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Abstract: The accurate counting of passengers in public transport systems is crucial for optimizing
operations, improving service quality, and planning infrastructure. It can also contribute to
reducing the number of public transport lines where a high frequency of vehicles is not needed in
certain periods during the year, but also by increasing the number of lines where the need is
increased. This paper provides a comprehensive review of current methodologies and technologies
used for passenger counting, with a focus on image processing and machine learning techniques
and concepts. The paper explores various algorithms, including traditional computer vision
methods and advanced deep learning approaches, highlighting their strengths and limitations.
Additionally, the paper examines the integration of these technologies with other sensing modalities
such as infrared sensors, Wi-Fi, and RFID. By analyzing recent advancements and case studies, this
review aims to offer insights into the effectiveness, scalability, and practicality of different passenger
counting solutions and offers a solution proposal. The paper also analyzed the current GDPR
regulation that applies to the European Union and how it affects the use of systems like this. Future
research directions and potential areas for technological innovation are also discussed to guide
further developments in this field.
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1. Introduction

Public transport is expected to grow significantly during the period from 2024 to 2032 [1].
Optimizing public transport management and determining the frequency of lines that can include
buses, trams, trains, and subways has an important impact on reducing the carbon footprint,
reducing traffic congestion, waiting for passengers and contributing to improving the user
experience. The existence of cameras for the surveillance of vehicles and the transport space facilitates
the provision of the necessary infrastructure for the inevitable implementation of passenger counting
based on image processing and the use of machine learning algorithms. There are several research
and published papers about passenger counting in public transport, which refer to the analysis of
situations when there are few and many passengers in the vehicle, at night, during the day and during
rainy days when passengers must carry umbrellas, which makes it difficult to count passengers in
other demanding situations. situations that require adaptation of algorithms and approaches in
analyzing and processing images of the interior of the vehicle.

One approach based on a single camera with an image resolution of 640x480 pixels mounted
over access gate in the bus and 40-minutes video [2] proved that it could be used in cases when only
one door on the vehicle exists. It was based on C++ programming language and OpenCV library [3]
with two artificial neural networks, one for detecting a person and second that detects if the person
enters or leaves the public transport vehicle. The implemented system doesn’t require additional
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mechanical parts, but the processing unit proves to be expensive. The challenges in this research
related to detecting passengers were present in situations when the position of the passengers was
static, when the color of the background and person clothing were similar, when the noise and
background in the image didn’t allow highlighting the object of interest and questionable behavior
of the system in the event of a large crowd at the entrance.

Besides using only available video material obtained from public transportation vehicle cameras
for artificial neural network training, the research [4] proved that a prepared dataset like PAMELA
(Pedestrian Accessibility Movement Environment Laboratory of University College London) [5]
metropolitan train and bus dataset that contained videos of the passengers getting in and out of the
train could be used to train the machine learning model. The described approach was implemented
in MATLAB and used edge analysis-based techniques for tracking and detection of objects,
spatiotemporal techniques for selection the line from the region of interest, motion detection-based
techniques to detect direction of moving person and model-based techniques for detecting the region
of interest of the images using prior knowledge. The accuracy of the implemented system was
affected by passengers who were moving toward or away from the top-mounted camera and
changing dimensions of the passenger body, that resulted in multiple counting in some situations.
There were situations where the system didn’t detect passengers due to occlusion, complex
interaction or shadow, that was sometimes detected as human. The opening of door gave false
detection also as the foreground region is extracted on the motion-based method.

Simulation of public transport environment like performed in PAMELA dataset configured as a
London Underground carriage to study effect of door width and vertical gap was employed in the
research [6]. The PAMELA-UANDES dataset [7] contains a total of 14.834 training images and 13.237
testing images. A video dataset of 348 sequences captured by a standard CCTV-type camera was
made publicly available, as the main contribution of this paper. Three deep learning object detectors
(EspiNet, Faster-RCNN, and Yolo v3), and three benchmark trackers Markov Decision Processes
(MDP), SORT, and D-SORT were evaluated. The models were trained from scratch. The main
challenge in the used dataset is the angled camera view that defeats people detectors trained with
popular datasets, but corresponds with typical sensor position in this kind of environment. This
illustrates the fact that although data-driven learning approaches can produce adequate results, their
generalization capabilities are still below that of human observers. The position of the only camera
outside the public transport vehicle represents a limitation of this approach to be utilized in different
scenarios, as well as the scenarios which only apply to the London Underground.

