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Abstract

In recent years, the rapid development of digital technologies and computer vision systems
has profoundly transformed the way cities observe and manage urban mobility. Within
this evolving context, public transportation serves as a key data source for understanding
travel patterns and improving service quality. However, the real-time acquisition and pro-
cessing of reliable information about passengers and the surrounding urban environment
remain a complex challenge, often constrained by traditional sensor-based or indirect count-
ing systems. This thesis introduces an integrated approach for real-time passenger count-
ing and street-level monitoring in public transport vehicles, combining computer vision,
artificial intelligence, and geospatial analysis. Unlike conventional methodologies, the pro-
posed system leverages pre-trained deep convolutional neural networks, specifically the
YOLO model, to simultaneously analyze video streams captured both inside and outside the
vehicles. Inside the vehicles, cameras are used to perform accurate passenger counting after
door closure and flow analysis during stops, substantially improving precision compared
to flow-only approaches. Externally, additional cameras monitor the surrounding environ-
ment to detect relevant urban elements—such as potholes, and bicycles—thus providing a
comprehensive view of street conditions and infrastructure quality. All detections are geo-
referenced using GPS data and transmitted to a cloud platform, where they are processed
to generate informative maps and indicators that support urban maintenance and planning.
A further contribution of this research lies in the integration of passenger flow data within
public transport network analysis tools, enabling the identification of usage patterns, bot-
tlenecks, and operational inefficiencies. The system was validated through a large-scale de-
ployment carried out in the city of Bari, Italy, involving 50 buses operating across 30 lines
of the local public transport network. The experimental results demonstrated high accuracy,
robustness, and real-world applicability, confirming the potential of the proposed solution
to support intelligent mobility management and the transition toward more sustainable
and data-driven urban systems.

This thesis is organized into six chapters. Chapter 1 introduces the problem of vision-
based monitoring in public transport, motivates the use of onboard perception as a source
of actionable mobility intelligence, and frames the main research contributions through a re-
view of state-of-the-art passenger counting and monitoring approaches. Chapter 2 provides
the theoretical background required by the proposed framework, covering the core princi-
ples of neural networks as well as the optical, geometric, and calibration aspects that influ-
ence the quality and reliability of camera-based measurements in real operating conditions.
Chapter 3 focuses on the object-detection backbone adopted in this work, namely YOLOv5:
after presenting the model fundamentals and representative application domains, it moti-
vates the choice of YOLOv5 for both in-cabin passenger analytics and outdoor urban-scene
monitoring under embedded, real-time constraints. Chapter 4 describes the end-to-end sys-
tem architecture and operating workflow, detailing the onboard hardware and network-
ing setup, the dual internal/external processing pipeline, the training procedures, and the
cloud-oriented data collection strategy that enables fleet-level scalability. Chapter 5 reports
the experimental evaluation and results, including passenger counting validation, cloud-
based analytics for real-time fleet monitoring and network-level insights, and the analysis of
geo-referenced external detections for infrastructure and urban-environment assessment. Fi-
nally, Chapter 6 summarizes the main findings and limitations, and outlines future research
directions and deployment perspectives; it also reflects on the dissemination outcomes of
the work, including the formative experience.
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Chapter 1

INTRODUCTION

1.1 Passenger Analytics and Urban Mobility: Tools for Pub-

lic Transport Improvement

Efficient public transportation management in urban areas faces increasing chal-
lenges due to growing mobility demand, dynamic population distribution, and evolv-
ing external conditions. Within this context, two fundamental tasks — accurate pas-
senger counting and street-level monitoring — play a crucial role in achieving a
more intelligent, adaptive, and sustainable transport system.

Passenger counting represents a cornerstone for data-driven fleet management,
service optimization, and demand forecasting. Accurate and continuous monitor-
ing of passenger flows enables transport agencies to make evidence-based decisions,
shifting from reactive to proactive operations. Knowing precisely how many passen-
gers board and alight at each stop allows operators to evaluate route performance,
adjust vehicle allocation, and redesign timetables based on real demand dynamics
rather than on estimations. This transition toward data-driven planning ensures that
service provision accurately reflects the evolving mobility needs of the population
throughout different times of the day, days of the week, and seasons.

Beyond operational efficiency, passenger counting also supports strategic plan-
ning and policy-making. The identification of overcrowded routes, underused ser-
vices, and spatio-temporal demand patterns provides a solid foundation for long-
term investment in transport infrastructure and the design of optimized services.
Understanding where and when demand fluctuates enables public transport agen-
cies to allocate resources more effectively, improve multimodal connectivity, and
support environmentally sustainable mobility strategies. Reliable passenger flow
data also serve as a foundation for key performance indicators (KPIs) such as load
factors, dwell times, headway regularity, and punctuality — all of which are essen-
tial for improving operational reliability, cost-effectiveness, and passenger satisfac-
tion [18, 19].

Despite these recognized benefits, current passenger counting systems available
on the market and in the state of the art remain largely inefficient or underexploited.
Many existing solutions rely on outdated sensor technologies, such as infrared or
ultrasonic devices, which are limited in accuracy and strongly affected by environ-
mental conditions. As a result, such systems are often perceived as unreliable or
economically unjustified, and consequently are rarely integrated into the operational
frameworks of public transport agencies. In most cases, operators continue to rely on
manual counts or statistical estimations, which fail to capture the temporal and spa-
tial variability of passenger demand. This lack of accurate, real-time data prevents
true data-driven optimization, hindering the potential for dynamic adjustments in
fleet deployment, frequency planning, and service design.
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This work aims to overcome these limitations by proposing a practical and im-
plementable solution that integrates real-time passenger counting and street-level
monitoring in a single unified system. By leveraging deep learning, computer vi-
sion, and Internet of Things (IoT) technologies, the proposed approach demonstrates
how accurate, scalable, and cost-effective passenger analytics can be embedded di-
rectly into public transport operations. This integration not only enhances decision-
making and service adaptability but also lays the groundwork for a new paradigm
of intelligent and responsive mobility management, where real-time data, automa-
tion, and contextual analysis work together to improve both operational efficiency
and the quality of urban life.

In parallel, street-level monitoring provides complementary insights into the ex-
ternal environment of urban mobility. Detecting and analyzing conditions such as
traffic congestion, road surface degradation, pedestrian density, or temporary obsta-
cles contributes to safer and smoother journeys while supporting municipalities in
infrastructure maintenance and planning [20]. In recent years, numerous research
efforts have explored the integration of passenger counting and environmental per-
ception through machine learning, computer vision, and IoT technologies, promot-
ing the development of holistic, adaptive, and intelligent public transport manage-
ment systems capable of addressing the growing complexity of modern urban mo-
bility [21].

Most existing systems tackle these challenges separately. Current passenger count-
ing systems typically use door-mounted sensors and flow-based estimations [1,22],
but exhibit intrinsic limitations: they cannot provide precise passenger tracking in-
side the vehicle, produce coarse estimates that degrade in crowded conditions, and
do not leverage the capabilities of modern convolutional neural networks (CNNs)
to operate in visually complex and occluded environments [4, 23, 24]. Moreover,
validation is hindered by the lack of realistic, publicly available datasets for bus in-
teriors. Instead, for external urban monitoring, such as pothole detection, scooter or
pedestrian classification, the literature offers several CNN-based methods [25–28].
Nevertheless, these systems typically function without any integration with internal
vehicle data (e.g., occupancy or passenger flow) or spatio-temporal correlation be-
tween street-level activity and on-board behaviour. This lack of integration reveals a
technological gap: the absence of a unified framework combining internal and exter-
nal perception, which is essential for enabling higher-level tasks such as multimodal
optimization, context-aware fleet management, and safety enhancement.

In this work, we propose a novel and integrated framework that combines accu-
rate passenger counting, based on CNNs and multi-object tracking, with the classi-
fication and geo-location of urban elements captured through outward-facing cam-
eras. Alongside internal analytics, the system continuously monitors the external
road environment, detecting road surface anomalies such as potholes, cracks, stand-
ing water, and general pavement degradation, as well as classifying a wide spectrum
of street-level elements including scooters, bicycles, pedestrians, parked vehicles,
signage, construction areas, and temporary obstacles. Through this dual perception
layer, the vehicle becomes a mobile sensing platform capable of capturing both the
dynamic behaviour of passengers and the evolving conditions of the surrounding
urban space.

By embedding internal and external perception into a unified architecture, the
system enables a multi-layered analytical process in which vehicle occupancy trends,
passenger flow patterns, and street-level contextual factors are jointly interpreted
rather than treated as independent information streams. This integration supports



1.2. Literature Review 3

advanced applications in route planning—where passenger demand can be corre-
lated with infrastructural constraints or recurrent bottlenecks—and in fleet man-
agement, where dispatching and scheduling strategies can be adapted not only to
ridership patterns but also to real-time environmental conditions. Moreover, the
continuous acquisition of geo-referenced road condition data enables proactive and
predictive maintenance workflows, allowing municipalities to detect degradation
patterns early, optimize intervention priorities, and reduce long-term repair costs
through data-driven asset management.

1.2 Literature Review

For passenger counting, previous studies have primarily focused on flow-based sys-
tems, where individuals are detected as they pass through predefined gates or door
areas. For example, [23] employs computer vision and tracking algorithms to de-
tect entering and exiting passengers, while [5] proposes a lightweight deep learning
solution based on the MobileNetv2-SSD model, designed to operate efficiently on
resource-constrained embedded devices. These approaches demonstrate the feasi-
bility of visual detection on low-cost hardware, yet their applicability remains lim-
ited when scaled to complex real-world scenarios such as crowded buses or irregular
passenger movements.

Other works, such as [1] (Kinect) and [29] (ToF), adopt overhead depth sen-
sors and classical segmentation pipelines—often including morphological filling or
“water-filling”–like strategies Fig. 1.1.—to improve robustness under partial occlu-
sions.

FIGURE 1.1: Water-filling strategies [1]
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[1] explicitly targets Kinect-based people counting at doorways, representing
the line of work that relies on vertical depth acquisition for head/torso segmenta-
tion. Representative implementations of the water-filling family applied to vertical
Kinect show how head segmentation from depth maps can enable real-time counts
but remains sensitive to clutter and mutual occlusions.

[29] study Time-of-Flight (ToF) sensing for people counting, highlighting the
appeal of compact depth hardware for embedded deployments; yet ToF ranging
is prone to multipath interference and reflection-induced errors in realistic interi-
ors with glossy, metallic, or glass surfaces. Similar scene-dependent artifacts are
reported for Kinect-class depth sensors, where accuracy and noise vary with mate-
rials and lighting; measurements across the field of view can yield non-negligible
depth errors and outliers.

Stereo-based pipelines constitute another historical strand. [30] introduced stereo
for gate-crossing counts; subsequent analyses note that performance is highly sensi-
tive to rig calibration/shift and lighting, which complicates field operation. [22] pro-
posed dense close-range stereovision for bus passenger counting and reported very
high accuracy on a large dataset including laboratory scenarios and some in-service
bus sequences; nevertheless, scalability to crowded, highly dynamic situations re-
mains constrained by disparity quality and segmentation thresholds.

Finally, [4] engineered a neural APC using depth video with LSTM-based cumu-
lative summation and ensemble techniques to reduce bias; while this improves sta-
bility over single-pass detectors, crowding and simultaneous bidirectional motion
still stress the counting pipeline in the absence of dedicated multi-target tracking.
In sum, although depth-centric systems can be highly accurate in controlled or low-
density conditions, their performance degrades in crowds where mutual occlusions
inflate cumulative errors. An alternative approach, proposed by [4], processes video
sequences of door-opening phases through a Long Short-Term Memory (LSTM) neu-
ral network combined with cumulative summation to estimate the number of board-
ing and alighting passengers. This method is relatively robust against noise and mo-
tion blur; however, it still exhibits performance degradation in high-density condi-
tions, where distinguishing multiple overlapping passengers or determining move-
ment direction becomes challenging. The lack of integrated tracking mechanisms
exacerbates the risk of misclassifications when multiple individuals move simulta-
neously. In addition, most of these systems remain untested on real operating buses,
where vibration, camera placement, and dynamic lighting further affect reliability.

A different line of research explores non-visual methods. For instance, [2] lever-
ages Wi-Fi and Bluetooth signals to estimate passenger flows and infer origin desti-
nation (O–D) matrices.
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FIGURE 1.2: Wi-Fi and Bluetooth strategies [2]

While these methods can provide useful aggregate insights, they inherently ex-
clude a significant portion of the population — such as users without devices, with
disabled wireless connectivity, or with multiple overlapping devices — and their ac-
curacy decreases in densely populated environments where signal interference and
reflection are common.

Overall, these studies highlight both the potential and the limitations of exist-
ing passenger counting technologies. Despite numerous innovations, current sys-
tems are still fragmented, domain-specific, and difficult to integrate into operational
frameworks of public transport agencies. The main features and limitations of the
most representative approaches are summarized in Table 1.1, providing a clear com-
parative overview that motivates the need for a more integrated and deployable
solution, as proposed in this work.

TABLE 1.1: Summary of flow-based passenger counting approaches.

Work Sensor Scope Main Limitation

[1] Kinect (Depth) Passage way Lighting sensitivity

[22] Stereo camera Door Lighting sensitivity

[4] LiDAR/ToF Door No interior tracking

[23] RGB camera Door No interior tracking

[5] RGB camera Passage way Not validated on
buses

[29] ToF sensor Passage way Narrow field of view

[30] Stereo camera Passage way Not validated on
buses
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While recent research has made significant progress in vehicle detection and
tracking using computer vision and deep learning techniques [31,32], comparatively
fewer studies have focused on the detection of critical road surface elements—such
as potholes, cracks, or debris—from the perspective of public transport vehicles. The
ability to monitor road conditions from a bus-mounted viewpoint offers an under-
explored yet highly valuable opportunity to gather continuous, large-scale data di-
rectly from operating fleets, supporting predictive maintenance and improving road
safety and service quality.

In [25], the YOLOv7 model [3] is used to detect and geolocate potholes in road
imagery Fig. 1.3.

FIGURE 1.3: Potholes Detection [3]

Although promising, its overall accuracy was constrained by the limited size
and diversity of the dataset and by the reliance on individual static images rather
than continuous video sequences. This frame-by-frame approach neglects temporal
information that could improve consistency and reduce false detections. Similarly,
in [26], a comparison between MobileNetv2 and ResNet architectures demonstrated
satisfactory performance for MobileNetv2 under controlled settings, yet the evalua-
tion was again limited to static images, preventing the assessment of robustness in
dynamic conditions such as motion blur, variable illumination, or occlusions caused
by traffic.

A more comprehensive analysis was conducted in [27], where four different ob-
ject detection models were compared for pothole detection in autonomous driving
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contexts. The study identified several key challenges, including speed constraints
(up to 60 km/h), dataset imbalance heavily favoring non-pothole images, and sig-
nificant performance degradation under adverse conditions such as rain, poor light-
ing, or wet surfaces. In addition, false positives caused by road stains, manholes, or
maintenance patches were frequent, further undermining the model’s reliability in
practical deployment scenarios.

Finally, [28] investigated the combination of stereo vision and deep learning
techniques to enhance depth perception and improve surface anomaly recognition.
However, despite the theoretical advantages of stereo-based depth cues, the exper-
iments revealed substantial limitations due to restricted datasets, variability in illu-
mination, and reflections on asphalt, which hindered the generalization of the model
to real-world conditions.

Overall, the existing literature highlights that road anomaly detection from bus-
mounted or vehicle-based perspectives remains an emerging field, constrained by
dataset scarcity, environmental variability, and the lack of continuous, real-time anal-
ysis. These limitations underline the need for more robust and integrated approaches
capable of leveraging temporal information, advanced data fusion, and adaptive al-
gorithms to ensure reliable operation in diverse and dynamic urban environments.

1.2.1 Time-of-Flight (ToF) sensing for people counting

Time-of-Flight (ToF) technology is currently one of the most promising and scientifi-
cally established approaches for automatic passenger counting in public transporta-
tion systems. ToF sensors operate by emitting modulated or pulsed infrared radia-
tion and measuring the round-trip propagation delay or phase shift of the reflected
signal. This enables the reconstruction of a dense and accurate depth map, largely
independent of ambient lighting conditions, which is a substantial advantage over
traditional RGB or stereo vision systems that are sensitive to shadows, glare, contrast
variations and complex illumination patterns [1]. The combination of illumination
independence and high frame rates—typically between 30 and 100 fps—makes ToF
particularly effective for monitoring rapid and dynamic events such as the transient
flow of passengers across vehicle doors.

