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Abstract. Effective management of public transport requires matching vehicle availability to passenger flows. 

Public transport needs vary depending on the time of day, day of the week, and season. Therefore, there is a need 

for continuous automated monitoring of the availability of transport and for the active adjustment of public 
transport availability in the context of current or one-off events. In this study, the authors present a methodology 

for monitoring passenger flows based on APC (Automatic Passenger Counting). The process of passengers 

boarding and alighting from trams was recorded using video cameras installed at stops. The recorded image was 

processed using a YOLO (You Only Look Once) classifier. Unlike solutions based solely on passenger counting, 

the developed classifier enables temporal and spatial analysis of the passenger exchange process, which is crucial 

for capacity studies. Using our own recordings of passenger flow between the tram and the stop, we developed 

and verified software that enables semi-automatic analysis of passenger movement both inside vehicles and in 

their immediate surroundings (door area, platform, stop). The ability to conduct analyses in real operating 

conditions, without interfering with the vehicle infrastructure, is an alternative to costly measurement systems. 

The use of AI algorithms to monitor passenger movement at the individual user level also enables a detailed study 

of behavior during boarding and alighting. Passenger flow studies conducted using CFD simulations show that 

non-compliant behavior (e.g., boarding before disembarking is complete) significantly increases transaction time, 
especially during rush hour. The use of CFD simulations to extend the study of passenger flow dynamics allows 

for the design of tram entrance spaces that more effectively manage passenger flow. 
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Introduction 

Monitoring passenger flow in public transportation has long been a key area of interest for public 

transit planners and operators. The traditional approach focused on aligning transport capacity with 

demand for public transit services, which required analyses of passenger flows at both the network and 
route levels [1-3]. This led to the optimization of schedules, fleet size, and vehicle frequency, 

particularly in highly urbanized areas [4-7]. 

Over time, issues related to service provision costs began to play an increasingly important role, 

including the efficient use of the fleet, reducing empty runs, and minimizing operating costs while 

maintaining an acceptable level of service quality [4; 8-10]. Research on the quality of sustainable urban 
transport shows that well-organized public transport directly affects residents’ quality of life and 

perceptions of urban space [11-13]. 

In recent years, amid growing safety requirements and the need for resilient transport systems, the 

need for more detailed monitoring and identification of public transport users has come to the fore, for 

both operational and safety reasons [14-16]. Precise tracking of passenger flows is becoming a tool that 

supports not only transport planning but also the design of stop infrastructure and vehicles [17-19]. 

A particularly important area of analysis is the flow of passengers through the doors of public 
transport vehicles, such as trams and buses (Fig.1). Information on the number and dynamics of boarding 

and alighting passengers is of direct relevance to engineers designing vehicle interiors, including seat 

layouts, handrails, and standing areas, as well as to operators responsible for organizing passenger 
exchange at stops [20-22]. Smooth boarding and alighting depend, among other things, on the width and 

design of the doors, the way they open, and passenger movement patterns inside the vehicle; local 

crowding near the doors leads to longer stop times, reduced throughput, and decreased travel comfort 

[23-25]. 

The way passengers move inside a tram shows significant similarity to fluid flow in channels with 
variable cross-sections, featuring local constrictions and obstacles. It has been repeatedly demonstrated 

in the literature that pedestrian flows exhibit phenomena analogous to saturated flows, bottlenecks, and 

local congestion, which depend on the door width and the geometry of passageways [2; 23]. Recognizing 
this analogy, two-dimensional fluid flow can be used as a model for passenger flow inside a vehicle, 
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particularly in the area around doors and adjacent passageways, and CFD analysis of such flow allows 

for the identification of areas with increased “flow resistance,” local congestion, and zones particularly 

sensitive to increases in passenger flow density [26; 27]. 

 

Fig. 1. Example of how the proprietary object classifier works – doors of rail vehicles 

A prerequisite for reliable modelling of passenger movement in a CFD model is the proper 
definition of boundary conditions, particularly the rates of passenger entry and exit and their temporal 

distribution. This requires access to reliable data on door flow rates over time, accounting for variable 

geometric and operational conditions [2; 28; 29]. Currently used passenger counting systems are most 
often based on two types of solutions: sensors detecting movement in the door area (e.g., infrared 

barriers, 3D sensors) and video monitoring systems with automatic image processing, with the latter – 

supported by AI tools – showing the greatest potential for development [30; 31]. 

The study aimed to develop and validate an approach to modeling and analyzing the functioning of 

a smart city using data and simulation tools. Particular attention was paid to one of the key urban areas, 
namely mobility and service infrastructure. The authors developed a methodology for integrating data 

from various sources, including sensors, urban systems, and historical data. This data is then used to 

build a model reflecting the actual processes occurring in the city [7; 32]. 

The article assumes that user behavior and the dynamics of the urban system can be mapped using 

appropriate algorithms and simulation scenarios. This approach enables the analysis of various variants 
of the transportation system’s operation and the assessment of their effectiveness. A key element of the 

study is a case study in which the proposed methodology was applied to a specific urban problem. This 

allowed for the identification of limitations in existing solutions and potential areas for improvement. 