Instead of using only one surveillance camera in the public traffic vehicle, better accuracy can be
achieved using rear and front door camera like in the research [8]. This research employed the
training data that were extract with the time intervals set to 3 second to avoid capturing too similar
images. The 3000 images of training data were augmented to 15.000 by Gaussian blur, Gaussian noise,
mirror operation, and brightness adjustment. In the system testing, 500 images extracted from 100
other videos were used as testing data for the passenger detection stage. The passenger counting
process was divided into three main parts: door state estimation (to engage counting of the passenger
only if the doors are open), passenger detection (SSD — Single Shot Detector network was built for
pre-training a passenger detection model), and passenger tracking and counting (a particle filter with
a three-step cascaded data association algorithm is used to track each person). The counting process
was performed in three different types of scenarios: daytime, nighttime and rainy days, because the
image parameters and detection challenges were different. The passenger detection was focused on
counting heads in the region of interest, as well as hats on the passenger heads. The tracking process
was based on a sequence of images and using centroid of a bounding rectangle that tracked the
passenger head. Using multiple cameras and image datasets that cover different scenarios like day,
night, rain, etc. proved to have a significant effect on achieving better results in passenger detection
in public transport.

A solution with RGB-D sensor, located over each bus door, for counting adults and children is
described in the research paper [9]. It represents an approach an inexpensive and flexible solution to
obtain, in real time, statistical measures on the amount of people present in the bus, with the use of
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an Analytical Processing System that accesses the data stored in the database and extract statistical
data and knowledge about the bus passengers. The solution uses a camera for each door facing
downward with and angle of 15 degrees. The RGB-D sensor that was used in Asus Xtion Pro Live
and is based on principle of structured light allows the construction of 3D depth maps of a scene in
read-time. Structured near-infrared light is directed towards a region of space and a standard CMOS
image sensor is used to receive the reflected light. The function of user tracking, in which an
algorithm processes the depth image to determine the position of all the joints of any user whiting
the camera range, is provided by an OpenNI compliant module called NiTE (Natural Interface
Technology for End-User). To avoid false alarms during the route, the RGB-D system is activated, for
allowing people counting, only when the bus arrives at the bus stop and opens to doors, and it is
automatically deactivated when the driver closes the doors and restarts the autobus. The skeleton-
tracking algorithm provided by NiTE the system can identify people in the scene at the entrance of
the bus. Then it monitors the position and the orientation of the 3D coordinates of some joints of the
skeleton tracked, so that it can understand if the person is getting in or off the bus. The system was
tested only during the day with the total recording time for each camera about 10 minutes and didn’t
include situation in which the bus is full of passengers, so the depth sensor does not have a clear path
to detect separate complete skeletons of every person.

One example of a passenger counting algorithm based on a hybrid machine learning approach
by using Histogram of Oriented Gradients (HOG) [10] feature of passenger’s heads on the extracted
images from recorded video is described in the research [11]. Classification of head features is done
by using Support Vector Machine (SVM) [12] as a classifier for the liner model. Heads are detected
successfully after performing all steps. In the next step, Kanade-Lucas-Tomasi (KLT) [13] is used to
reality head tracking, the multiple target tracking is achieved, and the head motion trajectory of
passenger target is captured. In the last step, the proposed algorithm is move to embedded system
ADSP-BF609 for practical implementation. Embedded systems proved to be adjusted for general
purpose passenger detection and cannot be easily upgraded to include situations in which passengers
use umbrellas because it’s raining or in similar situations.