In public transport environments, ToF devices are typically installed in a top-
down configuration above the entry and exit doors. This zenithal perspective pro-
vides a volumetric representation of the doorway area, facilitating the discrimina-
tion between boarding and alighting passengers, as well as the detection of simulta-
neous crossings or lateral movements. The vertical viewpoint Fig. 1.4 also reduces
the likelihood of occlusions compared to frontal or side-mounted RGB cameras and
provides a more direct and geometrically consistent basis for silhouette segmenta-
tion. Furthermore, the ToF measurement principle inherently separates static objects
from moving individuals, enabling reliable differentiation between humans and car-
ried objects such as luggage or strollers [1].
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FIGURE 1.4: Vertical viewpoint [1]

Despite these strengths, the deployment of ToF in moving vehicles introduces
several physical and computational challenges. Among these, multipath interfer-
ence is one of the most significant. Due to the abundance of reflective surfaces in-
side modern buses—such as metallic poles, glossy floors, plastic panels and glass
elements—the infrared signal can follow multiple optical paths before returning to
the sensor. These secondary reflections introduce erroneous depth measurements,
local distortions, phantom surfaces and unstable silhouette boundaries [1]. In harsh
illumination conditions, especially in the presence of direct sunlight, sensor satura-
tion and infrared contamination can further degrade measurement stability.

Mechanical vibrations and dynamic stresses generated by vehicle motion pose
additional challenges. Irregular road surfaces, sharp braking, sudden accelerations
and lateral oscillations cause continuous variations in sensor orientation and po-
sition, effectively altering the intrinsic and extrinsic calibration parameters in real
time. Thermal fluctuations inside the passenger cabin can also affect sensor be-
haviour, leading to depth drifts and calibration inconsistencies that must be com-
pensated to maintain measurement accuracy [1].
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High passenger density contributes another significant source of error. During
peak hours, occlusions between individuals become frequent, causing merged or
fragmented blobs that hinder the reliable identification of single passengers. Chil-
dren standing close to adults, groups entering simultaneously and complex body
postures can all lead to systematic counting errors that accumulate throughout the
journey, unless corrected by robust temporal and spatial filtering pipelines [1].

To ensure reliable operation, a sophisticated processing stack is required. This
typically includes spatial and temporal noise filtering, multipath suppression al-
gorithms, clustering and segmentation techniques in the depth domain, dynamic
recalibration modules and probabilistic models for event detection. In more ad-
vanced scenarios, deep learning models operating on 3D data may further refine the
segmentation and classification stages, although this comes at the cost of increased
computational demands that may exceed the capabilities of low-power embedded
devices commonly installed in public transport vehicles [1].

Overall, Time-of-Flight technology represents a theoretically promising and highly
robust solution for passenger counting in public transport vehicles, owing to its ac-
tive illumination principle, the high precision of depth measurements, and its rela-
tive insensitivity to ambient lighting conditions. However, when transitioning from
controlled experiments to real operational environments, a series of structural limi-
tations emerge that make this approach essentially unfeasible in real-world deploy-
ments.

Although a ToF sensor can indeed provide highly reliable depth information for
a single acquisition, passenger counting is not performed on absolute measurements
but rather through the incremental accumulation of boarding and alighting events,
computed via additions and subtractions. Within this framework, a single detec-
tion error—caused, for example, by occlusions, multipath reflections, or a misinter-
preted silhouette—propagates across all subsequent counts, accumulating progres-
sively throughout the entire trip.

This phenomenon, known as cumulative error, is the fundamental weakness of
ToF-based counting systems in public transport applications. Even a minimal initial
discrepancy can escalate substantially and produce large deviations between the real
and estimated passenger load by the end of the route. In extreme cases, this prop-
agation may even result in mathematically impossible values, such as a negative
number of passengers on board, clearly demonstrating the fragility of a counting
method based solely on entrance–exit differentials.

For these reasons, despite the fact that ToF technology provides some of the most
accurate and detailed depth data available at the frame level, its direct use as a reli-
able operational passenger counting system is not feasible, precisely because of the
incremental counting mechanism and the unavoidable accumulation of propagated
errors over time.

1.2.2 People counting using depth video LSTM-based

The use of depth video combined with LSTM-based neural networks for passenger
counting represents one of the most ambitious attempts to leverage sequential mod-
eling to interpret the complex dynamics of people moving through vehicle doors. In
the work of Jahn and Siebert [4], the underlying idea is that a temporal model—fed
not with RGB frames but with depth maps—can learn the structure of boarding and
alighting events without the need for frame-level annotations. Instead, the LSTM
is trained solely from the final total count assigned to each video, a strategy that
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drastically reduces labeling effort and enables the training of large-scale models on
thousands of real-world sequences.

The proposed system processes each depth frame by flattening it into a vector,
which is then passed through a stack of LSTM layers. Although this flattening re-
moves explicit spatial structure, it encourages the network to focus on the temporal
evolution of shapes and movements. A particularly clever component is the cu-
mulative summation (cumsum) layer placed at the output. Rather than forcing the
LSTM to learn the arithmetic of cumulative counting, the model predicts the frame-
to-frame differences while the cumsum layer integrates these increments over time.
This significantly stabilizes long sequences and theoretically allows the model to
handle arbitrary passenger counts.

Yet the paper also reveals substantial challenges 1.5 . LSTM architectures are
known to suffer from drift and instability when dealing with long or highly vari-
able sequences, and the authors demonstrate that without the cumsum layer the
model reaches an effective upper bound of roughly 100 passengers. Even with the
improved architecture, training outcomes vary enormously: results depend heavily
on random initialization, batch ordering and training-set selection, to the extent that
two models trained under identical conditions can behave completely differently.
This indicates a level of statistical instability that is problematic for any system ex-
pected to operate reliably in real environments.

FIGURE 1.5: Depth video with LSTM-based strategies [4]

Another limitation arises from the dataset’s distribution. Although the dataset
is relatively large, high-density passenger scenarios are rare, which leads to poor
generalization exactly in the situations that matter most. The model struggles with
simultaneous crossings, tightly packed groups, child–adult combinations, and the
presence of bulky objects like strollers or bicycles—scenarios that depth sensors of-
ten capture with partial occlusions and inconsistent silhouettes.

From an operational standpoint, these weaknesses have profound implications.
Even if the LSTM performs reasonably well in isolated door-opening sequences,
real-world transit systems rely on cumulative counts across entire trips. In such a
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context, a single significant miscount can propagate through all subsequent calcula-
tions, producing large cumulative errors similar to those observed in traditional ToF-
based APC systems. This makes the method unsuitable for operational use, where
consistency, reproducibility and bias-free long-term accuracy are non-negotiable re-
quirements. Figures in the paper clearly show cases where model performance col-
lapses unpredictably, confirming that the approach—while innovative—is not yet
stable enough for practical deployment.

In summary, the depth-video LSTM-based approach is an important scientific
step forward, offering a sophisticated learning-based alternative to conventional
counting systems and eliminating the need for costly frame-level annotations. How-
ever, the inherent volatility of sequential neural architectures, the strong sensitiv-
ity to randomness, and the unavoidable error propagation across operational time-
frames make this method currently unsuitable for reliable use in public transport
operations. It remains a promising line of research, but significant challenges must
be overcome before it can meet the stringent requirements of real-world APC sys-
tems.

1.2.3 Wi-Fi and Bluetooth System

Using Wi-Fi and Bluetooth signals to estimate passenger counts and infer Origin –
Destination [2] patterns has become a widely explored, non-intrusive approach due
to the ubiquity of personal mobile devices. The underlying idea is that smartphones
and other wireless devices continuously emit probe requests or inquiry responses,
which can be captured by a sensor Fig. 1.6 placed inside a transit vehicle. By track-
ing these emissions over time and extracting signal-based features, it is possible—at
least in principle—to approximate how many passengers are onboard, when they
board and alight, and how they move along the route.

FIGURE 1.6: Data collection sensor [2]

To build such a system, a number of features must be extracted for each de-
tected MAC address: the number of times the device is observed, the duration of
its presence, received signal strength values, and the distance of the vehicle from
nearby stops when the device first and last appears. Additional information on vehi-
cle motion, such as speed and distance traveled during detection, helps distinguish
whether a device is moving together with the vehicle or is stationary outside.
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The most delicate part of the process is separating devices belonging to actual
passengers from those belonging to pedestrians, cyclists, people waiting at stops,
nearby buildings, or passengers in adjacent vehicles. Since the feature sets of these
groups overlap substantially, the classification cannot be reliably performed using
simple threshold-based filtering. Fuzzy clustering techniques are therefore often
employed, allowing devices to have partial membership in both “passenger” and
“non-passenger” groups. This soft assignment provides a way to handle the intrinsic
ambiguity of the data and generally yields better results than hard, deterministic
rules.

Once a subset of “likely passenger devices” is identified, a regression model is
needed to map the number of detected devices to the actual number of passengers.
Because only a fraction of passengers carry a detectable device—and because this
fraction varies unpredictably—non-linear models such as Random Forest regression
are typically used to capture the relationship between MAC counts and real rider-
ship.

Conceptually, the approach has several attractive properties: the hardware is
inexpensive, the deployment is simple, it does not require cameras or intrusive sen-
sors, and it can provide continuous data throughout the trip. The combination of
Wi-Fi and Bluetooth also increases the chances of observing a meaningful number
of devices.

However, when examined through the lens of operational reliability, significant
limitations emerge. In real settings, the majority of detected MAC addresses do not
belong to onboard passengers but to devices in the surrounding environment. The
proportion of actual passenger devices can be extremely small, making the separa-
tion process highly sensitive to noise, urban geometry and changes in the environ-
ment. A bus passing close to a building façade or traveling alongside another vehicle
may detect dozens of non-passenger devices whose signal patterns closely resemble
those of legitimate passengers.

A more critical limitation stems from the modern adoption of MAC address ran-
domization, now standard on most mobile operating systems. Devices can change
their MAC address frequently—sometimes with every probe request—making it
nearly impossible to track a single individual through time or determine both board-
ing and alighting points. This fundamentally undermines the ability to reconstruct
Origin–Destination flows or even to identify consistent device trajectories.

Even if the classification problem were perfectly solved, the core statistical issue
remains: the ratio between detectable devices and actual passengers is not stable.
It fluctuates across routes, times of day, demographic groups, and even according
to individual user settings. This variability introduces systematic, non-recoverable
errors that no regression model can reliably correct. As a result, the estimates may
appear plausible in one context and fail dramatically in another.

In summary, while Wi-Fi and Bluetooth sensing provides a compelling research
tool and a potentially useful source of qualitative insights into transit demand, it
falls short of the robustness, stability and accuracy needed for operational passen-
ger counting systems. Environmental noise, MAC randomization, low detection
reliability and temporal variability collectively make this approach unsuitable for
real-world deployment where precise, repeatable and certifiable measurements are
required.
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1.2.4 Computer vision and Tracking System

Computer vision and tracking–based passenger counting systems [5] are among the
most widely adopted technologies in modern public transport due to their ability
to detect and follow passengers in real time during boarding and alighting. These
systems typically rely on an overhead camera positioned above the vehicle door 1.7
, capturing continuous video streams from which a deep learning detector identi-
fies passengers and surrounds them with bounding boxes. Modern convolutional
neural networks such as EfficientDet, SSD, Faster R-CNN or YOLOv3 enable highly
accurate detection even under challenging conditions, including partial occlusions,
varying illumination and high passenger densities.

FIGURE 1.7: The result when one person coming in [5]

The general workflow involves initial preprocessing of the video frame, followed
by the application of an object detection model and then a tracking algorithm Fig. 1.7
to maintain identity consistency across time. Centroid tracking is commonly used,
relying on the movement of bounding box centroids to associate detections across
consecutive frames. By monitoring how each centroid shifts within the scene, the
system assigns persistent IDs to individuals and uses these trajectories to determine
when a passenger crosses a virtual counting line, allowing the system to increment
entry or exit counts.

Conceptually, this methodology has clear strengths. Deep learning–based detec-
tion is remarkably robust in dynamic public transport environments where light-
ing changes, passengers occlude each other or the camera’s perspective introduces
distortions. Tracking enables temporal continuity, converting per-frame detections
into coherent passenger trajectories. The virtual line mechanism is intuitively inter-
pretable and aligns well with the physical action of boarding and alighting.

However, transitioning from controlled experimental setups to actual operational
environments reveals significant limitations. The performance of these systems is
highly dependent on video quality: strong backlighting, reflections from glass doors,
nighttime illumination or lens contamination can severely degrade detection accu-
racy. Vehicle motion introduces additional instability, as vibrations or sharp move-
ments can interfere with the detector’s ability to localize passengers.
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Crowded conditions represent another major challenge for tracking consistency.
When passengers overlap, cross paths or move very close to each other, the tracker
may confuse identities, leading to ID switches or lost tracks. These errors directly
impact the counting mechanism: a single mistaken association can produce multiple
incorrect increments or missed counts, significantly reducing reliability over an en-
tire trip. The issue becomes even more pronounced in highly congested buses where
occlusions are constant.

The virtual line strategy, while simple, is sensitive to real-world passenger be-
havior. Individuals may hesitate, step back, stop in the counting zone or move un-
predictably, causing the system to count them multiple times or not at all. The as-
sumption of a clean, directional crossing rarely holds in practice, especially during
peak hours or in scenarios involving strollers, wheelchairs, or passengers carrying
large items.

Furthermore, although deep learning detection models achieve high accuracy in
general, their reliability depends on the similarity between the training data and
the operational environment. Variations in camera angle, vehicle model, passenger
demographics or environmental lighting can degrade performance over time, neces-
sitating frequent retraining and system calibration to maintain acceptable accuracy.

In summary, computer vision and tracking systems offer a powerful and sophis-
ticated approach to automated passenger counting, capable of high performance un-
der standard conditions. Nevertheless, their real-world deployment remains chal-
lenging due to occlusions, unpredictable human behavior, lighting variability and
the intrinsic instability of tracking in crowded, dynamic scenes. These factors collec-
tively limit their ability to deliver the level of repeatability and operational robust-
ness required for certified, production-grade passenger counting.

1.3 Research Contributions and Innovations

This research proposes an integrated framework for real-time analysis of dynamic
environments in public transport. The system leverages embedded high-performance
computing, deep learning, and IoT technologies within a unified architecture that
ensures cost efficiency, scalability, and high accuracy. Unlike traditional solutions
that address operational aspects in isolation, this framework introduces a fully con-
nected data ecosystem capable of processing multi-sensor information streams in
real time, thus overcoming the fragmentation and limitations of conventional meth-
ods.

The developed system represents a significant step forward in the evolution of
smart public transportation infrastructures, enabling continuous observation of pas-
senger flow and street-level conditions through distributed IoT devices integrated
onboard the fleet. Each vehicle functions as a mobile sensing node, equipped with
GPU-enabled embedded PCs capable of performing deep learning inference directly
in real time, without the need for constant cloud connectivity. This distributed ap-
proach reduces latency, enhances resilience, and allows for autonomous operation
even in bandwidth-constrained environments.

The work introduces several key innovations aimed at improving robustness and
applicability in real-world scenarios:

• Integrated IoT architecture — interconnected onboard devices enable contin-
uous data acquisition, local processing, and remote synchronization through
cloud-based dashboards, ensuring data consistency and system scalability across
the fleet.
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• Elimination of cumulative counting errors — unlike traditional flow-based
systems affected by incremental inaccuracies, the proposed method adopts a
pixel-to-Cartesian conversion process for spatial calibration combined with a
deep object tracking mechanism (Deep SORT) to ensure precise localization
and reliable passenger tracking over time.

• Enhanced visual sensing — the adoption of high-resolution RGB cameras,
coupled with carefully trained convolutional neural networks (CNNs), miti-
gates the common drawbacks of sensor-based technologies such as time-of-
flight (ToF) devices, including sensitivity to lighting variations and reflective
surfaces.

• Comprehensive external monitoring — the system performs continuous anal-
ysis of road and environmental conditions through external cameras. By lever-
aging sequential image analysis rather than static frames, the approach allows
for more accurate detection and tracking of potholes, pedestrians, bicycles,
scooters, and other relevant urban elements, enabling a richer understanding
of the surrounding infrastructure.

• Operational validation — the integrated solution was extensively deployed
and tested under real operating conditions across 50 buses serving 30 routes
within the public transport network of Bari, Italy. Over a two-month test-
ing period, the system demonstrated stable performance, high accuracy, and
practical applicability in day-to-day operations, proving its readiness for large-
scale implementation.

