 
study network of Helsinki. The results highlighted the models’ robust performance by showing that it is equivalent among the analysed 
days, which had similar characteristics in terms of operation and demand. The two analysed directions are associated with different 
demand patterns, which are also reflected through different performance in estimating passengers on-board and the comfort levels 
they experience due to crowding. The proposed models offer mostly accurate estimations of comfort levels, whether full or half 
capacity is considered in the validation framework. The Helsinki-inbound direction was found to offer balanced estimation errors 
between over-estimation and underestimation, while the Helsinki-outbound direction was associated with greater underestimation.

Sensitivity analyses for different components of the modelling framework were also performed. The respective results led to in-
valuable insights on the underlying mechanisms of the proposed models. The input values chosen for estimating the ratio parameter 𝜃, 
were found to require time horizons greater than 10 min, in order to capture “ competitive” runs and lines at each station. The consid-
eration of more than one day of historical information regarding the attractiveness of stations was not found significant in improving 
the performance of the proposed models in terms of estimating numbers of passengers on-board in the current case study. These 
results are considered case-specific and depend on the local operational characteristics of the network, among others.

The second sensitivity analysis performed here showed that incorporating historical information of passengers’ arrival rates at the 
stations and alighting rates per vehicle for at least one day was found to improve the models’ performance. The addition of more 
than one historical days led to a steady performance, almost equivalent to having one historical day. The models were found to 
be unbiased in terms of quality of estimations per line, while the afternoon peak runs were associated with greater errors. It was 
interesting to observe that in the Helsinki-outbound direction, including less historical days was associated with a better balance in 
terms of underestimations and over-estimations, hence, addressing the concerns that were raised when the results of models with five 
historical days revealed this imbalance in the first place. These findings suggest that the underlying mechanism of including historical 
days, which leads to more smoothed estimations, is likely not sufficiently able to capture peaks of high demand if they appear as 
outliers. A sensitivity analysis of the constant time interval for calculating historical arrival rates revealed that they can significantly 
affect the models’ performance.

The last sensitivity analysis focused on challenging the proposed models by considering lower levels of APC availability. The 
performed experiments showed that there is no need of having vehicles fully equipped with costly APC devices, since lower levels 
of APC availability might lead to estimations equally efficient as with higher levels of APC availability. However, the uncertainty in 
estimations quality is greater for lower APC availability. The value of adding historical information for passengers’ arrival and alighting 
rates can reduce this uncertainty significantly. A significantly low percentage of APC data availability can accurately estimate more 
than 50% of comfort levels without historical information, while this performance can increase by 10% when historical days are 
considered.

To summarize, the proposed framework’s performance is influenced more by low APC penetration rates and rapidly deviating 
outliers than by overall demand levels. Experiments with reduced vehicle capacities confirm its robustness under higher crowding. The 
Kalman filter’s smoothing effect improves stability for slowly varying processes but reduces responsiveness to unexpected extremes. 
Low APC penetration rates can be mitigated effectively by incorporating historical information. Regarding the role of historical data 
in the proposed framework, including just one historical day of information was sufficient to improve performance substantially. It is 
noteworthy that additional days yielded minimal benefit, indicating that transport operators do not need to maintain long historical 
datasets for robust estimations.

7.2.  Implications for practice

Information about the number of passengers on-board public transport vehicles is crucial for transport operators and managers 
that focus on achieving the highest possible performance of their networks. Network complexity varies according to several factors, 
such as for example, number of stations, number of lines serving each station, scheduled headways per station, operational delays 
in schedules, irregular demand patterns, and many others. Therefore, models developed for estimating on-board passengers numbers 
and comfort levels need to account for all these factors, while ensuring high performance in reasonable computational times. In 
addition, transport managers and operators require flexible models that allow them to adjust critical input values in order not only 
to calibrate the models based on their network, but also serve better the specific purposes of the models’ implementation.