Various automatic passenger counting were analyzed and presented in the research [14]. Video-
based sensing based on two cameras mounted on the front and rear doorways of buses. RGB image
frames were captured at 640x480 pixel resolution, and 30 frames per second utilizing software
running of an adjacent Raspberry Pi 3B+. Passenger detection is achieved using the pre-trained
convolutional neural network, and MobileNet SSD (Single Shot Detector) [15]. The second approach
analyzed was 3D Infrared sensing that counts passengers from the infrared and depth data. The third
approach was based on mobile Wi-Fi sensing that counts the number of devices in a defined space
based on probe request messages the devices send when not connected to network. The decision
whether a device is inside this space is made using the spatial and temporal overlap of the probe
requests sent by this device. The spatial overlap is achieved by positioning several mobile Wi-Fi
sensors around the bus. Between four and five sensors were used during testing period. The third
approach was related to a sensor-grid mat that was placed at the rear door of the bus. Data recorded
by the sensor was computed using an algorithm that calculates the center of pressure movement
when passengers step on and off the mat. Two sensor mats with 24 sensing nodes each were taped
down on the entrance floor. With the video-based Automatic Passenger Counting solution the
achieved results were more accurate on the front door but had a clear decline in accuracy for the rear
door. 3D Infrared Sensing achieved similar results to video-based overall. Mobile sensing accuracy
during weekdays was considerably lower than during the weekends, likely a large differences in
travel time (between one- and two-minutes during weekdays compared to seven minutes during
weekends) results. The approach with sensor map resulted with generally strong results on the rear
door, but because of an installation error of the sensor map on the front door. The greatest
impediment to counting accuracy with the sensor map was people standing on the mat while the bus
was in motion. This was most prominent when the bus was full, and standing room was limited. The
measurements were taken during six days in December in 2018, so to obtain the most accurate results,
it’s required to perform the measurements during the whole year.
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A system that employs a distributed people-counting approach in the metro based on IoT
(Raspberry Pi) and ESP-32 Wi-Fi camera and is based on the YOLO v8 algorithm [16][17] in real-time
is described in paper [18]. The dataset that was used was COCO (Common Objects in Context) dataset
[19] that contains very useful resources for establishing of proof-of-concept in people-counting. The
developed website enables commuters to access real-time information on compartment occupancy.
The described approach proves that the provided data about the number of passengers in certain
public transport vehicles with an addition of congestions on the streets during rush hour can improve
user experience and decision-making when and where to use the public transport services.

A comparison between commercial and custom-made solutions for passenger counting proved
that better results can be achieved [20]. The accuracy and precision of the different optical-based
solutions are claimed to be between 98 and 99 percent in every case, but the indicators are deceptive,
since they are usually obtained under ideal conditions (depot or in a laboratory test). The situation is
very often completely different in real-world situations. The accuracy of an estimation is sensitive to
camera position and angle, passenger-flow density, and lighting conditions. The cost of a commercial
APC (Automatic passenger counting) is between EUR 1500 and EUR 3000 per door, and generally it
is supplied as a part of a service with a monthly fee. There are systems that feature Raspberry Pi with
camera with a total cost of approximately AUD 560. Considering the significant cost and the
limitations of customizing of commercial APC systems, which directly impact the finances of public
transport companies, and considering the accuracy of the systems, custom low-cost alternatives are
representing a suitable option.

An innovative approach was deployed in research [21] where an evaluation of live data from a
co-deployed light sensor system and WLAN probe sensor system, which allows for an in-depth
analysis and comparison of the two bus occupancy estimation approaches. The datasets were
collected on the same bus route going from one side of a medium-sized German city, through the city
center, and to the other side. All datasets were collected at the same time of day but across three
different days, and on the same physical bus. The WLAN probe dataset was passively collected from
a sensor placed on the bus under the roof. The WLAN probes were emitted by WLAN enabled
devices carried by passengers (like smart phones) in and outside the bus. For each WLAN probe
collected, the time stamp and GPS location is recorded along with the recorded signal strength of the
received probe. The light sensor recorded by light sensors placed in the entrance and exit of the bus.
The events are recorded per bus stop on the bus route. Ground truth dataset consists of enter and exit
events manually counted by a person per door riding the bus. It was proven that light sensor
performs better in following ground truth data in detail, at a short-term, while suffering in the long-
term. The WLAN estimator is not good at following ground truth in detail at a short term, but at a
long-term if follows the general tendencies of ground truth and there is still a lot of room for
improvement.