• Geospatial integration and visualization — all detections are geo-referenced
using GPS correlation and visualized through a dedicated web-based platform,
providing decision-makers with intuitive tools for monitoring the network,
detecting recurrent issues, and prioritizing maintenance interventions based
on spatial density and severity.

• Geo-referenced signage analysis — the system extends its external monitor-
ing capability to the detection and geo-referencing of road signs, traffic signals,
and urban signage. Through deep learning-based classification and GPS cor-
relation, the framework can support urban asset mapping, traffic regulation
monitoring, and infrastructure maintenance. This functionality enhances the
system’s potential for integration with smart city platforms and transport au-
thorities.

Overall, this research demonstrates the feasibility of combining deep learning, IoT,
and real-time data analytics into a single operational system for intelligent mobil-
ity management. The proposed framework establishes the foundation for scalable
smart mobility systems, promoting more efficient, adaptive, and sustainable urban
transport management.
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Chapter 2

VISION-BASED SYSTEMS IN
PUBLIC TRANSPORTATION
INFRASTRUCTURES

2.1 Neural Network Theory and Design Principles

Artificial neural networks represent one of the most powerful and versatile tools
in modern machine learning, and they now play a central role in numerous appli-
cations related to intelligent mobility and public transport systems. The increas-
ing availability of heterogeneous data from onboard sensors, interior cameras, APC
systems (Automatic Passenger Counting), smart-ticketing infrastructures, and IoT
devices has made neural networks essential for modelling complex phenomena in
the transport field. Their ability to learn robust representations directly from raw,
noisy, or unstructured data makes them particularly suitable for addressing the op-
erational challenges of contemporary public transport, characterized by high vari-
ability, complex environmental conditions, and the need for real-time decision sup-
port. This section presents the fundamental theoretical principles that govern the
design, mathematical formulation, and operational behaviour of neural networks,
with a focus on concepts directly relevant to applications in urban mobility and pub-
lic transport. The discussion begins with the mathematical foundations that describe
information propagation across network layers, emphasizing the role of activation
functions, weight matrices, and bias vectors in forming internal representations ca-
pable of capturing recurring patterns within data collected from vehicles in motion.
Such concepts are essential for understanding, for example, how a CNN can detect
passengers in heavily occluded environments or how sequence-based models can
learn the temporal dynamics of boarding and alighting events. Subsequently, the
section examines the theoretical principles behind neural learning mechanisms, loss
functions, optimization algorithms, and generalization criteria—critical elements for
ensuring the reliability of systems deployed in real operational contexts such as fleet
management, service planning, or decision support for transit agencies. Special at-
tention is given to gradient-based optimization and modern optimizers, which allow
the effective training of deep models even when data are noisy or collected under
uncontrolled environmental conditions. The backpropagation algorithm is then ex-
plored in detail, outlining its central role in minimizing prediction error and dis-
cussing numerical challenges that may arise in deep architectures. These aspects
are particularly relevant in the public transport domain, where model robustness
and stability are essential to guarantee reliable performance under highly dynamic
and unpredictable scenarios. Finally, the section discusses key regularization and
optimization strategies adopted to enhance the model’s ability to generalize across
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unseen conditions—such as changes in passenger flow, varying illumination, mod-
ifications in vehicle layout, or anomalies in traffic circulation. Complementing this,
the operational principles guiding the training and tuning of the model used in
this research are presented, including hyper-parameter selection, dataset prepara-
tion, validation schemes, and performance metrics specifically suited for counting
and monitoring tasks in public transportation. Overall, this introduction provides
the theoretical foundation needed to justify the neural architecture adopted in the
present study and to understand the optimization strategies implemented within
the developed system, ensuring coherence and relevance to the public transporta-
tion domain.

2.1.1 Neural Networks Model in Transport Field

In public transport applications, neural models are widely used for tasks such as
automatic passenger counting, demand forecasting, arrival-time prediction, mobil-
ity flow analysis, visual recognition of street-level elements, and vehicle condition
monitoring.

Among the most established architectures, the Multilayer Perceptron (MLP)

represents one of the simplest yet most effective neural models. In transportation re-
search, MLPs have been applied to traffic prediction, OD flow modelling, and smart-
card data analysis. Their ability to approximate non-linear relationships makes them
particularly suitable for rider ship forecasting and behavioural modelling, especially
in systems where mobility patterns fluctuate throughout the day. Technically, an
MLP processes information through a sequence of fully connected layers, where
each neuron applies a non-linear transformation of the form:

h(l) = σ
(

W(l)h(l→1) + b(l)
)

allowing the network to learn complex mappings between historical inputs and pre-
dicted outputs. Transportation studies applying MLPs to short-term traffic forecast-
ing show that this structure is capable of capturing daily oscillations, peak-hour ef-
fects, and sudden fluctuations caused by congestion or exogenous factors. The train-
ing process relies on back-propagation, which iteratively adjusts weights to mini-
mize prediction error. Evidence from empirical studies confirms that the MLP [33]
can follow real traffic evolution with high fidelity Fig. 2.1 .
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FIGURE 2.1: Network predicted and actual data

Even though it is not a recurrent model, it often learns temporal dependencies
effectively, maintaining robust performance even when input data contain noise—a
typical condition for loop-detector measurements. Error measures such as RMSE
demonstrate high predictive accuracy, reinforcing the relevance of the MLP for mod-
elling non-linear transport dynamics. These strengths translate naturally to pub-
lic transport applications, where demand levels, passenger arrivals, and occupancy
patterns follow similarly irregular and non-linear behaviours. The balance between
simplicity and expressive power of MLPs makes them an effective solution, espe-
cially when datasets are limited or operational interpretability is required.

Another neural network architecture widely adopted in public transport appli-
cations is the Convolutional Neural Network (CNN). CNNs have revolutionized
visual perception in the transport domain due to their ability to automatically ex-
tract spatially meaningful features from images. This paradigm shift was largely
initiated by the seminal work of Krizhevsky et al., who demonstrated the effective-
ness of deep CNNs on large-scale visual recognition tasks through the introduction
of AlexNet, achieving unprecedented performance on the ImageNet benchmark and
marking a turning point in the adoption of deep learning for computer vision appli-
cations [6].
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FIGURE 2.2: An illustration of the architecture of our CNN [6]

CNNs are extensively employed for passenger detection, onboard crowd den-
sity estimation, and street-level scene understanding, including pedestrian recog-
nition, bicycle detection, obstacle identification, and pavement surface assessment.
The layered architecture of CNNs—characterized by convolutional operations, non-
linear activations, pooling mechanisms, and hierarchical feature abstraction—makes
them particularly well suited to handling the visual complexity of onboard monitor-
ing systems. In such environments, variations in illumination, frequent occlusions,
camera motion, and limited image resolution pose significant challenges to tradi-
tional computer vision techniques.

At the core of CNNs lies the convolution operation, which enables the network
to focus on local spatial neighborhoods and progressively construct high-level se-
mantic representations from low-level visual patterns. Mathematically, CNNs rely
on the discrete convolution operation, traditionally defined as in LeCun [34]:

(F
(l)
k )(x, y) = ∑

i
∑

j

W
(l)
k (i, j) X(l→1)(x + i, y + j) + b

(l)
k ,

where W
(l)
k contains the learnable parameters of the filter, X(l→1) is the input feature

map, and b
(l)
k is a bias term. Through repeated applications of this operation, CNNs

are able to extract edges, silhouettes, textures, and object-level Fig. 2.2 features that
are essential for interpreting transport scenes in a reliable and scalable way. A repre-
sentative example in this domain is the work by Alahi [7] , which proposes a robust
real-time pedestrian detection system based on low-resolution cameras.
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FIGURE 2.3: Collaborative network of cameras [7]

The paper highlights scenarios highly relevant Fig. 2.3 to public transport, where
buses and trams operate in environments with dense pedestrian flow, frequent oc-
clusions, rapid viewpoint changes, and cluttered urban backgrounds. The proposed
approach integrates multi-view visual descriptors and sparse feature representa-
tions, inspired by convolutional filtering principles, enabling detection performance
that remains robust even under degraded imaging conditions. The study demon-
strates that combining information from fixed and mobile cameras increases de-
tection distance and improves the system’s responsiveness—an important require-
ment for safety-critical transport operations, where early identification of pedestri-
ans around the vehicle can reduce collision risk and enhance situational awareness.
Overall, CNNs constitute a fundamental building block for modern vision-based
transport analytics. Their ability to generalize across different vehicle types, light-
ing conditions, and urban morphologies makes them a powerful tool for developing
intelligent public transport systems capable of perception, monitoring, and decision-
making in real time.

Another neural network architecture widely used in public transport analyt-
ics is the Recurrent Neural Network (RNN) family. Unlike feed-forward models,
RNNs incorporate temporal feedback connections that allow them to process se-
quential data and learn dependencies that unfold over time. This capability was
formally established in early recurrent learning frameworks based on backpropaga-
tion through time, which laid the theoretical foundation for sequence modelling in
neural networks. Building upon this paradigm, Long Short-Term Memory (LSTM)
networks were introduced to address the vanishing gradient problem affecting stan-
dard RNNs, enabling the effective learning of long-range temporal dependencies
through gated memory mechanisms [35]. More recently, Gated Recurrent Unit (GRU)
architectures have been proposed as a computationally efficient alternative to LSTMs,
retaining comparable modelling capacity while reducing architectural complexity.
These properties make RNN-based models particularly effective for capturing the
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temporal dynamics that characterize mobility systems. In the public transport do-
main, RNNs are frequently employed for passenger demand forecasting, board-
ing and alighting sequence modelling, travel-time prediction, and the analysis of
smart-card or onboard sensor time series, where sequential correlations and time-
dependent patterns play a critical role.

From a mathematical perspective, LSTMs overcome the limitations of classical
RNNs—such as vanishing and exploding gradients—by introducing gated memory
units. The internal dynamics of an LSTM cell can be summarised through the fol-
lowing equations, where the forget gate ft, input gate it, and output gate ot regulate
information flow across time [8]:

ft = σ(W f ht→1 + U f xt + b f ),

it = σ(Wiht→1 + Uixt + bi),

c̃t = tanh(Wcht→1 + Ucxt + bc),

ct = ft ↑ ct→1 + it ↑ c̃t,

ot = σ(Woht→1 + Uoxt + bo),

ht = ot ↑ tanh(ct),

where xt is the input at time t, ht the hidden state, ct the memory cell Fig. 2.4 ,
and σ(·) the sigmoid activation function.

FIGURE 2.4: Long Short-term Memory Cell [8]

These mechanisms enable LSTMs to retain long-term dependencies while fil-
tering irrelevant temporal fluctuations—crucial capabilities for transport data that
naturally exhibit peaks, cycles, and irregular patterns. A representative example
of RNN effectiveness in the transport field is the LSTM model proposed by Meng
et al. [36], designed to predict short-term road traffic speed using large-scale GPS
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positioning data. The article demonstrates that this architecture significantly out-
performs conventional ANN and standard LSTM models across multiple prediction
horizons, especially in conditions with fluctuating traffic patterns such as weekends
or low-sample periods. The integration of DTW preprocessing helps the model
adapt to slight temporal misalignments, while the attention mechanism enhances
sensitivity to relevant road-speed features.

Collectively, MLPs, CNNs, and RNNs offer complementary capabilities for pub-
lic transport analytics: MLPs capture nonlinear relationships in aggregated datasets,
CNNs interpret complex visual information, and RNNs model the temporal evolu-
tion of mobility flows. Their integration enables more accurate monitoring and pre-
dictive systems, contributing to intelligent, adaptive, and data-driven public trans-
port services.

2.1.2 Learning, Optimization, and Generalization in Neural Networks

Training deep neural networks relies on a rich set of theoretical principles that gov-
ern how models learn from data, how parameters are optimized, and which strate-
gies are required to ensure robust generalization. Understanding these mechanisms
is essential for designing reliable architectures, minimizing prediction errors, and
preventing overfitting — especially in real-world applications such as intelligent
mobility and public transport systems. In supervised learning, the model is pro-
vided with labeled data and attempts to approximate an unknown function by min-
imizing a loss function. Popular examples include the Mean Squared Error (MSE)
for regression and the Cross-Entropy Loss for classification. The loss function plays
a central role in shaping the learning dynamics, determining how the model inter-
prets errors and how the optimizer adjusts the parameters. Foundational works
such as Rumelhart [37] emphasise how the structure of the loss influences conver-
gence stability and learning efficiency. Parameter optimisation is typically achieved
via gradient descent, which updates the model weights in the direction that most
reduces the loss. Given a cost function L, the update rule is:

W ↓ W → η
εL

εW

where η is the learning rate — a critical hyper parameter controlling the bal-
ance between convergence speed and training stability. Modern variants such as
Adam [38], RMSProp, and momentum-based SGD have been widely adopted due
to their ability to handle noisy gradients and highly non-convex loss landscapes. The
computation of gradients is performed through the back-propagation algorithm,
which applies the chain rule to propagate the error backward through the network.
This enables efficient optimization of millions of parameters but also introduces
challenges in deep architectures: gradients may vanish or explode, leading to slow
convergence or numerical instability. To improve generalization, neural networks
employ several regularization techniques. Among the most widely used are:

• L1 and L2 weight decay, which constrain parameter magnitudes;

• dropout which prevents co-adaptation by randomly deactivating neurons;

• early stopping, which halts training upon validation plateau;

• data augmentation, which expands dataset diversity by generating transformed
versions of existing samples.
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More recent approaches — including batch normalization, mixup, and label smooth-
ing — have demonstrated additional gains in stability and generalization, with sev-
eral studies published in IEEE Transactions on Pattern Analysis and Machine Intelli-
gence. Altogether, these ingredients form the theoretical backbone of neural network
training. By integrating appropriate loss functions, robust optimization algorithms,
and effective regularization strategies, modern neural networks achieve high accu-
racy and stability, making them well-suited for complex environments such as pub-
lic transportation systems, where data can be noisy, heterogeneous, and driven by
dynamic temporal patterns.

2.1.3 Model Selection, Training and Optimization

In this study, a Convolutional Neural Network (CNN) was selected as the primary
model for internal and external bus environment analysis due to its ability to ef-
fectively process video streams captured by onboard cameras. CNNs are the state-
of-the-art in visual perception tasks thanks to their capacity to extract hierarchical
spatial features and maintain robustness under challenging conditions such as illu-
mination changes, occlusions, and camera motion. These properties are essential
in public transport environments, where both interior scenes (passengers, luggage,
crowding) and exterior scenes (pedestrians, bicycles, potholes, vehicles) exhibit high
variability. Recenet studies, such as [39] and [9], demonstrate the reliability of CNN-
based object detection in complex urban transport settings.

FIGURE 2.5: Visualization Result [9]

Within the CNN family, YOLOv5 was chosen due to its ability to perform real-
time object detection Fig. 2.5 with high accuracy and low computational cost, which
is fundamental in a moving-vehicle context. YOLOv5 integrates an optimized CNN
backbone and detection head that allow efficient extraction and propagation of spa-
tial features. The development of the model begins with building a dedicated dataset
from video frames captured by cameras installed inside and outside public transport
vehicles. Each image/frame is manually annotated with bounding boxes for target
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classes (passengers, pedestrians, obstacles, street hazards, etc.). To increase robust-
ness against variations such as lighting, viewpoint changes, occlusion, and crowd
density, data augmentation, including rotations, brightness variation, scaling, flip-
ping, is applied. Such techniques are essential in transport-focused vision systems
and are highly recommended in the literature. The training process leverages trans-
fer learning, initializing YOLOv5 with weights pretrained on large generic datasets
(e.g., COCO) and fine-tuning on task-specific transport data. Hyperparameter tun-
ing includes:

• selection of a suitable learning rate, often managed via decaying schedules;

• adjustment of batch size according to available computational resources;

• tuning IoU thresholds for detection, to handle small or partially occluded ob-
jects typical inside vehicles or in crowded streets;

• selection of the model variant (small/medium/large) depending on computa-
tional constraints and latency requirements.

Recent work demonstrates that a lightweight YOLOv5-based [40] bus passenger de-
tector using cross-stage bottleneck modules can achieve high frame rates (4̃0 FPS)
with reduced model size while preserving detection accuracy validating the feasibil-
ity of deploying such models in real transport vehicles. To assess model performance
rigorously, standard object detection metrics are adopted:

• mAP@0.5 and mAP@0.5:0.95 for detection accuracy across varying IoU thresh-
olds;

• Precision — fraction of correct detections among all detections;

• Recall — fraction of ground-truth objects correctly detected;

• F1-score — harmonic mean of precision and recall;

• Inference speed (FPS) — crucial for real-time deployment;

• Counting error / occupancy error when the goal is passenger counting or oc-
cupancy estimation.