The authors emphasize that the quality of the input data and the proper selection of model 

parameters are key. The results obtained can support decision-makers in planning and optimizing urban 

transport operations using artificial intelligence tools [33]. 

AI tools in passenger flow analysis 

The development of intelligent transportation systems has led to the widespread use of artificial 

intelligence tools – particularly deep learning and image analysis methods – in monitoring passenger 

traffic in public transportation [26; 34]. The literature increasingly features studies on automatic 
passenger counting, short-term passenger flow prediction, and traffic flow reconstruction based on data 

from APC and AFC systems as well as video recordings [3; 27; 29; 35]. 

Typical image-based solutions use object detection models from the YOLO family or related 

methods, combined with multi-object tracking algorithms, enabling the simultaneous detection of 

passengers, assignment of identifiers, and recording of their trajectories as they pass through the door 
zone [24; 25; 30]. In parallel, deep learning models are being developed to predict passenger flows at 

the network level, based on LSTMs, convolutional networks, or graph models that integrate data from 

multiple sources [27; 31]. 
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In the context of designing doors and entrance areas, studies of saturated flows are particularly 

important for understanding the relationships among door throughput, door width, entrance geometry, 

and local spatial conditions, such as the location of handrails or the presence of obstacles [2; 22; 23; 35]. 
The integration of AI methods with classical pedestrian flow models and CFD analysis allows for a shift 

from a purely aggregate description of “passenger numbers” to a description of trajectories and traffic 

density in time and space, which is of significant importance for studies of throughput and travel comfort 

[2; 23; 26]. 

The research conducted by the authors aligns with these global trends, bridging the gap between 
classical macro-scale demand models and micro-scale descriptions of actual passenger behavior in direct 

contact with station infrastructure and the vehicle interior. Of particular importance is the combination 

of empirical measurements, AI-based image analysis, and numerical modeling analogous to fluid flow, 
which enables not only passenger counting but also a quantitative description of the passenger exchange 

process [22; 23; 27]. 

YOLO model for detecting doors and passengers 

The first key component of the developed solution is an object classifier based on the YOLO 

algorithm, trained to automatically recognize public vehicle doors and passengers in video surveillance 
footage (Fig.2). Models from the YOLO family are widely used for near-real-time object detection, 

making them particularly useful in transportation applications where both processing speed and object 

localization accuracy are critical [2; 26; 30]. 

The proposed approach accounts for the simultaneous detection of doors and passengers, treating 

doors as reference areas that define the boarding and alighting zones. This allows for unambiguous 
assignment of passenger trajectories to a specific door zone and the subsequent correlation of their 

movement with vehicle design parameters and conditions at the stop [22; 23; 35]. 

Splitting video into 

individual frames

tracking
YOLO Detection

person class

tracking
YOLO Detection

door class

Generating 

MP4 and CSV 

output files

 

Fig. 2. Diagram of the object classifier and object tracking system 

The collected dataset comprised tens of thousands of images with annotations regarding doors and 
passengers, divided into training, validation, and test subsets, which is consistent with the practice in 

building deep learning models for object detection in transportation [27; 30]. The obtained quality 

metrics, including detection error matrices for doors and people (Fig. 3), confirm the possibility of 

reliably applying the classifier to analyze passenger flow under varied lighting conditions and with 

varying vehicle occupancy. 

 

Fig. 3. Graphical representation of how the object classifier and position tracking work 
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The detection module built in this way serves as the basis for further data processing – in particular, 

for tracking passenger movement over time and identifying the start and end times of boarding and 

alighting processes. This enables a transition from simply counting passengers to a more comprehensive 
description of the passenger exchange process, accounting for duration, direction of movement, and 

local crowding [2; 3; 27]. 

Semi-automated analysis of passenger flows 

Based on the developed (Fig.4) classifier, software was created to enable semi-automated analysis 

of passenger flows in urban spaces. This solution is part of a trend toward using video data and AI tools 

to monitor pedestrian and passenger traffic at stations, stops, and transfer hubs [20, 25, 35, 36]. 

The analysis algorithm flowchart includes: loading video recordings, detecting doors and 

passengers using the YOLO model, tracking object trajectories over time, defining virtual counting 

cross-sections, and calculating quantitative metrics such as the flow rate, the number of passengers 

entering and exiting, and door crossing times. Similar concepts are used in predictive models based on 
APC/AFC data, where the correct reconstruction of the spatiotemporal distribution of traffic loads is of 

key importance [21, 29, 31]. 
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Fig. 4. Flowchart of the passenger flow analysis algorithm 

A significant advantage of the proposed approach is the ability to conduct analyses under real-world 
operating conditions without modifying the vehicle’s design or installing additional sensors above the 

doors (Fig.5). The use of existing monitoring systems as measurement tools aligns with trends in 

intelligent transportation systems, where the goal is to maximize the use of available infrastructure and 

data [10; 26; 34]. 