A Wi-Fi-based automatic bus passenger counting system, named iABACUS, was used to observe
and analyze urban mobility by tracking passengers throughout their journey on public transportation
vehicles [22]. It counts the number of active Wi-Fi interfaces of mobile devices carried by passengers.
It is based on a de-randomization mechanism, which overcomes the issue of not being able to
attribute two or more random MAC addresses to the same device and since the original MAC address
is kept unknown, the identity of passengers cannot be inferred, and their privacy is preserved. The
described system also tracks passengers throughout their journey on public transportation vehicles,
by providing when they board or align from the bus. The disadvantages of this approach are that
passengers can carry more than one device connected to Wi-Fi, which would disturb the accuracy of
the results. Sometimes the devices outside the vehicles were counted as present in the vehicle and
needed to be discarded. Randomization of the MAC addresses presented a serious problem, since the
presence of only three devices can lead to a count six times higher in a 15-minute time interval.

The paper presents a review of passenger counting systems in public transports based on image
processing and machine learning that aims to address prerequisites and challenges of such a system.
It analyzes several different approaches, highlights pros and cons of every of the approaches and
suggests best practices that were used in previously published papers. After explaining the concepts,
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techniques and challenges that need to be considered when planning the implementation of a system
for counting passengers in public transport, the proposed solution for such an implementation with
all the key parts of such a system is presented and described.

The paper is structured as follows. The following section presents the concepts and techniques
needed to implement an automatic passenger counting and challenges that need to be considered
before implementing such a solution. Section 3 describes a solution proposal of a deployed passenger
counting system. After that, in section 4, the impact of the GDPR on systems like this and the
limitations it sets are described. Finally, in the Discussion and Conclusions section, the most
important facts are described, and the most important conclusions are given, as well as the
possibilities of expansion and improvement of the system for counting passengers in public transport
in the future.

2. Concepts, Techniques and Challenges

The common concepts of counting passengers in public transport vehicles were based on
defining areas of interest for counting or line of interest where the passenger need to pass when
entering or leaving the vehicle. The images extracted from the video taken by the camera are then
transformed to an appropriate format, analyzed by using artificial neural networks to detect the
object of interest (for example, person, vehicle doors, etc.), and determine if the object is involved in
the situation which means that the passenger counter needs to be updated.

Image processing and transformation includes foreground and background subtraction (for
example, by using the Hough method [23]), features extraction [24], image segmentations also known
as thresholding [25] used to create binary images to improve the accuracy of the object detection,
performing morphological operations like dilation and erosion [26], color conversion (from RGB to
HSV [27], for example), Histogram equalization, clustering (compacting pixels in regions), passenger
detection and tracking counting the objects (passengers) by using the artificial neural networks based
on trained model.

The number of cameras deployed in public transport vehicles plays an important role in
avoiding false detection of passengers in the vehicle. Especially if the vehicle contains multiple
entrance and exit doors. It is highly recommended to employ at least one camera that covers each of
the doors. Research like [8] proved that the detection of open doors improves the precision, so the
counting process starts when the doors are open, and it does change the number of passengers while
driving.

During the year, the seasons, weather conditions, clothes worn by travelers’ change, days and
nights, different platform configuration, different types of lightning, different camera views, sunny
and rainy days and the like change as well. Because of this, image processing algorithms as well as
machine learning models must be adjusted and trained with various image datasets recorded in
different scenarios to achieve robustness and return expected and reliable results. Many existing
passengers counting in public transport performed the data collection only during the day, and not
during the nights and rainy days [8]. For achieving the best results and to constantly improve the
detection precision, additional image dataset needs to be collected, and with manual labelling of
objects (passengers) on images, enhance and enrich the training dataset with new scenarios that
weren't recognized as expected.

Depth sensors were also utilized like in the research [9], but in situations where the public
transfer vehicle is full of passengers, the detected person skeletons can overlap which can result in
wrong detection results. In combination with other sensors or cameras present in the public transport
vehicle and using obtained data to analyze the situation in interest (like counting heads of
passengers), the results could be improved in such cases.