A recent field study comparing a low-cost YOLOv5-based APC system against com-
mercial sensors on metro trains demonstrated acceptable accuracy levels, confirming
the practicality of camera-based deep learning approaches for public transport oc-
cupancy monitoring. The combination of CNN-based architectures (implemented
through YOLOv5), onboard camera datasets, data augmentation techniques, trans-
fer learning, and rigorous evaluation metrics constitutes a concrete, robust, and scal-
able solution for visual perception in public transportation. This configuration en-
ables the system to manage the visual complexity of real-world environments, de-
liver real-time inference, adapt to highly variable operational scenarios, and provide
actionable data for service planning, fleet management, safety enhancement, and
overall operational optimization.

In summary, this architecture fully meets the objectives of the present thesis:
achieving high accuracy, ensuring computational efficiency, enabling operational
flexibility, and maintaining strong alignment with the practical requirements of mod-
ern intelligent mobility systems.
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2.2 Optical Principles for Vision-Based Systems

Vision-based artificial intelligence systems fundamentally depend on the quality and
fidelity of the visual data they receive, making the optical characteristics of the cam-
era a critical component of the perception pipeline. This section introduces the key
optical and photonic principles that guide the selection and configuration of imag-
ing devices in public transport applications, with particular attention to their impact
on the accuracy, robustness, and reliability of computer vision algorithms. Among
the most relevant parameters, spatial resolution determines the level of detail cap-
tured in an image and directly affects the system’s ability to identify small, distant,
or partially occluded objects. The field of view (FOV) defines the angular extent
of the observable scene and influences overall coverage, blind spots, and the need
for multi-camera configurations inside and outside the vehicle. Parameters such as
sensor sensitivity and signal-to-noise ratio (SNR) govern image quality under chal-
lenging illumination conditions, including nighttime operations, tunnels, or rapid
light transitions , ensuring that AI models receive clean and informative inputs. Ad-
ditional factors such as optical distortion, depth of field (DoF), and lens aberrations
introduce geometric or photometric artifacts that must be considered when selecting
a camera or corrected through calibration. Distortion and DoF constraints can signif-
icantly affect tasks such as object detection, tracking, and feature extraction in CNN-
based systems, while noise and low-light limitations may degrade real-time infer-
ence performance. Overall, this section provides the theoretical foundation needed
to understand how optical design choices influence data quality, deep learning per-
formance, and the operational effectiveness of vision-based systems deployed in real
public transport environments.

2.2.1 Fundamentals of Imaging and Optical Formation

Image formation is the physical foundation of all vision-based systems and arises
from the complex interaction between light, the observed scene, and the camera sen-
sor. Understanding these mechanisms is essential for the proper selection of imaging
hardware and for anticipating how optical characteristics will influence the quality
of the data that feed deep learning models. Image quality emerges from a chain of
interconnected physical, optical, and electronic processes, each contributing to how
faithfully reality is transcribed into digital form.

The formation process begins with the light–object interaction: incident illumi-
nation is reflected, absorbed, or scattered by surfaces in the scene. The reflected rays
are then gathered by the lens and recombined according to the classical thin-lens
model, whose governing equations are taken from Hecht’s Optics [10] a foundational
reference in geometric and physical optics. In particular, the thin-lens equation

1

f
=

1

do
+

1

di
,

which determines the geometry under which a real image is physically projected
onto the sensor plane. Magnification is governed by

m =
hi

ho
= → di

do
,

indicating how the apparent size of objects varies with the distance from the camera.
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FIGURE 2.6: The image-forming behavior of a thin positive lens [10]

When geometric conditions are not met for physical projection, the system forms
a virtual image based on the perceived extension of diverging rays. Key optical pa-
rameters strongly shape the resulting image. The focal length controls magnification
and field of view (FOV); for a sensor of width W, the horizontal FOV Fig. 2.6 is given
by

FOVh = 2 arctan

(
W

2 f

)

,

which explains why short focal lengths provide wide-angle coverage ideal for in-
terior monitoring, while longer focal lengths enhance detail resolution for exterior
pedestrian detection, bicycle tracking, or obstacle identification. The aperture regu-
lates the amount of light reaching the sensor and determines the depth of field (DoF).
A simplified approximation is

DoF ↔ 2Ncs2

f 2
,

where N is the f-number, c the circle of confusion, and s the focus distance. Wide
apertures improve low-light performance, whereas narrower apertures provide greater
image sharpness across multiple depth planes.

The quality of the lens further affects the image through chromatic aberrations,
geometric distortions, and vignetting. Radial distortion, for instance, is often mod-
elled as

rdist = r
(

1 + k1r2 + k2r4 + k3r6
)

,

and can significantly alter the spatial consistency of the data. If uncorrected, such
distortions disrupt the internal feature representations extracted by CNNs, reducing
both performance and stability.

Equally critical is the image sensor, which converts light into digital signals and
dictates sensitivity, dynamic range, and noise behaviour. In this study, a particularly
relevant imaging component is the Sony IMX219, an 8-megapixel CMOS sensor fre-
quently used in embedded vision platforms such as the NVIDIA Jetson. Featuring
1.12 µm pixels, the IMX219 provides a balanced trade-off between spatial resolution
and light sensitivity, a stable signal-to-noise ratio (SNR), and reliable performance
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under rapidly changing illumination—an everyday challenge in public transport en-
vironments (e.g., tunnels, shadows, glare). The SNR can be approximated by

SNR = 20 log10

(
S

N

)

,

highlighting the relationship between useful signal S and noise N. Its compatibility
with interchangeable M12 optics additionally allows precise tuning of focal length
and field of view, enabling the sensor to adapt seamlessly to both interior wide-
angle monitoring and more focused exterior perception tasks. Sensors of this class
provide sufficient image quality to support CNN-based detection in dynamic and
unconstrained operational conditions.

Together, these optical and sensing principles provide the theoretical foundation
required to understand how lens design, aperture, focal length, and sensor architec-
ture jointly determine the quality of the data supplied to vision-based AI systems. In
the context of on-board perception for public transport, mastering these interactions
is crucial to ensuring accuracy, robustness, and operational reliability.

2.2.2 Spatial Resolution and Pixel Geometry

Spatial resolution is one of the fundamental determinants of image quality in vision-
based systems, as it defines the system’s ability to represent fine details and dis-
tinguish closely spaced structures within a scene. In digital imaging, spatial reso-
lution depends on a combination of sensor characteristics—such as pixel size and
pixel density—and optical factors including lens quality, focal length, and inherent
aberrations. Understanding these interactions is essential for designing an imaging
pipeline that provides data of sufficient fidelity for deep learning models, particu-
larly in demanding environments like public transport vehicles.

At the sensor level, pixel geometry plays a central role. Smaller pixels allow
more sampling points within the same sensor area, theoretically increasing the spa-
tial resolution. However, reducing pixel size also decreases the number of photons
captured per pixel, which in turn lowers the signal-to-noise ratio (SNR) and may
introduce quantization artifacts, especially under low-light conditions. Conversely,
larger pixels collect more photons, improving sensitivity and dynamic range but lim-
iting the achievable spatial resolution for a given sensor size. This trade-off is well-
documented in CMOS [41] sensor design and must be evaluated in relation to the
operating conditions and the tasks assigned to the AI model. Pixel density—often
expressed in megapixels—defines the total number of sampling sites available for
image reconstruction. However, resolution cannot be assessed independently of op-
tical quality. The resolving power of the lens, typically described by the modulation
transfer function [42] (MTF), constrains the maximum spatial frequency that can be
faithfully reproduced. Even a high-density sensor cannot capture fine details if the
optical system introduces blur, chromatic aberration, or distortion, limiting the ef-
fective resolution of the entire imaging chain. Thus, spatial resolution is determined
not only by sensor specifications but by the combined performance of sensor and
optics. Geometric factors such as pixel pitch, fill factor, and microlens design further
shape the effective sensitivity and resolution. For example, modern sensors like the
Sony IMX219 employ microlens arrays to maximize photon collection efficiency, par-
tially compensating for the reduced light sensitivity associated with small pixel sizes
(1.12 µm). This improves both the contrast and clarity of high-frequency features,
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supporting tasks such as passenger detection, object tracking, and anomaly recog-
nition that rely on precise spatial detail. In practical applications, especially those
involving convolutional neural networks, spatial resolution directly affects the qual-
ity of the extracted features. Higher-resolution imagery allows deeper CNN layers
to encode more discriminative representations of edges, textures, and object bound-
aries. However, it also increases computational cost, memory load, and bandwidth
requirements—factors particularly relevant for real-time processing on embedded
platforms deployed in public transport vehicles.

Overall, spatial resolution and pixel geometry form the technical backbone of
image representation. The careful balance between pixel size, sensor density, and
optical quality determines the system’s capacity to capture fine details reliably and
to provide high-quality input data for deep learning models operating under real-
world constraints.

2.2.3 Field of View and Lens Configuration

FOV is a fundamental geometric property of an imaging system and defines the
angular extent of the scene that can be captured by the camera. Together with focal
length and sensor dimensions, the FOV determines how much of the environment
is visible in a single frame and directly influences the geometric perspective of the
acquired image. As described in Hecht’s [10], the FOV is governed by the basic
geometry of lens projection and can be derived from the thin-lens approximation.

For a sensor of width W and a lens with focal length f , the horizontal field of
view is expressed as:

FOVh = 2 arctan

(
W

2 f

)

,

while the vertical FOV for a sensor of height H follows:

FOVv = 2 arctan

(
H

2 f

)

.

The diagonal FOV, often used in camera datasheets, is correspondingly defined as:

FOVd = 2 arctan

(
D

2 f

)

,

where D =
↗

W2 + H2 is the diagonal of the sensor. These expressions, widely
documented in the imaging literature [41], demonstrate how shorter focal lengths in-
crease the angular coverage, producing a wide-angle perspective, whereas longer fo-
cal lengths restrict the viewing area and compress the spatial geometry of the scene.

Focal length not only defines the extent of the visible scene but also impacts ge-
ometric perspective. Lenses with short focal length cause parallel lines to diverge
and exaggerate depth perception, while telephoto lenses reduce the apparent spa-
tial separation between objects, flattening the scene. These effects directly influence
tasks such as object detection, distance estimation, and geometric reconstruction, as
the visual cues processed by deep neural networks depend on the inherent perspec-
tive encoded in the image. Moreover, the effective FOV is constrained by the optical
design of the lens. Aberrations at the periphery of the image—such as distortion,
coma, and astigmatism—can reduce the usable field of view even when the nomi-
nal FOV is large. Radial distortion, alters the apparent position of objects near the
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edges of the frame and must be corrected through calibration to ensure accurate spa-
tial measurements and stable feature extraction in CNN-based systems. In practical
applications, especially onboard public transport vehicles, the selection of FOV and
focal length determines whether the imaging system is optimized for wide-area sit-
uational awareness (interior cabin monitoring) or for narrow-angle, detail-specific
perception (pedestrian detection, obstacle recognition, or road-surface inspection).
Consequently, proper lens configuration is crucial to ensuring that vision-based AI
modules receive geometrically consistent and information-rich imagery.

2.2.4 Impact of Optical Parameters on AI Data Quality

The performance of vision-based artificial intelligence systems is fundamentally con-
strained by the quality of the visual data they receive, and this quality is directly
shaped by the optical configuration of the imaging system. Optical parameters such
as focal length, field of view (FOV), aperture, lens distortion, pixel size, and sen-
sor noise collectively influence how accurately the camera can represent the phys-
ical environment. Since convolutional neural networks operate on spatial patterns
extracted from images, any degradation introduced at the optical level propagates
through the entire perception pipeline, affecting both detection accuracy and model
robustness. Spatial resolution and pixel geometry determine the system’s ability
to encode fine textures and object boundaries. If resolution is insufficient or pixel
noise dominates, neural networks may fail to extract stable features, leading to loss
of precision in tasks such as passenger counting, obstacle detection, and road con-
dition analysis. Similarly, the choice of focal length and FOV shapes the geometric
representation of the scene. Wide-angle lenses ensure broader coverage but intro-
duce perspective exaggeration and potential edge distortion; narrower lenses pro-
vide higher spatial detail but restrict contextual awareness. These trade-offs must
be balanced according to the operational requirements of public transport scenar-
ios, where interior monitoring and exterior perception impose different geometric
constraints.

In summary, optical parameters do not merely affect image aesthetics; they di-
rectly shape the statistical properties of the data on which AI models rely. The in-
teraction between lens design, sensor architecture, and environmental illumination
determines whether the captured data are sufficiently rich, stable, and noise-free to
support high-performance deep learning. For public transport applications, where
safety, reliability, and real-time operation are critical, understanding and optimizing
these optical factors is essential for building perception systems that deliver consis-
tent and trustworthy results.

2.3 Camera Geometry and Calibration Principles

Camera geometry plays a fundamental role in the performance of vision-based ar-
tificial intelligence systems, as the geometric and optical parameters of the camera
determine how the three-dimensional world is projected onto the two-dimensional
image plane. A thorough understanding of these parameters is essential to ensure
that the data acquired by the camera are consistent, metrically meaningful, and suit-
able for deep neural network processing. This requirement is particularly critical
in public transport environments, such as the interior of buses, where illumination
conditions vary rapidly and crowding introduces frequent occlusions. When wide-
angle lenses with large fields of view are employed, geometric distortions become
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even more prominent, further emphasizing the importance of proper camera cali-
bration.

Camera geometry is typically formalized through the pinhole camera model [43],
in which a 3D point P = (X, Y, Z) is projected onto the image plane by:
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where (u, v) are the image coordinates, s is a scale factor, K is the intrinsic camera
matrix containing focal lengths and principal point, and R, t represent the extrinsic
rotation and translation [43]. In summary, understanding and calibrating the geo-
metric properties of a camera is indispensable for achieving reliable AI perception.
Especially in dynamic bus environments, characterised by motion, occlusions, il-
lumination changes, and wide-angle distortions—accurate calibration ensures that
deep neural networks operate on stable and geometrically coherent visual data.

2.3.1 Intrinsic Parameters and Camera Modelling

Intrinsic parameters describe the internal geometric and optical properties of a cam-
era and define how three-dimensional points in the world are projected onto the
two-dimensional image plane. These parameters characterize the camera indepen-
dently of its spatial position and are therefore fundamental both for geometric recon-
struction and for the coherent interpretation of visual data by artificial intelligence
systems. In the pinhole camera model, intrinsic parameters are compactly repre-
sented by the intrinsic matrix:

K =





fx s cx

0 fy cy

0 0 1



 ,

where fx and fy denote the focal lengths expressed in pixel units along the horizontal
and vertical axes, cx and cy indicate the coordinates of the principal point (typically
located near the image center), and s represents the skew factor associated with non-
orthogonality of the sensor axes. As described by Zhang [43], this matrix defines
the mapping between 3D rays and their 2D projections under ideal, distortion-free
conditions.

The focal length determines the projection scale and controls magnification: larger
focal lengths narrow the field of view and increase spatial detail, whereas shorter
focal lengths widen the scene but make the projection more susceptible to distor-
tions. The principal point identifies the intersection of the optical axis with the image
plane; inaccuracies in estimating this parameter introduce systematic shifts in image
geometry. The skew factor, although often negligible in modern sensors, becomes
relevant when the pixel grid is not perfectly rectangular.

Intrinsic parameters also include optical distortion coefficients, which model de-
viations from the ideal pinhole projection. Radial distortion, expressed as:

rdist = r
(

1 + k1r2 + k2r4 + k3r6
)

,
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and tangential distortion:

∆u = 2p1uv + p2(r
2 + 2u2), ∆v = p1(r

2 + 2v2) + 2p2uv,

modify the apparent position of projected points, especially when using wide-angle
lenses frequently employed in bus interiors. Without proper modelling and calibra-
tion, such distortions compromise the metric consistency of the image and destabi-
lize feature extraction performed by convolutional neural networks.

By combining the intrinsic matrix K with the distortion coefficients, the camera
model defines the transformation:
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which links the 3D camera coordinates (Xc, Yc, Zc) to the image coordinates (u, v).
This relationship governs the projection geometry and determines how metric prop-
erties such as distances, angles, and shapes are preserved or distorted.

Accurate modelling of intrinsic parameters is therefore essential in AI applica-
tions for public transport. Tasks such as passenger counting, obstacle detection,
tracking, and scene analysis depend on stable geometric relationships across frames.
In dynamic environments such as buses, precise calibration ensures that neural net-
works operate on visually stable and geometrically reliable data.