The modelling framework proposed in this study could be applied for a variety of purposes within complex public transport 
networks in which each station serves multiple lines. In this context, it is important to ensure at least intermittent APC coverage across 
all lines, as the complete absence of information for a line would limit the ability to infer passenger dynamics. It is noted that such case 
corresponds to a structural absence of information for an interconnected subset of stations and runs rather than a specific limitation of 
the proposed methodology. An obvious application relates to offering real-time information to passengers regarding crowding levels 
on-board (e.g. through smartphones). Although the framework is associated with good levels of precision, it is important to account 
for the estimation errors that were presented and analysed thoroughly. More specifically, transport authorities should adjust the 
input values in order to achieve an estimation precision that will be considered satisfactory, also checking the maximum errors and 
balancing underestimations and over-estimations according to their needs and goals. Offering information about expected crowding 
levels lower than in reality can lead to user inconvenience and dissatisfaction. Information about travel conditions that are worse 
than in reality can lead travellers to choose other modes, leading to a series of negative outputs for the operators at a multimodal 
level (e.g. unexpected overcrowding on other modes and reputation damage).

The proposed framework could also be utilised by transport authorities for self-evaluation purposes, in order to proceed with 
improvements in their services. For example, high crowding levels at certain stations during certain time periods could imply the 

Transportation Research Part C 186 (2026) 105607 

24 



C. Sipetas et al.

need for allocating more resources to these stations during these time periods, e.g. by increasing the service frequency or the size of 
service vehicles. Similarly to the real-time information application, transport stakeholders should adjust the models’ inputs according 
to their goals and needs by also considering the implications of their choices. In the area of self-evaluation, estimating lower crowding 
levels than in reality can lead to omitting important changes that need to be made at the network, while estimating higher crowding 
levels than in reality can lead to unnecessary allocation of resources to parts of the network that may not require improvement.

The proposed modelling framework can serve as a tool also in the case of making important decisions regarding acquiring and 
installing APC devices. As already discussed, APC technology is invaluable for revealing demand-related information but can often 
be associated with high costs, which commonly leads to low penetration rate of such devices within public transport networks. The 
fact that this is not the case in Helsinki allowed this research to perform an investigation of how much APC availability is needed 
when implementing in practice such estimation frameworks. It was interesting to find that with relatively low APC availability it 
is possible to achieve relatively good performance of estimations. As the analysis revealed, not all runs are equivalent in terms of 
how they contribute to the models’ performance, if equipped with APC. This is a significant finding that highlights the importance 
of strategically selecting which runs to equip with such devices, at least in the case of complex networks with varying demand 
patterns and non-uniformly distributed vehicle dispatches across stations during the day. Therefore, practitioners that are interested 
in investing in APC technology can utilise this framework for investigating how many and which runs should be equipped with APC 
devices in their network.

7.3.  Future directions

The current study will be extended in the future in different directions. The factor that allows to split passengers per line after they 
enter a station depends on local operational and demand-related characteristics. Hence, a future direction will focus on developing 
a method that will allow a generalised selection of this important factor based on the specific network that is studied and its unique 
characteristics (e.g. headways, number of lines, APC availability). A similar direction refers to optimising the number of historical 
days that need to be considered, by also optimising the time interval that should be considered when calculating historical arrival 
rates. Such approaches might imply the need for accounting for different runs, lines, and stations separately, rather than implementing 
a uniform time interval. Another direction refers to investigating the development of enhanced models with varying assumptions per 
time period, as the sensitivity analysis here showed lower performance during the afternoon peak demand. Such direction could 
include calibrating input values separately for each time period, accounting for different schedules and demand patterns. This study 
can also be extended to account for networks experiencing left-behind passenger phenomena due to on-board overcrowding. Finally, 
a future extension of this study refers to exploring methods that will incorporate the framework developed in order to determine 
strategies that will allow the selection of runs that should be equipped with APC devices to achieve high quality predictions at the 
lowest possible operational cost.
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Appendix A.  Notation glossary

This appendix provides a comprehensive glossary of the notation used throughout the paper, summarized in Table A.1.
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Table A.1 
Glossary of notation.