One of the biggest challenges in establishing a system that will reliably count passengers in
public transport is the acquisition of an adequate dataset of videos that include onboarding and
offboarding passengers. The slowest way consists of collecting your own data set by storing videos
from surveillance cameras throughout the year, processing and training models to detect and count
passengers. In this way, it is possible to precisely adjust the detection system in real scenarios in
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different situations in vehicles, and it represents an optimal way. Alternatively, it is possible to use
an existing publicly available dataset like PAMELA mentioned in [4,7] as an initial version and
improve it with additional videos if the results turn out not to be good enough. The size of the image
dataset is also important, previous papers that provided the best detection precision included
hundreds of videos and thousands and tens of thousands of images on which to train the model. The
image datasets must be adequately divided into a set for training and a set for validation, usually
divided in the proportion of 80% - 20%.

In cases where it is necessary to start the development of the system from the very beginning, it
is recommended to use existing models that have already been sufficiently trained, such as YOLO in
its latest version (at the time of writing this paper it was version v9 released on 02/21/2024) [28][29]
and the COCO dataset [30], which contains a large the number of images of objects that can be
tracked, such as people (limited person dataset only is available on [31]).

3. Solution Proposal

This chapter will describe a proposal for the implementation of a solution for counting
passengers in public transport, from how the cameras should be placed, how to connect them to the
common infrastructure, how to enable communication with the monitoring center, and how to collect
video materials based on which prepare images for training a machine learning model for passenger
recognition. The section also covers the best practices how to approach image processing and
machine learning model training. The best results were achieved with image processing and machine
learning techniques based on CCTV cameras located at the front and the rear door in the public
transport vehicle.

3.1. Camera Locations

From the analysis of published research, it is concluded that to achieve the best results, it is
necessary to install a CCTV IP (Closed-Circuit Television Internet protocol) camera at each door of
the public translation vehicle as shown in Figure 1. In case of a bus or similar public transport vehicle,
cameras must be located on the roof to be able to capture video about the passengers’ heads.

Figure 1. Proposed locations of cameras in the public transport vehicles.

Example of camera locations are shown in Figure 2. The first two images, (a) and (b) show
surveillance camera locations, and (c) and (d) show custom-made cameras in case of proof-of-concept
solutions.
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Figure 2. Positions of the cameras: (a) surveillance camera at the front door [8]; (b) surveillance camera
at the rear door [8]; (c) custom-made camera at the front door [11]; (d) low-cost camera installation
based on Raspberry Pi at the rear door [17];.

3.2. Public Transport Vehicle External and Internal Network Infrastructure

As part of the process of installing cameras in vehicles, to be able to access recorded videos and
enable real-time communication, it is necessary to use a network connection with the cameras using
PoE technology [32]. Besides cameras an embedded computer functioning as a Network Video
Recorder (NVR) is required to allow to access the recorded video materials. Bus surveillance systems
must be wirelessly enabled with Wi-Fi router and cellular compatibilities. After the IP cameras send
video to the onboard embedded computer, the computer streams live video through a secure cellular
connection to a control center, where managers can access video images and monitor the bus
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remotely. Figure 3 shows an example of components and internal and external network infrastructure
in a bus [33].

RocketLinx ES7110-VB NVR

CCCCCCCCC

4

REMOTE MONITORING
Power over Ethernet s
Ethernet = = = = = = = = = =

Figure 3. Public transport vehicle external and internal network infrastructure [34].

3.3. Gathering the Image Dataset

Before starting the process of training a machine learning model based on the processing of
images taken from videos recorded in public transport vehicles, it is necessary to prepare enough
images, which should be several thousand or better several tens of thousands to achieve the expected
results and adequate precision.

If it is feasible to collect images throughout the year, during and after hours, during the day and
night, during all seasons and all-weather conditions, that would be ideal. If this is not possible and it
is necessary to start from the beginning, the prepared YOLO v9 [28][29] model that can recognize
people in pictures and the COCO [30][31] data set that contains many pictures of people can also be
used.