2.3.2 Extrinsic Parameters and Spatial Transformations

Extrinsic parameters describe the position and orientation of the camera with respect
to the external world and determine how three-dimensional points are expressed in
the camera reference frame. While intrinsic parameters define the internal geometry
of the imaging process, extrinsic parameters specify the spatial relationship between
the camera and the observed environment. These parameters are fundamental for
tasks requiring metrical interpretation of the scene, such as passenger localization,
trajectory estimation, mapping, and multimodal sensor fusion.

The extrinsic parameters consist of a rotation matrix R ↘ SO(3) and a transla-
tion vector t ↘ R

3, which together form the rigid-body transformation between the
world coordinate system and the camera coordinate system Fig. 2.7. A 3D point
expressed in world coordinates Pw = (Xw, Yw, Zw)≃ is transformed into the camera
frame by:

Pc = RPw + t,

where Pc = (Xc, Yc, Zc)≃ denotes the coordinates of the point as seen by the camera.
As detailed in Modelling and Control of Robot Manipulators [11], such rigid transfor-
mations preserve distances and angles and constitute the mathematical foundation
for many robotic and computer vision systems.

Using homogeneous coordinates, the transformation can be expressed as:

[
Pc

1

]

=

[
R t

0 0 0 1

] [
Pw

1

]

,

where the 4 ⇐ 4 homogeneous matrix encodes the complete spatial transformation.
This representation is widely used because it allows rotations and translations to
be combined through matrix multiplication, facilitating calibration and multi-view
geometry.
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FIGURE 2.7: Position and orientation of a rigid body [11]

The rotation matrix R defines the camera orientation and can be parameterized
by Euler angles, axis–angle representations, or quaternions. Errors in the estimation
of R cause errors in depth perception and object localization, especially in scenes
with strong perspective. The translation vector t represents the camera’s position
relative to the world origin and determines how the depth of the scene is mapped
onto the camera coordinates.

In the standard projection equation:
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the extrinsic parameters R and t define how the 3D structure Fig. 2.7 of the world is
mapped into the 2D image. They play a crucial role in determining spatial consis-
tency across frames.

In public transport applications, extrinsic calibration becomes essential due to
camera vibrations, non-static mounting positions, and the need for multi-camera
fusion. Accurate estimation of extrinsic parameters ensures that geometric informa-
tion remains consistent, enabling reliable detection, tracking, re-identification, and
scene understanding. Precise modelling of spatial transformations is indispensable
for any system requiring accurate interpretation of 3D geometry.

2.3.3 Perspective Projection and Object Geometry

Perspective projection governs the fundamental process through which the three-
dimensional world is mapped onto the two-dimensional image plane of a camera.
Under the ideal pinhole camera model, 3D points are projected through a single op-
tical center onto the image surface, producing a geometry that preserves straight
lines but induces non-linear scaling with depth. This representation captures the
essence of how lenses alter the apparent size, position, and orientation of objects as
their distance from the camera varies. Understanding these geometric effects is es-
sential for designing reliable AI perception systems, especially in public transport
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environments where objects (passengers, seats, obstacles) may appear at very differ-
ent depths within the scene.

In the pinhole model [12], a 3D point P = (X, Y, Z) is projected onto image
coordinates (u, v) according to:

u = fx
X

Z
+ cx, v = fy

Y

Z
+ cy,

where fx and fy are the focal lengths in pixel units and (cx, cy) is the principal point.
This formulation highlights the characteristic inverse-depth dependency of perspec-
tive projection: as Z increases, the projected dimensions shrink, producing the fa-
miliar foreshortening effect. Perspective also affects the perceived shape and aspect
ratio of objects. The orientation of surfaces relative to the camera induces anisotropic
scaling and edges parallel to the depth axis shrink more rapidly, while those orthog-
onal to it remain comparatively stable. This phenomenon influences the appearance
of human silhouettes, seating geometry, and structural elements inside buses. With-
out an appropriate geometric model or calibration, AI systems may misinterpret
object dimensions or incorrectly estimate spatial relationships.

Overall, perspective projection and its deviations from ideality profoundly influ-
ence the visual data used by AI systems. A correct understanding and calibration
of these geometric effects enable more robust feature extraction, scale-aware detec-
tion, and consistent interpretation of object sizes and depths. For public transport
applications—where wide-angle lenses, tight spaces, and dynamic scenes amplify
perspective distortions—accounting for perspective geometry is essential to achiev-
ing reliable and accurate perception.

2.3.4 Calibration Techniques and Accuracy Evaluation

One of the most widely adopted approaches for camera calibration is Zhang’s method
[43], which introduced a flexible and easily implementable procedure based on ob-
serving a planar pattern—typically a checkerboard—from multiple orientations. The
algorithm estimates intrinsic parameters, distortion coefficients, and extrinsic poses
by minimizing the reprojection error between detected image points and their ideal
projections under the pinhole model. Zhang’s technique is particularly effective
because it requires no prior knowledge of the camera pose, relies solely on a flat
calibration target, and achieves high accuracy even with a relatively small set of
images. Another classical approach is the Tsai calibration method [44], originally
developed for industrial inspection systems. Tsai’s method combines 3D reference
measurements with nonlinear optimization to estimate focal length, principal point,
and distortion parameters. Although historically influential, it requires more con-
strained acquisition setups and is generally less flexible than Zhang’s method, espe-
cially when calibrating cameras with strong nonlinear distortion or extremely wide
fields of view. For multi-camera and multi-view applications, calibration accuracy
can be further enhanced through bundle adjustment, a nonlinear refinement tech-
nique that jointly optimizes all intrinsic and extrinsic parameters by minimizing the
global reprojection error across all observations. As discussed by Hartley and Zis-
serman [45], bundle adjustment represents the state of the art in projective geometry
optimization and is widely used in robotics, SLAM, and structure-from-motion.
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To evaluate the quality of a calibration, several error metrics are commonly used.
The most standard is the mean reprojection error:

erepr =
1

N

N

∑
i=1

⇒pi → p̂i⇒ ,

where pi denotes a detected image point and p̂i its corresponding projection based
on the estimated parameters. A low reprojection error indicates strong agreement
between the camera model and the real imaging geometry. Another widely used
metric is the mean pixel deviation, which measures the average displacement be-
tween measured and predicted points, providing an intuitive assessment of practical
accuracy.

In this study, Zhang’s calibration method [43] was employed to estimate the in-
trinsic parameters of the onboard camera. The device features an extremely wide
field of view of approximately 160⇑, which introduces significant radial distortion.
To accurately characterize this distortion, a checkerboard calibration target Fig. 2.8
was photographed from multiple distances, angles, and perspectives, ensuring cov-
erage of both central and peripheral regions of the field of view.

FIGURE 2.8: A sample image of the planar pattern used for camera
calibration [12]

The intrinsic matrix K and distortion coefficients D were estimated using a Python
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implementation based on the OpenCV library (cv2). The resulting parameters, ex-
tracted from the calibration output, are:

K =





3.4764 ⇐ 102 0 3.7454 ⇐ 102

0 4.6088 ⇐ 102 4.0666 ⇐ 102

0 0 1





D =
[
→0.33266 0.12279 →0.00216 0.00105 →0.02196

]

These matrices indicate a camera with anisotropic focal lengths ( fx ⇓= fy), a principal
point slightly offset from the geometric center of the image sensor, and distortion co-
efficients consistent with strong barrel distortion, typical of ultra-wide-angle lenses.
The significant negative value of k1 confirms the presence of pronounced radial dis-
tortion, while the small tangential terms (p1, p2) suggest minimal lens decentering.

The calibration process produced an accurate intrinsic model and a reliable dis-
tortion profile, enabling effective correction of the nonlinear warping inherent to
wide-angle optics. This greatly improved the geometric consistency of the acquired
images, which is essential for downstream AI tasks such as passenger detection,
tracking, and semantic scene understanding in dynamic bus environments.
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YOLOv5 FOR THE URBAN
MOBILITY MONITORING

3.1 The Core Model Behind the Detection Framework

At the foundation of this research lies an extensive and systematic investigation of
deep learning architectures suitable for passenger counting and object detection in
dynamic and resource-constrained environments. Throughout the preliminary anal-
ysis, several state-of-the-art models were reviewed and compared — ranging from
traditional two-stage detectors such as R-CNN and Faster R-CNN to more efficient
one-stage architectures including SSD, RetinaNet, and the YOLO family. This com-
parative evaluation highlighted that only a limited number of models achieve an
effective compromise between accuracy, real-time inference, and computational ef-
ficiency — essential requirements for embedded and edge-based systems operating
onboard public transport vehicles. Among these, the You Only Look Once (YOLO)
architecture emerged as the most suitable solution, combining high detection perfor-
mance with low-latency execution. This chapter provides an in-depth overview of
the YOLOv5 model, which forms the core of the proposed detection framework, de-
tailing its underlying principles, architecture, training methodology, and integration
within the overall system.

3.1.1 Historical Background

The original YOLO algorithm, introduced by Joseph Redmon et al. in 2015, rep-
resented a fundamental paradigm shift in the field of object detection. Unlike the
two-stage detectors such as R-CNN or Faster R-CNN—which first generate region
proposals and then classify them—YOLO reformulated detection as a single regres-
sion problem. In this approach, bounding boxes and class probabilities are predicted
directly from the entire image in a single network pass. This design drastically re-
duced computational overhead, allowing real-time performance without a signifi-
cant loss of accuracy, and opened the door to early implementations in autonomous
vehicles, robotics, and real-time surveillance.

Following this seminal work, the algorithm evolved through several major it-
erations. YOLOv2 (2016) introduced batch normalization and anchor box priors
Fig. 3.1, improving localization and stability. YOLOv3 (2018) expanded the archi-
tecture with Darknet-53 as backbone and adopted multi-scale feature extraction to
handle objects of different sizes, a key step toward robustness in complex scenes.
YOLOv4 (2020) refined the approach further, integrating Spatial Pyramid Pooling
(SPP), Path Aggregation Network (PANet), Mish activation functions, and advanced
data augmentation techniques such as Mosaic and CutMix, significantly improving
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the mean Average Precision (mAP) and generalization performance on real-world
datasets [46].

Building on this lineage, YOLOv5, developed by Glenn Jocher and the Ultr-
alytics team in 2020, marked a decisive turning point. It transitioned the entire
framework from the original C/CUDA-based Darknet to the PyTorch deep learn-
ing framework. This migration was far more than a mere code translation—it en-
abled modularity, ease of customization, and compatibility with diverse hardware,
including embedded GPU devices. The PyTorch implementation also allowed seam-
less integration with modern training pipelines, automatic mixed precision (AMP),
and model export to ONNX and TensorRT formats, thereby expanding YOLO’s us-
ability for both research and production deployment [13]. Initially, the first PyTorch-
based model incorporating these innovations was informally referred to as YOLOv4-
PyTorch to reflect its architectural alignment with the contemporaneous Darknet
YOLOv4. However, to avoid confusion and to emphasize the independence of its
development branch, it was later rebranded as YOLOv5. This naming decision gen-
erated a brief debate within the computer vision community—some argued it should
not be considered an official continuation of Redmon’s YOLO line—but the superior
modularity and training convenience of the PyTorch ecosystem soon consolidated
YOLOv5 as the de facto standard for applied object detection. Unlike its predeces-
sors, YOLOv5 is best understood not as a single static model, but as a continuously
evolving framework. The open-source repository maintained by Ultralytics is under
constant development, incorporating new architectures (e.g., YOLOv5n/s/m/l/x
variants), enhanced data augmentations, and improved export pipelines.

FIGURE 3.1: YoloV5 detection example [13]

This dynamism allows YOLOv5 to adapt quickly to new use cases—from au-
tonomous driving to industrial inspection, public safety, and, as explored in this
thesis, smart mobility and passenger analysis in public transport.
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3.1.2 Model Architecture

Object detection, one of the core applications of YOLOv5, involves the extraction of
salient visual features from an input image and their transformation into structured
predictions that identify and localize multiple objects within the scene. Conven-
tional object detection frameworks relied on multi-stage pipelines, where region pro-
posals were first generated and then classified independently. The YOLO (You Only
Look Once) architecture revolutionized this paradigm by introducing a fully end-to-
end, differentiable detection process that unifies bounding-box regression and object
classification into a single neural network. This design enables the model to process
an entire image in a single forward pass, drastically reducing computational over-
head while maintaining high detection accuracy — a key advantage for real-time
and embedded inference.

The YOLO network is composed of three fundamental components: the back-
bone, neck, and detection head. The backbone, a convolutional neural network, en-
codes image information into multi-scale feature maps that capture both local and
global spatial structures. These maps are then refined by the neck, a set of layers
that integrate and enhance multi-level feature representations, ensuring that both
high-resolution spatial detail and deeper semantic context are retained. Finally, the
detection head interprets these fused features to generate bounding-box coordinates,
confidence scores, and class probabilities for each detected object.

Over successive versions, particularly YOLOv4 and YOLOv5, the architecture
has incorporated innovations from broader computer vision research — such as im-
proved gradient flow mechanisms, multi-scale feature fusion, and advanced data
augmentation — significantly improving the accuracy, efficiency, and generalization
of object detection models. This synergistic evolution has positioned YOLOv5 as one
of the most effective and practical frameworks for real-time visual perception tasks.

FIGURE 3.2: Yolo Detection Process [13]

Figure 3.2 illustrates the conceptual workflow distinguishing two-stage and one-
stage detectors. Unlike two-stage architectures (e.g., Faster R-CNN), where object
proposals and classification are handled sequentially, YOLOv5 performs all opera-
tions within a single, unified pipeline. The input image passes through three tightly
connected components — the backbone, the neck, and the detection head — that
collectively implement the one-stage detection strategy.
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• Backbone (CSPDarknet53) [47] - The backbone is responsible for extracting hi-
erarchical features from the input image. YOLOv5 adopts the CSPDarknet53
architecture, which applies the Cross Stage Partial (CSP) strategy to split fea-
ture maps into two parallel paths: one processed through dense convolutional
blocks, and the other forwarded directly and later recombined. This division
minimizes gradient duplication and redundant computation, improving both
training stability and inference efficiency. CSP also optimizes GPU memory
utilization, enabling high accuracy without increasing resource consumption
— a crucial property for edge deployment on embedded GPU platforms. The
resulting feature maps retain both low-level details (edges, textures) and high-
level semantics (shapes, object context), which are propagated to the subse-
quent layers.

• Neck (SPPF [48] + PANet [49]) - The neck serves as a feature aggregation
bridge between the backbone and the detection head, enhancing the model’s
ability to detect objects across multiple scales. YOLOv5 integrates two key
modules in this stage,the SPPF (Spatial Pyramid Pooling – Fast), which ex-
pands the receptive field through multi-kernel pooling operations without in-
creasing inference time, and the PANet (Path Aggregation Network), which
merges features in both top-down and bottom-up directions to strengthen multi-
scale representations. This design allows YOLOv5 to effectively recognize
small, partially occluded, or overlapping objects — a common condition in
crowded public transport interiors and urban environments. The neck ensures
that the information passed to the head is spatially coherent and semantically
rich, supporting accurate multi-resolution prediction.

• Detection Head - The detection head performs bounding box regression and
object classification using the features provided by the neck. YOLOv5 predicts
across three different scales (stride 8, 16, and 32) to handle small, medium, and
large objects simultaneously. Each grid cell on the feature map generates sev-
eral anchor boxes, each characterized by its position, size, confidence score,
and class probabilities. During training, the AutoAnchor algorithm automat-
ically adapts anchor dimensions to match the object distribution within the
dataset, improving accuracy and generalization. At inference, Non-Maximum
Suppression (NMS) eliminates redundant overlapping detections, retaining
only the most confident bounding boxes for each object. This multi-scale anchor-
based mechanism allows YOLOv5 to detect small internal objects — such as
passenger heads and upper bodies — as well as larger external elements, in-
cluding pedestrians, bicycles, and vehicles.

Overall, YOLOv5 transforms raw visual input into structured object predictions
through a sequence of progressively abstract feature representations. The backbone
captures and encodes visual information, the neck harmonizes and scales these fea-
tures, and the detection head produces interpretable predictions in real time. Unlike
traditional two-stage architectures, YOLOv5 performs dense, end-to-end detection,
eliminating the need for region proposals and achieving high precision with mini-
mal latency.