 

Fig. 5. Sample screenshot of the counting app in action 
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Sample application screens that integrate a video preview with an analytical layer (trajectories, 

object identifiers, counting results) enable verification of algorithm performance and facilitate 

interpretation of results by transportation engineers and vehicle designers. Such visual feedback is 
particularly useful in analyzing boundary conditions, such as saturated flows or local congestion at doors 

[2; 23; 24]. 

Passenger traffic results 

The application of the developed AI tools to the analysis of real-world recordings enabled 

verification of several simplifications commonly used in modeling boarding and alighting processes. 
The results confirmed that the simple, linear relationship between dwell time and the number of boarding 

and alighting passengers – often assumed in macroscale models – does not fully reflect the system’s 

behavior under conditions of high occupancy and heterogeneous passenger distribution [2; 3; 20; 21]. 

Analysis of video footage, covering various geometric configurations of vehicles and stops, 

revealed phenomena analogous to those in fluid mechanics: local congestion, traffic “vortices,” 
heightened sensitivity to minor disturbances, and a significant impact of minor geometric changes on 

the overall capacity of the door zone. These phenomena are consistent with observations from laboratory 

studies of pedestrian flows and agent-based simulations of mixed-use systems [2; 23; 24]. 

 
 

Fig. 6. Tram door detection model - Door 

detection error matrix 

Fig. 7. Person detection model - Human 

detection error matrix 

Further data processing allowed us to determine the door (Fig.6) and passenger (Fig.7) detection 

error matrices and basic classifier quality metrics, which is standard practice in evaluating object 
detection models used for engineering purposes [2, 23, 24]. The obtained door and passenger detection 

accuracy values enable the practical use of the system for acquiring input data for numerical passenger 

flow models and door throughput analysis. 

Table 1 

Quantitative data from the tram door and passenger detection model for the selected dataset 

Parameter Tram door detection model Passenger detection model 

Training collection 23 031 images with annotations 17 401 images with annotations 

Set partitioning 82% training data, 17% validation 

data, and 1% test data 

87% training data, 12% validation 

data, and 1% test data 

Accuracy 70% 62% 

These results serve as a starting point for further research on passenger flow modeling using 
analogies to fluid flows, including CFD simulations, in which passengers are treated as fluid particles 

in a channel with a variable cross-section. Combining empirical data (trajectories, intensities, densities) 

with numerical models enables the qualitative and quantitative verification of passenger flow behavior 
across various vehicle and stop geometry configurations, as well as the comparison of alternative design 

solutions [23; 26; 27]. 
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Conclusions 

The approach presented in this article combines artificial intelligence tools for image analysis with 

the concept of modeling passenger flow by analogy with fluid flow, thereby enabling a more detailed 

and operationally useful description of boarding and alighting processes in public transportation than 
traditional APC-based methods offer. The developed YOLO classifier, integrated with an object-

tracking module and quantitative analysis, enables semi-automatic collection of passenger flow data 

under real-world operating conditions without interfering with the vehicle’s design, using only existing 

monitoring infrastructure. Compared with commonly used counting solutions, the proposed method 
provides not only aggregated passenger numbers but also time-resolved trajectories and local densities 

in the door zone, which are directly usable as input data for capacity analyses and CFD models. 

Based on the analyses conducted, it was demonstrated that the geometry of the doors and their 

surroundings – including width, opening mechanism, and the placement of handrails and corridor 

narrowings – has a significant impact on passenger flow capacity and stability, particularly under high-
demand conditions. The results indicate that specific geometric configurations and behavior patterns 

(e.g., simultaneous boarding and alighting) can lead to local congestion, increased dwell time, and 

reduced operational robustness, consistent with observations from experimental studies and agent-based 
simulations and confirmed under real operating conditions in actual tram services. This strengthens the 

practical applicability of the findings for vehicle interior design and the reconfiguration of door areas in 

existing rolling stock. 

At the same time, the study has several limitations that should be considered when interpreting the 

results. The analyses were conducted on a limited number of vehicles and stop configurations in a single 
urban context, limiting the direct transferability of the conclusions to other transport systems and vehicle 

types. The detection accuracy of current YOLO-based models, while sufficient for engineering 

applications, still leaves room for improvement, especially under strong occlusion, extreme lighting 

variation, and very high occupancy. In addition, the CFD model presented is based on a simplified 
analogy between pedestrians and fluid particles, which does not fully capture individual behavioral 

differences or passengers’ adaptive strategies. 

Despite these limitations, the proposed methodology can serve as a practical tool to support vehicle 

interior design, door-zone optimization, and timetable planning while accounting for the actual 

dynamics of passenger exchange, rather than relying solely on static assumptions or aggregate demand 
indicators. Future research should focus on extending the dataset to include different vehicle types, 

cities, and cultural contexts, improving detection and tracking algorithms (e.g., through multi-camera 

fusion or 3D methods), and coupling the image-based measurements with more advanced microscopic 
crowd models. An important direction of development is also the integration of the presented tools with 

real-time decision-support systems for operators, enabling dynamic adjustment of service parameters 

(e.g., dwell time control, door usage strategies) in response to current passenger flow conditions, as well 

as the systematic validation of design variants for new vehicles and stop layouts at the planning stage. 
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