The YOLO (You Only Look Once) family of models has a significant impact in real-time object
detection due to its balance of performance, especially speed and accuracy. The latest iteration, YOLO
v9, released in February 2024, builds upon its predecessors with improvements. It leverages a refined
architecture that enhances feature extraction and object localization capabilities. The latest version
integrates advanced techniques such as adaptive anchor boxes, enhanced path aggregation networks,
and transformer-based components, which contribute to its superior detection accuracy and
robustness, especially in complex and dynamic environments like public transport vehicles [35][36].

The COCO (Common Objects in Context) dataset is a widely used benchmark in the field of
object detection, segmentation, and captioning. It contains over 200,000 labeled images with more
than 80 object categories, including people, which are critical for passenger counting applications.
The COCO dataset's nature ensures that models trained on it can generalize well to various real-
world scenarios. This is particularly important for passenger counting systems, as they must adapt
to different lighting conditions, passenger densities, and environmental changes throughout the year
[30].

Using YOLO v9 and the COCO dataset in the implementation of passenger counting systems
offers real-time processing capabilities needed for reliable passenger detection and counting. The pre-
trained weights on the COCO dataset provide an adequate starting point for fine-tuning to custom
datasets collected from public transport environments. In situations where passengers overlap or
when vehicles are crowded, the detection algorithms of YOLO v9 can more effectively distinguish
individual passengers by counting individual passengers by counting heads since the camera is
mounted on the roof of the public transport vehicle. By continuously updating the training datasets
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with new scenarios and employing robust models, public transport systems can maintain improved
accuracy and reliability in passenger counting, after manual labeling of passengers with a tool like
Label Studio [37].

The door and passenger images represent regions where objects of interest are defined and lines
of interest where object recognition is performed. To develop a system that does not depend on ideal
conditions and covers different periods of the day and year and weather conditions, it is necessary to
collect images in such specific scenarios and manually label it if needed. Figure 4 shows some of such
situations, which refer, for example, to situations when it is raining, and passengers enter and exit
public transport vehicles holding umbrellas and their heads are not fully visible in the images, or the
lighting of the picture is not ideal.

(a) (b)

10 person 0.84

() (d)

Figure 4. Images in specific scenarios: (a) passenger wears a raincoat at night [8]; (b) passenger uses
an umbrella while it’s raining at night [8]; (c) passenger offboards from the bus and crosses the line of
interest (yellow) in dark conditions [20]; (d) two passengers are boarding in dark conditions [20];.

3.4. Image Processing and Machine Learning Model Training

The initial step in developing a robust passenger counting system in public transport includes
image processing techniques to prepare the data for machine learning models. The raw video footage
collected from cameras installed in public transport vehicles must undergo several preprocessing
stages to enhance the quality and utility of the images. These stages include foreground and
background subtraction, often achieved through methods like the Hough Transform [38], which
isolates moving objects (passengers) from static backgrounds. Further, feature extraction techniques
are employed to identify and highlight crucial elements within the images, such as edges, shapes,
and textures.
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Once the images are preprocessed, segmentation techniques, particularly thresholding, are
applied to create binary images that simplify the detection process by distinguishing the object of
interest from the rest of the image. Morphological operations like dilation and erosion [26] are then
used to refine the shapes of detected objects, removing noise and filling gaps. Color conversion, such
as converting from RGB to HSV color space [27], can also be beneficial, as it helps in distinguishing
objects under varying lighting conditions. Histogram equalization is another important step that
improves the contrast of the images, making the features more discernible for detection algorithms.

Following image preprocessing, the next crucial phase involves training machine learning
models to accurately detect and count passengers. The collected dataset, ideally encompassing a wide
range of scenarios—including different lighting conditions, weather conditions, and times of day —
provides the necessary variability for training robust models. Deep learning techniques [39],
particularly those based on convolutional neural networks (CNNs) [40], are widely used due to their
performance in image recognition tasks. Models like YOLO [28][29] are particularly suitable for real-
time applications due to their high speed and accuracy.