These architectural characteristics — modularity, scalability, and computational
efficiency — make YOLOv5 particularly suitable for embedded and onboard appli-
cations. In the context of this research, it enables real-time passenger counting and
street-level object classification directly on GPU-embedded devices installed inside
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public transport vehicles, reducing cloud dependency, minimizing latency, and en-
suring reliable operation under the electrical and mechanical constraints typical of
urban buses.

3.1.3 Training and Optimization

YOLOv5 employs a sophisticated training pipeline integrating several advanced
augmentation and optimization techniques:

• Mosaic augmentation combines four random images into one during training,
allowing the model to generalize across multiple contexts, object scales, and
occlusion levels.

• MixUp and Copy-Paste augmentations simulate object overlap and lighting
variation, improving robustness under dynamic conditions.

• Multi-scale training randomly resizes images between 0.5! and 1.5! per batch,
enhancing cross-scale generalization.

• Loss Function: YOLOv5 optimizes detection through a composite loss com-
bining Binary Cross Entropy (BCE) for classification and objectness with Com-
plete Intersection over Union (CIoU) for bounding box regression. This dual
optimization ensures precise spatial localization and reliable confidence cali-
bration.

During inference, the model supports mixed-precision (FP16) computation and
Exponential Moving Average (EMA) of weights to stabilize training and reduce la-
tency, making it ideal for embedded GPUs. The architecture is available in five
scalable variants — n, s, m, l, and x — balancing performance and computational
load. For this research, YOLOv5s and YOLOv5m were selected, achieving an opti-
mal trade-off between inference speed, energy efficiency, and detection accuracy.

3.2 YoloV5 Use Cases

YOLOv5, thanks to its speed, lightweight design, and architectural flexibility, has
become a reference model in the field of real-time object detection. Its versatil-
ity enables deployment across a wide range of sectors, from medical imaging to
autonomous driving, as well as industrial production and automated inspection.
Below, we present the main macro-areas of application, each accompanied by an
overview of the most relevant and representative use cases.

3.2.1 Medical and Pharmaceutical Domain

YOLOv5 has gained substantial relevance in the medical and pharmaceutical do-
main due to its ability to detect complex visual patterns with high accuracy and
low latency—two properties that are essential in clinical decision support systems.
One of the most active application areas is colorectal polyp detection. Polyps often
exhibit highly variable shapes, irregular textures, and low contrast relative to sur-
rounding mucosal tissue, making traditional detection methods fragile. The work
presented in [50] demonstrates how YOLOv5 achieves robust localization of both
small and flat polyps in colonoscopy videos, even under challenging conditions such
as motion blur, uneven illumination, and specular reflections. By applying different
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YOLOv5 variants (s, m, l) and optimizing anchor configurations, the authors report
significant improvements in sensitivity—an essential metric for early colorectal can-
cer prevention. Another clinically relevant field is thoracic imaging, specifically the
identification of lung nodules in X-ray and CT scans. Detecting early-stage nod-
ules is notoriously difficult due to their subtle radiographic appearance, variable
density, and potential overlap with ribs or vascular structures. The study in [14]
applies YOLOv5 to datasets such as LIDC-IDRI and demonstrates that the model
can accurately detect nodules Fig. 3.3 of varying diameters while maintaining a low
false-positive rate.

FIGURE 3.3: The Predicted location of Nodules [14]

The network’s capability to generalize across noise levels and heterogeneous ac-
quisition conditions illustrates why YOLOv5 is increasingly considered a reliable
tool for assisting radiologists in screening workflows and reducing diagnostic bur-
den. A third prominent research direction concerns skin cancer detection, where
YOLOv5 is used to classify and localize malignant lesions such as melanoma, basal
cell carcinoma, and squamous cell carcinoma. Skin lesions present significant vari-
ability in color, texture, shape, and boundary sharpness, making detection particu-
larly challenging. The study in [51] extends the YOLOv5 architecture with additional
attention mechanisms—such as SimAM and SEAttention modules—to enhance fea-
ture discrimination in dermoscopic images. Experimental results show improved
performance on datasets like ISIC, with gains in precision, recall, and mAP. These
enhancements make the method suitable for real-time diagnostic support, poten-
tially deployable on portable dermatology tools or telemedicine systems. YOLOv5
balance of speed, accuracy, and architectural flexibility enables deployment in a va-
riety of clinical contexts, from endoscopy and radiology suites to mobile diagnostic
platforms. YOLOv5 effectively bridges traditional computer vision and modern AI-
driven diagnostics, contributing to earlier detection, improved screening accuracy,
and overall enhancement of healthcare workflows.
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3.2.2 Industrial and Engineering Domain – Visual Inspection

YOLOv5 has become a key architecture in industrial visual inspection, where relia-
bility, speed, and robustness against environmental variability are essential. A major
application concerns surface defect detection in manufacturing processes. The study
in [15] proposes an improved YOLOv5 framework that integrates Coordinate Atten-
tion and BiFPN to enhance multi-scale feature extraction and boost recall on fine-
grained defects. Industrial surface imperfections—such as scratches, contamination,
and deformation Fig. 3.4 .

FIGURE 3.4: Surface imperfections Detection [15]

The improved model achieves a recall of 91.6% and inference speeds up to 95
FPS, demonstrating its suitability for real-time deployment on assembly lines. A sec-
ond engineering application involves printed circuit board (PCB) inspection, where
YOLOv5 is used to detect missing components, soldering defects, and assembly er-
rors. The work in [52] shows that YOLOv5 can outperform traditional rule-based
inspection methods by learning robust feature representations even under variable
lighting and imaging conditions. PCBs present complex backgrounds, densely packed
components, and highly repetitive patterns; YOLOv5’s multiscale detection capabil-
ity is therefore crucial for distinguishing subtle defects such as micro-cracks or in-
sufficient solder joints. Experimental evaluations highlight strong improvements in
mAP and defect localization accuracy compared to older CNN-based approaches.
A third widely studied application is the detection of defects in power-grid insu-
lators, a safety-critical task where false negatives can lead to system instability or
worker hazards. In [53], the authors propose enhancements to YOLOv5 based on
self-attention and depthwise separable convolutions, enabling more effective detec-
tion of insulators of varying sizes and orientations. Their improved YOLOv5 net-
work achieves 94.79% accuracy and 63.9 FPS, outperforming YOLOv3, YOLOv4,
and Faster R-CNN. This demonstrates the model’s suitability for UAV-based inspec-
tion along high-voltage transmission lines, where real-time performance and robust-
ness to viewpoint changes are essential. Together, these studies confirm YOLOv5’s
status as a high-performance detector for industrial and engineering inspection tasks.
Its architectural balance between speed and accuracy, combined with adaptabil-
ity through attention mechanisms, feature pyramids, and lightweight convolutions,
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makes it ideal for automated quality control, predictive maintenance, and safety
monitoring across diverse industrial environments.

3.2.3 Automotive, Transportation, and Autonomous Driving Domain

YOLOv5 has been widely adopted in automotive and intelligent transportation sys-
tems due to its ability to combine high detection accuracy with real-time inference,
two essential requirements for safety-critical perception tasks. One important line of
research concerns aerial and elevated-view detection, which plays a key role in traf-
fic monitoring, incident detection, and cooperative perception for connected vehi-
cles. The study in [54] proposes an improved YOLOv5 architecture for UAV imagery
by integrating attention mechanisms such as the Convolution-Swin Transformer
Block (CSTB) and CBAM. These enhancements significantly increase detection per-
formance for small and densely distributed objects frequently encountered in aerial
traffic scenes, demonstrating notable gains in mean Average Precision without com-
promising model efficiency. A second contribution to the transportation domain
relates to small-object detection, a long-standing challenge in autonomous driving.
Vehicles must detect far-away traffic cones, road markers, signage, and other early-
warning elements with limited pixel footprint. The work in [55] introduces model
variants known as YOLO-Z, derived from YOLOv5 but modified through architec-
tural optimizations such as high-resolution feature routing, DenseNet backbones,
and enhanced feature pyramid structures. These adaptations yield significant im-
provements in detecting small objects under high-speed and dynamic racing condi-
tions, highlighting how subtle structural changes can extend the perceptual range of
autonomous vehicles. Another emerging application concerns traffic sign detection,
foundational for Advanced Driver Assistance Systems (ADAS) and autonomous
driving. The study in [16] shows that YOLOv5, when fine-tuned on domain-specific
datasets, effectively localizes and classifies traffic signs Fig. 3.5 even across varying
illumination, occlusions, and visual clutter.
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FIGURE 3.5: Traffic Sign Detection [16]

This robustness is essential for maintaining lane discipline, speed compliance,
and safe navigation under real-world urban traffic variability. Finally, YOLOv5 has
been successfully used to support traffic safety enforcement, particularly in detect-
ing helmet violations among motorcyclists. The work in [56] presents a real-time de-
tection pipeline capable of identifying riders, passengers, and helmet-wearing com-
pliance across diverse environmental conditions. The system employs an ensemble
of YOLOv5 models to improve robustness against motion blur, night-time scenes,
and adverse weather, achieving competitive mAP performance in large-scale eval-
uations. Such systems demonstrate the growing role of deep learning in traffic law
enforcement, risk mitigation, and smart-city analytics. Collectively, these studies
confirm YOLOv5’s prominent role as a versatile, high-performance detector capable
of supporting a broad range of perception tasks within the automotive and trans-
portation ecosystem, from autonomous driving to infrastructure monitoring and ur-
ban traffic safety.

3.2.4 Smart Cities, Security, and Urban Surveillance

YOLOv5 is playing an increasingly central role in smart-city applications, particu-
larly in the domains of urban safety, public-space monitoring, and automated envi-
ronmental management. One representative application concerns abandoned object
detection in outdoor surveillance. The work in [17] proposes an enhanced YOLOv5s
model integrated with StrongSORT tracking to address typical challenges of ur-
ban environments, such as illumination changes, shadows, occlusions, and moving
backgrounds.
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FIGURE 3.6: Detection results for video sequence [17]

By introducing improved feature-extraction modules—including the SPPFC2fC
block—the system enhances multi-scale representation and maintains stable detec-
tion accuracy in complex public settings such as bus stops or pedestrian zones. The
combination of detection and trajectory-based association allows robust identifica-
tion of potentially abandoned items, offering clear benefits for public safety in smart-
city infrastructures Fig. 3.6. A second application area involves automated waste
classification, a critical component of sustainable urban management. The study
in [57] presents an improved YOLOv5-based model designed to classify garbage di-
rectly at the source, supporting intelligent waste-sorting systems for smart cities. By
simplifying network layers to increase inference speed and adapting the loss func-
tion to improve large-object detection efficiency, the model enables high-accuracy
waste recognition even when deployed on low-power embedded devices such as
Raspberry Pi. This approach demonstrates how lightweight deep-learning detec-
tors can support scalable environmental monitoring, reduce manual sorting effort,
and facilitate efficient recycling workflows. Finally, YOLOv5 has been successfully
adopted in crowd monitoring and safety analysis, particularly during large-scale
events. The research in [58] explores a detection-based framework to estimate crowd
density and identify critical behavioral patterns in stadiums and other high-capacity
venues. YOLOv5 is used to detect individual spectators under conditions of high
density, variable viewpoints, and strong occlusions—typical scenarios in urban mass
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gatherings. By providing accurate real-time estimates of the number of people in dif-
ferent sectors, the system supports proactive safety management, evacuation plan-
ning, and resource allocation, all of which are essential for modern smart-city op-
erations. Overall, these studies demonstrate how YOLOv5 constitutes a versatile
and scalable foundation for intelligent urban surveillance, enabling cities to enhance
public safety, improve sustainability, and optimize operational efficiency across a
wide range of real-world scenarios.

3.3 Rationale for Selecting YOLOv5 in the Proposed System

The selection of YOLOv5 as the primary detection model in the proposed system
is motivated by a combination of architectural, operational, and empirical factors.
These elements collectively demonstrate its suitability for real-time perception in
public transport environments. The main reasons are summarized below:

• Dual-layer applicability for internal and external perception. YOLOv5 proves
highly effective for the integrated detection strategy adopted in this thesis,
supporting both passenger analysis inside the vehicle and environmental ob-
ject recognition outside. Its unified architecture allows a single model family
to perform consistently across heterogeneous visual domains.

• Optimized architecture for edge deployment. The lightweight convolutional
design of YOLOv5, combined with its streamlined inference pipeline, enables
efficient execution on embedded GPU platforms. This allows the entire percep-
tion system to operate directly onboard public transport vehicles, eliminating
dependency on cloud infrastructure and reducing latency.

• Robustness under challenging real-world conditions. YOLOv5 exhibits strong
resilience to occlusions, fluctuating lighting, dynamic backgrounds, reflections,
and dense scenes—conditions frequently encountered both inside buses (crowded
interiors, reflective surfaces) and outside (urban traffic, pedestrians, road irreg-
ularities).

• Consistent performance demonstrated across multiple research domains. Its
effectiveness is supported by extensive literature:

– In the medical domain, YOLOv5 accurately detects subtle and fine-grained
patterns, demonstrating sensitivity to small anomalies.

– In industrial and engineering inspection, it maintains stable performance un-
der difficult imaging conditions and reliably identifies structural and sur-
face defects.

– In the automotive and transportation sector, it excels in small-object detec-
tion, traffic sign recognition, and hazard identification—tasks analogous
to those required for bus exterior monitoring.

– In smart-city surveillance, it has proven capable of abandoned-object de-
tection, crowd counting, and waste classification in highly dynamic envi-
ronments.

The consistency of YOLOv5 across these diverse domains highlights its gener-
alization capabilities and operational reliability.
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• Advanced multi-scale feature extraction. YOLOv5 integrates Feature Pyra-
mid Network (FPN) and Path Aggregation Network (PAN) mechanisms, en-
abling robust detection of objects of varying sizes—crucial for differentiating
passengers inside the bus and identifying small or distant elements in urban
environments.

• Mature data augmentation strategies. Techniques such as Mosaic augmenta-
tion, adaptive anchor computation, and Class Label Smoothing enhance the
model’s ability to generalize, especially in visually complex and unstable en-
vironments.

• Compatibility with embedded inference optimization tools. The model in-
tegrates seamlessly with TensorRT, ONNX Runtime, and half-precision (FP16)
execution, enabling real-time inference on GPU-equipped onboard systems.
This ensures scalability, maintainability, and cost efficiency.

• Alignment with system-level operational constraints. YOLOv5 offers a bal-
anced trade-off between accuracy, latency, and computational load, making it
suitable for continuous deployment in moving vehicles with limited energy
and processing budgets.

In conclusion, YOLOv5 emerges as the most suitable detection architecture for
the proposed public transport monitoring system. Its balance between computa-
tional efficiency, perceptual robustness, and deployment flexibility enables accurate,
autonomous, and scalable detection of both passengers and external environmental
elements, ultimately supporting data-driven mobility analysis and the optimization
of public transport operations.
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Chapter 4

SYSTEM ARCHITECTURE AND
OPERATING WORKFLOW

4.1 General System Architecture

The design of the proposed setup, illustrated in Figure 4.1, is the result of an ex-
tensive experimental campaign aimed at determining the optimal installation con-
figuration for both the internal and external monitoring subsystems. During the
development phase, multiple camera placements and viewing angles were evalu-
ated inside the bus to achieve a full and continuous coverage of the passenger area
while minimizing occlusions and redundant overlapping regions. Various mount-
ing heights and tilt angles were tested, as even small changes in camera orientation
significantly affect detection accuracy, especially in high-density scenarios or under
variable lighting conditions. The adopted configuration represents the best trade-off
between visibility, accuracy, and mechanical feasibility, ensuring comprehensive vi-
sual coverage of the bus interior and door areas with a limited number of cameras
and minimal calibration effort.

FIGURE 4.1: Setup architecture.

Similarly, several external camera placements were assessed to guarantee com-
plete coverage of the surroundings, focusing on the frontal road section, the vehicle
sides, and the driver’s blind spots. The final layout allows continuous detection of



50 Chapter 4. SYSTEM ARCHITECTURE AND OPERATING WORKFLOW

obstacles, pedestrians, and road surface conditions while maintaining a balance be-
tween field of view and image distortion. Compared to conventional single-camera
approaches, the proposed distributed setup ensures redundancy and robustness, re-
ducing blind zones and enabling accurate spatial correlation between the detected
elements and their real-world locations.