 Symbol Description

𝑥 State vector of the system
𝑥̂−(𝑘) A-priori (predicted) estimate of the state at time step 𝑘
𝑥̂(𝑘) A-posteriori (updated) estimate of the state at time step 𝑘
𝐴(𝑘) State-transition matrix at time step 𝑘
𝑃 −(𝑘) A-priori error covariance at time step 𝑘
𝑃 +(𝑘) A-posteriori error covariance at time step 𝑘
𝑄 Process noise covariance matrix
𝐾(𝑘) Kalman gain at time step 𝑘
𝐶(𝑘) Observation (measurement) matrix at time step 𝑘
𝑅 Measurement noise covariance matrix
𝑧̄(𝑘) Measurement of the system at time step 𝑘
𝐼𝑑 Identity matrix of proper size
𝜇 Initial mean of state estimate
𝐻 Initial error covariance matrix
𝑏̂r𝑗 (𝑘) Estimated number of boarding passengers for run 𝑗 at time step 𝑘
𝑎̂r𝑗 (𝑘) Estimated number of alighting passengers for run 𝑗 at time step 𝑘
𝑝̂𝑗 (𝑘) Estimated number of passengers on-board run 𝑗 at time step 𝑘
𝛾̂r𝑗 (𝑘) Estimated alighting rate for run 𝑗 at time step 𝑘
𝑖 ∈ 𝐼 Index of stations, with 𝐼 the set of all stations
𝑗 ∈ 𝐽 Index of runs, with 𝐽 the set of all runs
𝑙 ∈ 𝐿 Index of lines, with 𝐿 the set of all lines
𝑇 Discrete time step size (in seconds)
𝑡 = 𝑘𝑇 Continuous time from the beginning of the “ operational” day (in seconds)
𝜔̄ Measured value of variable 𝜔
𝜔̃ Historical value of variable 𝜔
𝜔̂ Estimated value of variable 𝜔
𝜂r𝑖,𝑗 (𝑘) Binary: 1 if run 𝑗 departs from station 𝑖 during (𝑘 − 1, 𝑘], else 0
𝑏̄r𝑗 (𝑘) Measured boardings for run 𝑗 at time step 𝑘
𝑎̄r𝑗 (𝑘) Measured alightings for run 𝑗 at time step 𝑘
𝑝̄𝑗 (𝑘) Measured passengers on-board run 𝑗 at time step 𝑘
𝛽r𝑗 Binary: 1 if run 𝑗 has APC data, else 0
𝑤𝑖(𝑘) Number of waiting passengers at station 𝑖 at time step 𝑘
𝑒𝑖(𝑘) Number of entering passengers at station 𝑖 at time step 𝑘
𝜉𝑖(𝑘) Process noise at station 𝑖 (e.g., Gaussian)
𝜓𝑖(𝑘) Measurement noise at station 𝑖 (e.g., Gaussian)
𝛾𝑖(𝑘) Alighting rate at station 𝑖 at time step 𝑘
𝜉𝛾𝑖 (𝑘) Process noise for alighting rate at station 𝑖
𝜓 𝛾
𝑖 (𝑘) Measurement noise for alighting rate at station 𝑖

𝑤ml
𝑖 (𝑘) Waiting passengers at station 𝑖 (multi-line case)

𝑒ml𝑖 (𝑘) Entering passengers at station 𝑖 (multi-line case)
𝜂ml𝑖,𝑙 (𝑘) Binary variable: 1 if a vehicle of line 𝑙 departs from station 𝑖 during (𝑘 − 1, 𝑘]
𝜃𝑖,𝑙(𝑘) Fraction of passengers at station 𝑖 boarding line 𝑙 at time step 𝑘
𝜇𝑖,𝑚,𝑙(𝑘) Binary variable: 1 if first run of line 𝑙 from station 𝑖 reaches station 𝑚 before other lines
𝑎̃q𝑚(𝑘) Attractiveness of station 𝑚, based on expected alightings
ℎ Forward-looking time horizon for passenger choices
𝛾ml𝑖,𝑙 (𝑘) Alighting rate at station 𝑖 for line 𝑙 at time step 𝑘 (multi-line case)
𝜉𝛾,ml𝑖,𝑙 (𝑘) Process noise for alighting rate in multi-line case
𝜓 𝛾,ml
𝑖,𝑙 (𝑘) Measurement noise for alighting rate in multi-line case

𝑡d𝑖,𝑑 (𝑘) Time since the last vehicle stopped at station 𝑖 on day 𝑑 (used in historical calculations)
𝑓 d𝑖,𝑙,𝑑 (𝑘) Normalizing factor used in the historical boarding aggregation for station 𝑖, line 𝑙, day 𝑑 and time step 𝑘. One choice is 

the time difference between consecutive departures; alternatively it may be set constant as 𝑓 .
𝑓 A constant choice for 𝑓 d𝑖,𝑙,𝑑 (𝑘), representing the assumed arrival window prior to departure for boarding passengers.
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