Training these models involves splitting the dataset into training and validation sets, typically
in an 80-20 ratio. The training set is used to teach the model to recognize patterns and features
associated with passengers, while the validation set is used to evaluate the model's performance and
fine-tune its parameters. Data augmentation techniques, such as flipping, rotating, and scaling
images, are often applied to increase the diversity of the training data and improve the model's
generalization capabilities. Additionally, transfer learning [41] from pre-trained models on large
datasets like COCO [30][31] can improve the training process and enhance the model's performance.

Finally, continuous retraining and validation are essential to maintain the accuracy and
reliability of the passenger counting system. As new data is collected, particularly under previously
unseen conditions, it is added to the training dataset, and the model is retrained to adapt to these
new scenarios. This iterative process ensures that the system remains robust and capable of delivering
accurate counts, which are crucial for optimizing public transport operations.

4. GDPR Compliance and Passenger Counting Systems

The General Data Protection Regulation (GDPR), enacted by the European Union in May 2018
[42-44], has significantly impacted how data, especially personal data, is collected, processed, and
stored. Passenger counting systems in public transport vehicles, which often rely on video
surveillance and image processing, must comply with GDPR to ensure the privacy and protection of
individuals' data. This regulation mandates strict guidelines on data handling practices to safeguard
individuals' privacy rights and prevent unauthorized access or misuse of personal data [45].

One of the primary GDPR concerns for passenger counting systems is the identification and
processing of personally identifiable information (PII). Images and videos collected for counting
passengers can inadvertently capture faces and other identifying features, thus classifying this data
as PII under GDPR. To mitigate these risks, public transport operators must implement robust
anonymization techniques, such as blurring or masking faces, before storing or processing the data.
Additionally, clear signage informing passengers about the presence of surveillance cameras and the
purposes of data collection is essential for maintaining transparency and obtaining informed consent,
a core GDPR requirement.

The European Union has also introduced specific regulations to enhance the protection of
personal data in the context of smart cities and public transport systems. These regulations emphasize
the need for data minimization, ensuring that only the data necessary for the specific purpose of
passenger counting is collected and retained. Public transport authorities are encouraged to conduct
Data Protection Impact Assessments (DPIAs) to systematically analyze and mitigate potential
privacy risks associated with their data processing activities. Furthermore, employing encryption and
other security measures to protect data during transmission and storage is mandated to prevent data
breaches.

Compliance with GDPR and these new regulations requires a multifaceted approach. Public
transport operators must ensure that their data processing agreements with third-party service
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providers, such as those supplying image processing and machine learning technologies, include
stringent data protection clauses. Regular audits and updates to privacy policies and practices are
also necessary to adapt to evolving legal requirements and technological advancements. Training
employees on data protection principles and fostering a culture of privacy within the organization
further strengthens compliance efforts.

While passenger counting systems provide valuable data for optimizing public transport
operations, adherence to GDPR and EU regulations is imperative to protect passengers' privacy. By
implementing anonymization techniques, conducting DPIAs, ensuring data minimization, and
securing data through encryption, public transport operators can achieve the dual goals of
operational efficiency and regulatory compliance [46].

5. Discussion

The implementation of passenger counting systems in public transport vehicles based on image
processing and machine learning represents a suitable option for enhancing operational efficiency
and service quality. This review has highlighted various methodologies, including defining areas or
lines of interest for counting, advanced image preprocessing techniques, and the application of neural
networks for object detection and tracking. However, several key issues and challenges must be
addressed to realize the full potential of these technologies.

One of the primary challenges is ensuring accuracy and reliability in diverse and dynamic
environments. Public transport vehicles operate under varying conditions such as different lighting,
weather, and passenger densities, all of which can affect the performance of image processing
algorithms. The need for robust preprocessing techniques, including foreground and background
subtraction, feature extraction, and image segmentation, is critical to maintaining high detection
accuracy. Additionally, the integration of morphological operations, color conversion, and histogram
equalization further enhances the quality of the images for subsequent analysis.

Machine learning models, particularly those based on deep learning architectures like YOLO,
have demonstrated significant advancements in object detection capabilities. However, training these
models requires large, diverse, and well-labeled datasets. The availability and quality of these
datasets are important for developing models that can generalize well across different scenarios
encountered in public transport. The incorporation of transfer learning, using pre-trained models on
extensive datasets like COCO, can accelerate the training process and improve initial performance.
Continuous retraining with new data, including edge cases and rare events, is necessary to adapt to
evolving operational conditions and to improve model robustness.