To properly contextualize the proposed system, it is useful to consider the archi-
tecture of conventional passenger-counting solutions commonly employed in public
transport. These systems typically rely on infrared or Time-of-Flight (ToF) sensors
installed above the vehicle doors and connected to dedicated control units. While
such technologies perform adequately for basic in–out flow detection, their opera-
tion is highly sensitive to reflections, lighting variations, and environmental inter-
ference. In crowded scenarios, where multiple passengers pass simultaneously or
stand close to the sensor, signal overlap and occlusions significantly degrade accu-
racy, often leading to missed detections or false counts.

Furthermore, these traditional systems estimate total occupancy indirectly, by
calculating the cumulative difference between entries and exits. This differential
counting mechanism makes them particularly vulnerable to error propagation —
a single miscounted event can compromise the overall total, producing significant
deviations over the course of a route or a service day. As a result, their effectiveness
decreases markedly under real operating conditions, especially during peak hours
or in vehicles with frequent passenger movements.

In contrast, the proposed framework introduces a fully integrated and vision-
based architecture, in which internal monitoring, external perception, and positional
data are processed within a coordinated, intelligent structure. This configuration
overcomes the limitations of conventional systems by providing direct observation
and tracking of passenger flow, while generating multimodal, geo-referenced data
that support real-time analysis and advanced transport management applications.

4.1.1 Electrical Layout

From a hardware perspective, the proposed system is organized around a central-
ized electrical distribution unit that supplies power and manages signal routing be-
tween the main processing modules. As illustrated in the electrical layout 4.2, the 24
V power line from the bus is routed to the electrical distribution unit, which serves
as the main hub for both energy and signal management.

The Electrical Distribution Unit (EDU) supplies regulated 24 V power to all AI
processing nodes — one AI server and three AI clients — through independent fused
lines, ensuring electrical protection and full compliance with automotive safety stan-
dards. In addition to power distribution, the EDU interfaces with the bus door elec-
trical signals (P1, P2, P3), enabling real-time detection of door-opening and -closing
events. These signals are forwarded to the AI server, which uses them to synchro-
nize passenger counting operations with the vehicle’s stop phases, ensuring precise
temporal alignment between video analysis and door status.
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FIGURE 4.2: Electrical layout of the integrated system.

The EDU also powers a single 8-port Power-over-Ethernet (PoE) switch, which
simultaneously provides power and data connectivity to all system components. On
the same 24 V power line, a dedicated industrial router is supplied, enabling net-
work connectivity via a SIM card for remote data transmission, system monitoring,
and cloud synchronization. This configuration ensures a reliable communication
link between the onboard AI infrastructure and the central management platform,
even in mobile or low-coverage environments.

FIGURE 4.3: Electrical Distribution Unit
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The Electrical Distribution Unit (EDU) illustrated in Figure4.3performs both power
regulation and signal interface functions within the bus’s AI monitoring architec-
ture. Its purpose is twofold:

1. Provide stabilized 24 V DC power to all electronic subsystems (AI Server, AI
Clients, PoE Switch and Router),

2. Acquire and isolate the door electrical control signals (P1, P2, P3) for synchro-
nization of passenger counting events.

At the heart of the EDU is a Mean Well HDR-60-24 4.4 power module. This compact,
ultra-slim DIN-rail device delivers up to 60 W at 24 V DC / 2.5 A, with a high effi-
ciency of approximately 90%, and a universal AC input range from 9 V to 264 V AC.
It is fully compliant with UL 508, IEC 60950-1, and EN 61558-2-16, offering Class II
insulation, short-circuit, overload, and over-voltage protection, and a working tem-
perature range from →30 ⇑C to +70 ⇑C.

FIGURE 4.4: 24V DC-DC Power Supply

Mounted on a standard TS-35/7.5 or TS-35/15 rail, the HDR-60 ensures com-
pactness and easy maintenance. Its constant-current limiting mode enables stable
operation even with the inductive and capacitive loads typical of AI-based embed-
ded systems.

A 10 A fuse positioned on the 24 V input line from the bus power supply protects
the downstream equipment against over-current conditions and accidental short cir-
cuits. The regulated output from the HDR-60 feeds the AI Server, the AI Clients, and
the PoE Switch, which powers the external cameras. This configuration guarantees
electrical isolation from the vehicle’s primary supply and reduces the propagation
of voltage spikes generated by the alternator or auxiliary circuits.

The entire setup operates on the 24 V electrical standard commonly adopted in
public transport vehicles. Power and communication lines are arranged in parallel
to minimize electromagnetic interference (EMI) and to facilitate maintenance and
scalability. The modular and distributed design ensures robustness and continuous
operation under the mechanical and electrical constraints typical of urban buses,
while remaining expandable for future AI modules or additional sensors. The EDU
integrates three TE Connectivity F4 automotive relays 4.5 (V23134 series) , identified
in the schematic as R1, R2, and R3.
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FIGURE 4.5: F4 automotive relays

Each relay operates with a 24 V DC coil and uses Form A (1 NO) contact arrange-
ment, capable of switching up to 40 A continuous current at 28 V DC under auto-
motive conditions. The F4 relays feature a contact gap > 0.8 mm, silver-based con-
tacts, and a rugged construction conforming to ISO 7588-1 (Mini ISO plug-in). Their
electrical endurance exceeds 100,000 operations under nominal load, while mechan-
ical endurance is above 1 million cycles. They are rated for operation from→40 ⇑C
to +125 ⇑C, with vibration resistance > 5 g and shock resistance > 20 g. This en-
sures reliability even in the harsh vibration and temperature environment typical of
public-transport vehicles. Each relay is connected to one of the door control lines
(P1, P2, P3), with the common (COM) terminal at 24 V and the normally open (NO)
terminal switching the door status signal (P Signal) to the AI server input. When a
door opens, the respective relay energizes, closing the NO contact and pulling the
P Signal line high. This clean, galvanically isolated signal allows precise correlation
between door states and passenger-counting events, minimizing noise interference
from the vehicle’s electrical network. The EDU architecture separates high-current
power delivery from low-voltage control signals, achieving both safety and electro-
magnetic compatibility. By using automotive-grade F4 relays and a certified HDR-
60 power module, the system ensures compliance with EN 61000-3-2, EN 55032, and
EN 61000-4 EMC standards. All wiring follows the 24 V bus standard, and the use
of a single grounded COM line avoids potential loops. Parallel routing of power
and communication lines reduces electromagnetic interference (EMI) and simplifies
servicing. The modular design allows the EDU to be replaced or extended without
altering the rest of the onboard architecture. It guarantees stable power, signal isola-
tion, and fault-tolerant operation, ensuring that the AI server continues to synchro-
nize passenger detection even under adverse electrical conditions, such as voltage
transients or partial system faults.

4.1.2 Network Connection

Figure 4.6 shows the network interconnection architecture of the onboard system,
where the AI Server operates as the central coordination node of the entire infras-
tructure. It is responsible for data aggregation, external video stream processing,
GPS data integration, and the synchronization of distributed AI clients, which man-
age local camera processing and transmit metadata in real time over a high-speed
Gigabit Ethernet network.
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FIGURE 4.6: Network interconnection diagram of the onboard AI sys-
tem.

Each AI Client handles two high-resolution video streams from its associated
cameras, performing object detection, passenger tracking, and local inference before
forwarding processed results to the central AI Server. Communication between all
AI units, external cameras, and network peripherals is achieved through an indus-
trial managed PoE+ switch (Teltonika TSW202), which provides both power distri-
bution and data connectivity across the system. This switch features 8 Gigabit PoE+
ports (IEEE 802.3af/at) capable of delivering up to 30 W per port with a total power
budget of 248 W, and 2 SFP uplink ports for potential fiber extensions. It supports
Layer 2 management with additional Layer 3 functions, VLAN segmentation, QoS
prioritization, and industrial protocols such as PROFINET, EtherNet/IP, and MRP,
ensuring deterministic and fault-tolerant communication.

The operating range of →40 ⇑C to +75 ⇑C and IP30-rated metal housing make it
suitable for the demanding thermal and vibrational environment of public transport
vehicles. Integrated DIN-rail mounting simplifies installation and maintenance.

In parallel, the network includes an industrial cellular router Teltonika RUT951
4.7 , powered on the same 24 V DC line as the switch. The router provides 4G LTE
Cat 4, 3G, and 2G mobile connectivity through dual SIM slots, ensuring automatic
failover between operators to guarantee continuous service availability.
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FIGURE 4.7: RUT951

Equipped with four 10/100 Ethernet ports (one configurable as WAN), dual Wi-
Fi antennas, and operating under RutOS (OpenWrt-based Linux), the RUT951 acts
as the gateway between the onboard network and the cloud infrastructure, support-
ing secure VPN tunnels (OpenVPN, WireGuard, IPsec) and remote management via
Teltonika RMS. The system transmits real-time data on passenger counts, GPS loca-
tion, and environmental detections to the cloud using a dedicated SIM-based con-
nection, allowing remote diagnostics, updates, and data visualization. The PoE+
switch distributes both power and data to the AI server, three AI clients, and three
external IP cameras, as shown in Figure 4.6. This configuration eliminates redundant
wiring, minimizes voltage drop across long runs, and enhances network reliability
by integrating energy and data over a single, structured Ethernet backbone. The
presence of the RUT951 router ensures redundant, broadband connectivity, enabling
the system to remain fully operational and connected even in mobile or low-signal
conditions, while also facilitating remote monitoring, configuration, and firmware
updates. Overall, the combined use of the TSW202 and RUT951 establishes a ro-
bust and scalable communication backbone, capable of supporting high-bandwidth
AI workloads and ensuring secure, continuous connectivity for fleet-wide data ex-
change and monitoring.

4.2 General Algorithm Schema

The proposed approach is organized into two concurrent and complementary pro-
cedures: internal monitoring and external monitoring. Both are managed by the
onboard AI infrastructure, whose distributed architecture—powered through the 24
V bus system and interconnected via the industrial PoE switch and router described
in the previous chapters—ensures real-time data acquisition, synchronization, and
processing between the AI server and clients.

Once the convolutional neural network (CNN) modules deployed on both the AI
server and clients are initialized and the video streams are activated, the two mon-
itoring processes begin simultaneously. During internal monitoring, the AI server
continuously acquires the door status signals from the vehicle’s electrical system
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through the EDU interface, detecting in real time when doors are opened or closed.
Upon detecting an open door event, the server instructs the AI clients to activate the
passenger flow analysis module, which observes the movement patterns of individ-
uals near the doors using the onboard high-resolution cameras. This module does
not perform the actual counting but rather estimates flow intensity and direction-
ality—information that serves to characterize the dynamics of the stop, providing
valuable contextual data about boarding and alighting activity, crowd density, and
stop occupancy.

The passenger counting itself is instead performed after the doors are closed,
ensuring that all passengers who entered or exited during the open-door phase are
correctly accounted for. At that moment, the AI server synchronizes the counting
results from all AI clients and associates them with the GPS position provided by
the integrated module. This enables precise spatial referencing of passenger events,
allowing the system to correlate boarding patterns with specific stops or segments
of the route. By integrating both flow and counting data, the system provides a com-
prehensive characterization of each stop, including not only the number of boarding
and alighting passengers but also temporal patterns, density indicators, and passen-
ger circulation trends.

FIGURE 4.8: Flowchart of the proposed algorithmic procedure.
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In the external monitoring process, the AI server continuously receives real-time
video streams from the vehicle’s external PoE cameras through the onboard Ethernet
network. These streams are processed to detect and classify a variety of roadside and
environmental objects, such as potholes, waste, bicycles, scooters, and pedestrians.
This process, referred to as dynamic classification, emphasizes that object recogni-
tion and categorization occur while the vehicle is in motion, adapting dynamically to
variable lighting conditions and environmental complexity. Through optimized in-
ference and tracking algorithms, the system ensures that each detected object is rec-
ognized and geolocated only once, even when captured across consecutive frames.
This mechanism minimizes redundant detections and maintains consistent tracking
despite continuous vehicle movement. Each classified object is subsequently linked
to GPS data, providing accurate spatial references and enabling the generation of
geo-referenced urban maps that support infrastructure maintenance, urban safety
management, and environmental analysis. Figure 4.8 illustrates the overall system
workflow, which integrates both internal and external monitoring procedures into a
single, unified framework. The process begins with the loading of CNN models and
the activation of video streams on the AI server and clients. From that point, two
concurrent processes operate in parallel:

• the internal monitoring pipeline, responsible for passenger flow tracking and
counting, triggered by bus door signals;

• the external monitoring pipeline, focused on dynamic object detection and
classification.

When the doors open, the internal subsystem activates the passenger flow calcula-
tion and tracking module, linking each detected movement with the current GPS
position. Once the doors close, the real-time passenger counting process begins,
updating occupancy data for the next trip segment. Meanwhile, the external mod-
ule continues analyzing the environment, detecting and classifying objects in real
time using YOLOv5-based models, and correlating them with precise geospatial co-
ordinates. Both internal and external data streams are then transmitted through
an industrial router equipped with a dedicated SIM module, ensuring continuous
4G/5G connectivity between the onboard system and the cloud platform. All data,
including passenger information, environmental detections, and GPS metadata, are
uploaded in real time to the cloud, where they are processed, aggregated, and visual-
ized. The cloud dashboard provides operators with a clear, data-driven overview of
passenger occupancy, environmental conditions, and detected infrastructure anoma-
lies across the fleet. Moreover, the platform supports historical data analysis, en-
abling long-term performance evaluation, trend identification, and the development
of predictive insights for operational planning. This integrated architecture estab-
lishes a closed-loop information ecosystem, where onboard edge AI and cloud an-
alytics operate synergistically to support intelligent transport management, predic-
tive maintenance, and data-driven service optimization across the fleet. Beyond the
software layer, the overall system combines electrical robustness, ensured by the
regulated 24 V power distribution, with network resilience and scalability provided
by the Ethernet-based PoE infrastructure and secure cellular routing through the in-
dustrial router. This integrated design allows synchronized, real-time monitoring of
both internal and external phenomena, bridging the gap between vehicle-level sens-
ing and centralized data-driven decision-making. By connecting reliable onboard
perception with cloud-level intelligence, the architecture delivers a comprehensive
and scalable framework for the future of public transport management.
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4.3 Internal And External Monitoring Training

4.3.1 Train Internal Monitoring Model

In this work, the YOLOv5 object detection framework [13,46] is adopted for passen-
ger classification and localization tasks. The selection of YOLOv5 is motivated by its
favorable trade-off between detection accuracy, inference speed, and computational
efficiency, which makes it particularly suitable for real-time deployment in public
transport environments characterized by constrained hardware resources and strict
latency requirements. Thanks to its optimized convolutional backbone, anchor-
based detection strategy, and efficient multi-scale feature aggregation, YOLOv5 is
capable of maintaining high precision–recall performance while ensuring stable in-
ference on embedded GPU platforms. The training dataset was constructed by
integrating multiple heterogeneous data sources to maximize variability and ro-
bustness. Specifically, publicly available datasets were employed, including Kag-
gle (↔10,000 images), Roboflow (↔15,000 images), and GitHub repositories (↔5,000
images), and were complemented with a large set of images acquired directly from
onboard cameras installed inside the vehicle (↔50,000 images). The inclusion of real
operational data is particularly relevant, as it captures domain-specific conditions
such as occlusions, perspective distortions, non-uniform illumination, and passen-
ger density variations typical of real-world public transport scenarios. To further
enhance dataset diversity and improve generalization capability [59], extensive data
augmentation techniques were applied in order to synthetically reproduce challeng-
ing visual conditions encountered during daily operations. The applied augmenta-
tions are summarized as follows:

1. Random brightness adjustment (20,000 images): image brightness was ran-
domly varied within a range of ±20% with respect to the original illumination
conditions, simulating different lighting environments inside the vehicle.

2. Random horizontal flipping (20,000 images): each image had a 50% proba-
bility of being horizontally flipped, accounting for viewpoint symmetry and
camera placement variability.

3. Random rotation (20,000 images): images were rotated within a range of ±15
degrees to reproduce camera misalignment and vehicle motion effects.

4. Gaussian noise injection (20,000 images): zero-mean Gaussian noise with
standard deviation σ ↘ [0.01, 0.05] was added and normalized to the image
intensity range, emulating sensor noise and compression artifacts.

Subsequently, the Roboflow platform [60] was employed for dataset manage-
ment, annotation, and preprocessing. A set of preprocessing filters was applied to
improve image consistency and feature visibility across different acquisition condi-
tions:

1. Contrast normalization, sharpening, and denoising were applied to enhance
salient visual features such as body contours, clothing patterns, and facial re-
gions, which are critical for reliable passenger detection and classification.

2. Image resizing and cropping ensured spatial uniformity across data sources,
enabling stable batch processing during training.