GDPR compliance and data privacy are critical considerations in deploying passenger counting
systems. The collection and processing of video data raise concerns about the protection of personally
identifiable information (PII). Anonymization techniques, data minimization, and conducting Data
Protection Impact Assessments (DPIAs) are essential steps to ensure that passenger data is handled
responsibly and legally. Public transport operators must implement stringent data protection
measures, both in collaboration with third-party technology providers and within their own data
management practices.

The deployment of multiple cameras to cover all entry and exit points in a vehicle is
recommended to enhance detection accuracy and reduce false positives. The strategic placement of
cameras can ensure adequate coverage, especially in vehicles with multiple doors. Research has
shown that detecting the opening and closing of doors can significantly improve the precision of
passenger counting, as it allows the system to focus on periods of high passenger movement.

While significant progress has been made in the development of image processing and machine
learning-based passenger counting systems, several challenges remain. Addressing these challenges
through preprocessing techniques, comprehensive training datasets, adherence to data privacy
regulations, and strategic system design will be crucial for the successful deployment and operation
of these systems in public transport. Continued research and innovation in this field will contribute
to more efficient and responsive public transport services, ultimately benefiting both operators and
passengers.
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6. Conclusions

The adoption of image processing and machine learning techniques for passenger counting in
public transport vehicles offers benefits for optimizing operational efficiency and improving service
quality. This review has explored various methodologies, including defining areas or lines of interest
for counting, applying advanced image preprocessing techniques, and employing neural networks
for object detection and tracking. Despite the advancements, several challenges, including accuracy
in diverse environments, data privacy concerns, and the need for comprehensive datasets, remain
critical to address.

Ensuring high accuracy and reliability in passenger counting systems under varying operational
conditions is paramount. Image preprocessing techniques, such as foreground and background
subtraction, feature extraction, and image segmentation, are essential for enhancing detection
accuracy. Moreover, leveraging deep learning models like YOLO, which can process images in real-
time with high precision, has proven to be highly effective. The use of pre-trained models and
continuous retraining with new datasets can further improve the performance and adaptability of
these systems.

Adhering to GDPR and data privacy regulations is crucial for the ethical deployment of
passenger counting systems. Implementing anonymization techniques, conducting Data Protection
Impact Assessments (DPIAs), and ensuring data minimization are necessary to protect passengers'
personal data. Public transport operators must collaborate with technology providers to incorporate
stringent data protection measures and foster a culture of privacy within their organizations.

Future research should explore the integration of additional sensors, such as LIDAR, beside dept
sensors, infrared sensors, with traditional camera-based systems. Additional sensors can provide
complementary data that enhances the accuracy and reliability of passenger counting, especially in
challenging conditions such as overcrowded vehicles.

With introduction of improved anonymization techniques protect passenger identities while
retaining the necessary data for accurate counting is an important area for innovation. Techniques
such as differential privacy and secure multi-party computation could be investigated to enhance
data privacy.

Research into adaptive machine learning models that can dynamically adjust to varying
conditions and continuously learn from new data will be valuable. This includes developing models
that can handle different lighting conditions, weather scenarios, and passenger densities more
effectively.

Implementing edge computing solutions to process data in real-time on-board public transport
vehicles can reduce latency and enhance the responsiveness of passenger counting systems. This
approach can also alleviate data privacy concerns by minimizing the transmission of sensitive data
to central servers.

Designing scalable and modular passenger counting systems that can be easily adapted to
different types of public transport vehicles and varying operational requirements is another area for
technological innovation. This includes creating flexible architectures that can integrate with existing
infrastructure and future technologies.

Developing and sharing comprehensive and diverse datasets that include various operational
scenarios is important for training robust machine learning models. Public-private partnerships and
collaborative research initiatives can play a significant role in creating and maintaining these datasets.

Incorporating user-centric design principles and feedback mechanisms to ensure that the
systems meet the needs of both operators and passengers. This includes considering user privacy
preferences, ease of deployment, and maintenance.
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