3. Selective background blurring was introduced in specific cases to reduce vi-
sual clutter and emphasize passenger-related regions within the scene.
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The resulting dataset, composed of more than 160,000 labeled images, was di-
vided into training, validation, and test subsets following a 70–20–10 split. All
images were manually annotated using bounding boxes to distinguish passengers,
empty seats, and partial occlusions. To optimize convergence and leverage trans-
fer learning, YOLOv5 models were initialized using pre-trained COCO weights and
subsequently fine-tuned on the passenger-specific dataset by refining the final de-
tection layers.

TABLE 4.1: Comparison of YOLOv5n, YOLOv5s, YOLOv5m, and
YOLOv5l model results over 100 epochs.

Model Precision Recall Inference

YOLOv5n 92.5 89.3 0.05

YOLOv5s 94.8 91.6 0.1

YOLOv5m 96.1 93.7 0.4

The training procedure was conducted over 100 epochs, and a comparative eval-
uation was performed among different YOLOv5 variants, namely YOLOv5n, YOLOv5s,
and YOLOv5m. All experiments were executed on a workstation equipped with an
AMD Ryzen 9 5900X 12-Core CPU (3.70 GHz), 64 GB RAM, and an NVIDIA GeForce
RTX 3090 GPU. Table 4.1 reports a comparative evaluation of three YOLOv5 model
variants trained for 100 epochs, highlighting the trade-off between detection accu-
racy and computational efficiency. The results show a clear and consistent perfor-
mance progression as model complexity increases from YOLOv5n to YOLOv5m.
YOLOv5n, the lightest architecture, achieves the lowest precision (92.5%) and re-
call (89.3%) while providing the fastest inference time (0.05 s per frame). Although
its low latency makes it suitable for extremely resource-constrained scenarios, the
reduced recall indicates a higher rate of missed detections, which is particularly
critical in passenger counting applications where underestimation directly affects
system reliability. YOLOv5s provides a balanced improvement, reaching 94.8% pre-
cision and 91.6% recall with a moderate inference time of 0.1 s. This configuration
represents a compromise between accuracy and speed; however, the observed recall
gap with respect to more complex models suggests that challenging cases such as
partial occlusions, overlapping passengers, and variable illumination are not con-
sistently handled. YOLOv5m exhibits the best overall performance, achieving the
highest precision (96.1%) and recall (93.7%), at the cost of an increased inference time
of 0.4 s. Despite this higher computational demand, the inference latency remains
fully compatible with real-time passenger counting requirements in public transport
scenarios. The improved recall is particularly relevant, as it indicates a stronger ca-
pability to detect passengers under crowded conditions and complex visual configu-
rations, reducing systematic undercounting errors. Overall, the results demonstrate
that increasing model capacity yields substantial gains in detection robustness and
accuracy, while the corresponding increase in inference time remains acceptable for
onboard deployment. Consequently, YOLOv5m was selected as the final model, as
it provides the most favourable balance between detection accuracy and computa-
tional cost, while maintaining an inference latency fully compatible with real-time
passenger counting requirements in operational public transport environments.
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4.3.2 Train External Monitoring Model

The external monitoring component of the proposed system is designed to analyze
road surface conditions and surrounding traffic elements using vision-based tech-
niques. To address these two complementary objectives, two distinct YOLOv5m
models were trained: a specialized model dedicated to pothole detection and a
multi-class model trained on selected object categories from the COCO dataset for
general road scene understanding. Accurate pothole classification plays a crucial
role in enabling timely identification of critical road segments, supporting predic-
tive maintenance strategies and improving traffic safety and flow. For this purpose,
a YOLOv5m model was trained exclusively for pothole detection using a custom
dataset composed of approximately 13,000 annotated images. The dataset integrates
heterogeneous sources, including 3,800 images from Kaggle, 3,400 from Roboflow,
3,600 from GitHub, and 2,200 images acquired directly from vehicle-mounted cam-
eras during real-world operations. The inclusion of onboard camera data is particu-
larly relevant, as it captures realistic conditions such as varying illumination, motion
blur, perspective distortions, and partial occlusions. Training was initialized using
pre-trained YOLOv5m weights and fine-tuned on the pothole-specific dataset.

FIGURE 4.9: Training results with potholes dataset.
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FIGURE 4.10: Potholes detection example.

As shown in Fig. 4.9, the training process exhibits a stable and progressive reduc-
tion in localization and classification losses, indicating effective convergence. The
resulting model achieves a precision of approximately 0.8 and a recall of 0.7, with
an mAP@0.5 close to 0.8, demonstrating robust detection performance. Although
minor signs of overfitting are observed in the later training stages, these effects can
be mitigated through additional data augmentation or regularization strategies. As
illustrated in Fig. 4.10, the trained model is not limited to identifying potholes but is
also capable of detecting related road surface anomalies, such as temporary patches
and asphalt degradations, providing a more comprehensive assessment of road con-
ditions. However, real-time classification alone is insufficient to reliably estimate
pothole occurrences in dynamic scenarios. When the vehicle is in motion, a detected
pothole may persist across multiple consecutive frames, potentially leading to du-
plicate counts.

In parallel, a second YOLOv5m model was trained to perform general exter-
nal environment monitoring using lateral and front-facing cameras installed on the
bus. This model was fine-tuned on selected object classes from the COCO (Common
Objects in Context) dataset [61], which is widely adopted for large-scale object de-
tection and scene understanding tasks. The COCO dataset comprises 39,475 images
and 357,872 labelled instances across multiple object categories, with a strong em-
phasis on urban and traffic-related scenes. For this work, a subset of COCO classes
relevant to road and traffic analysis was selected, including person, car, bus, truck,
bicycle,train, traffic light, and stop sign. The dataset includes a total of 39.475 im-
ages and 357,872 labelled objects across multiple classes. Below the image and label
counts per class:

• Bicycle: 1,929 images, 7,370 labels

• Car: 6,116 images, 45,451 labels
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• Bus: 1,745 images, 6,344 labels

• Person: 23,449 images, 268,029 labels

• Train: 3,073 images, 4,760 labels

• Truck: 1,084 images, 10,384 labels

• Traffic Light: 949 images, 13,476 labels

• Stop Sign: 1,130 images, 2,058 labels

The dataset is heavily dominated by the person class, followed by vehicle-related
categories, ensuring strong representation of typical urban mobility scenarios. A
75–20–5 split was adopted for training, validation, and testing, respectively. Training

FIGURE 4.11: Train with COCO dataset

curves reported in Fig. 4.11 show a consistent reduction in loss values, confirming ef-
fective learning. The model reaches a stabilized precision of approximately 0.7 and
a recall of 0.58, indicating reliable detection with some residual missed detections
in complex scenes. The achieved mAP@0.5 of 0.62 demonstrates good overall accu-
racy, while the mAP@0.5:0.95 value of 0.44 suggests potential room for improvement
through further fine-tuning or domain-specific data augmentation.
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FIGURE 4.12: COCO detection example.

Figure 4.12 presents examples of inference results obtained from frames captured
in real traffic conditions in the city of Bari, Italy. Each detected object is associated
with its corresponding GPS coordinates, enabling spatio-temporal mapping of ve-
hicles, pedestrians, and traffic infrastructure elements. Together, the two trained
models provide a comprehensive external monitoring solution capable of jointly as-
sessing road surface quality and surrounding traffic dynamics in real time.

4.4 Internal Monitoring Process

4.4.1 2D-to-3D Object Conversion

The YOLOv5 framework provides, for each detected object, a set of 2D bounding
boxes associated with their corresponding semantic categories. However, in the con-
text of passenger monitoring inside public transport vehicles, a simple count of de-
tected bounding boxes is insufficient to guarantee accurate and reliable results. This
limitation becomes particularly evident when multiple cameras with partially over-
lapping fields of view are deployed, as the same passenger may be simultaneously
detected by different cameras, leading to systematic double counting. To address
this issue, it is necessary to introduce an absolute spatial reference system capable of
defining the effective coverage area of each camera and explicitly identifying over-
lapping regions. Within this framework, each detection must be uniquely associated
with a position in a shared three-dimensional coordinate space.
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FIGURE 4.13: 2D to 3D object conversion.

For this reason, a 2D-to-3D conversion mechanism was developed to project
image-based detections into an absolute 3D reference frame, as illustrated in Fig. 4.13.
Building on the formulation proposed in [62], a similar geometric approach was
adopted, although the underlying reasoning was inverted. Instead of estimating ob-
ject dimensions from a known distance, the distance of the detected object from the
camera is inferred from its known physical size. This assumption is particularly suit-
able for passenger monitoring, where approximate anthropometric dimensions can
be reasonably constrained. The relationship between a point in the 3D world and
its projection onto the 2D image plane is described by the standard pinhole camera
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where (u, v, w) represents the homogeneous coordinates of a point in the 2D im-
age plane, obtained through the projection of its 3D world coordinates. The intrin-
sic camera matrix encodes the optical properties of the camera, including the focal
length f , the pixel scaling factors ϱu and ϱv, and the principal point coordinates
(cx, cy). The extrinsic camera matrix describes the rigid transformation between the
world reference frame and the camera reference frame through a rotation matrix
R3⇐3 and a translation vector t3⇐1. Finally, (XW , YW , ZW) denotes the coordinates of
the object in the absolute 3D reference system. Given the 2D image coordinates ex-
tracted from the YOLOv5 bounding box and assuming a known physical dimension
of the detected object, it is possible to invert Eq. (4.1) and recover the corresponding
3D position in the world reference frame. This operation ensures spatial consistency
across multiple cameras and allows all detections to be expressed within a common
coordinate system. The intrinsic camera parameters were estimated using a chequer-
board calibration pattern and multiple image acquisitions processed with OpenCV
in Python, following Zhang’s camera calibration method [43], as previously detailed
in Chapter 2. Once the 3D spatial coordinates of detected passengers are available,
the effective working area of each camera can be uniquely defined. This enables
the explicit delineation of camera coverage regions and prevents double counting in
areas where fields of view overlap.

FIGURE 4.14: Working areas of the AI client cameras.

Figure 4.14 illustrates the working areas associated with the cameras in the con-
sidered setup, where each AI Client is equipped with two cameras: one oriented
toward the front of the vehicle and the other toward the rear. By mapping 2D detec-
tions into the 3D space, each passenger is counted exclusively by the camera whose
working area contains the corresponding 3D position.
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FIGURE 4.15: Example of managing overlaps between cameras.

An illustrative example is shown in Fig. 4.15, obtained from a 1:1 laboratory-scale
emulation of the real bus environment. In this scenario, a subject is simultaneously
detected by three cameras: the rear-facing camera of client 1, the front-facing cam-
era of client 2, and the front-facing camera of client 3. Nevertheless, the subject is
counted only by the rear-facing camera of client 1, as its 3D coordinates fall within
the defined working area of that camera. The lateral column in Fig. 4.15 reports
the subject’s position in absolute (X, Y, Z) coordinates. This 2D-to-3D conversion
strategy ensures robust and consistent passenger counting, even in complex multi-
camera configurations with overlapping fields of view, and represents a fundamen-
tal component of the proposed onboard monitoring system.

4.4.2 Passenger Flow Calculation and Tracking with Deep SORT

To estimate passenger inflow and outflow, position tracking of the detected peo-
ple is essential. In this work, we employ the Deep SORT (Simple Online and Re-
altime Tracking with a Deep Association Metric) algorithm [63, 64] for passenger
flow estimation. Deep SORT extends the SORT algorithm by integrating motion and
appearance-based metrics, improving identity consistency even in crowded or oc-
cluded scenes. First, YOLOv5 detects individuals in a sequence of video frames,
generating bounding boxes around each detected person. Then, Deep SORT models
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each tracked object using an 8-dimensional state vector To maintain tracking stabil-
ity, a Kalman filter is employed to predict object states, estimating position, velocity,
and acceleration. This predictive capability allows the system to maintain smooth
tracking by compensating for noise and handling missed detections effectively. Fi-
nally, the Deep SORT algorithm integrates these components, performing multi-
object tracking by combining motion and appearance information, ensuring accu-
rate and consistent identity assignment throughout the video sequence. Deep SORT
(Simple Online and Realtime Tracking with a Deep Association Metric) extends the
SORT algorithm by integrating both motion-based and appearance-based metrics
to improve tracking robustness. This enhancement ensures that objects detected in
consecutive frames are consistently assigned the same tracking ID, even in occluded
or crowded environments. The algorithm builds upon SORT’s Kalman filter-based
motion modelling but introduces a deep appearance descriptor to enhance identity
preservation. This combination significantly reduces identity switches and ensures
reliable object tracking across frames. Below, we provide a step-by-step breakdown
of how Deep SORT operates, incorporating relevant mathematical formulations [64].
Deep SORT models each tracked object using an 8-dimensional state vector :

x =
[
x y a h ẋ ẏ ȧ ḣ

]T
(4.2)

where

x, y


represent the center coordinates of the bounding box, a denotes the

aspect ratio, and h represents the height of the bounding box. This state allows the
system to predict future positions while maintaining shape consistency. To ensure
continuity in tracking, Deep SORT employs a Kalman filter that predicts the next
state of each object based on a constant velocity motion model:

xk+1 = Fxk + wk (4.3)

where F is the state transition matrix and wk ⇔ N (0, Q) is the process noise modeled
as a Gaussian distribution with covariance Q that was set empirically by trial-and-
error. The matrix F is given by:

F =















1 0 0 0 ∆t 0 0 0
0 1 0 0 0 ∆t 0 0
0 0 1 0 0 0 ∆t 0
0 0 0 1 0 0 0 ∆t
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 1















(4.4)

where ∆t is the time step between consecutive frames. To maintain object identities
across frames, Deep SORT matches new detections with existing tracks using two
complementary metrics:

• Mahalanobis distance to evaluate motion consistency by comparing the Kalman
filter’s predictions with new detections;

• Cosine distance to preserve identity by matching visual features, reducing er-
rors and reconnecting lost tracks after occlusions.

The two association metrics are combined into a cost function:

ci,j = λdM(i, j) + (1 → λ)dC(i, j) (4.5)
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In the cost function, i and j refer to the indices of an existing track and a new
detection, respectively. The terms dM(i, j) and dC(i, j) denote, respectively, the Ma-
halanobis distance and the cosine distance between them. The parameter λ balances
the contribution of these two metrics, thus combining spatial prediction and visual
features. This cost matrix is then optimized using the Hungarian algorithm, which
efficiently finds the best global assignment of detections to tracks.

Finally, to enhance robustness, Deep SORT incorporates a track retention and
deletion mechanism. When an object temporarily disappears, its track is retained to
handle short occlusions. A new detection must be confirmed across three consecu-
tive frames before being assigned a unique ID, reducing false positives. Tracks that
remain unmatched for an extended period are deleted to avoid outdated data. Af-
ter the detection-to-track assignment, new detections are added to active tracks, and
unmatched detections initiate new track hypotheses, while outdated tracks are re-
moved. By applying the Deep SORT tracking approach in this study and setting the
unmatched period to 2 seconds, the tracking process was implemented following
the algorithm outlined in Fig. 4.16.

FIGURE 4.16: Passenger flow calculation using Deep SORT.

The bounding boxes generated by YOLO and tracked by Deep SORT algorithm
are converted from 2D to 3D coordinates. Then, to calculate the inflow and outflow
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through a passageway, thresholds that identify the passage of individuals through
the area are defined. These thresholds allow for distinguishing between inward and
outward movements, as illustrated in Fig. 4.17. Thus, using the position parameters
(X, Y) associated with the passenger, the direction of their movement through the
passageway can be determined. If the passenger crosses the first threshold before the
second one, it is recorded as an exit. Conversely, if the second threshold is crossed
before the first one, it is recorded as an entry.

FIGURE 4.17: Inward and outward thresholds.

4.5 External Monitoring Process

4.5.1 Flow Detection

The external monitoring process adopts a flow-based detection, filtering, and count-
ing strategy inspired by the passenger inflow and outflow estimation methodology
described in the previous sections. Rather than relying on frame-by-frame object
counts, which would inevitably lead to multiple detections of the same physical ob-
ject, the proposed approach explicitly exploits the dynamic nature of the system to
ensure consistent and non-redundant counting. Two distinct flow detection strate-
gies are implemented, depending on the type of monitored object. For road sur-
face anomalies, such as potholes, a threshold-based flow detection mechanism is
employed. As the vehicle moves forward, detected potholes remain visible across
multiple consecutive frames.
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FIGURE 4.18: Pothole dynamic detection example.

To avoid duplicate counts, each pothole is tracked and counted only when it
crosses a predefined virtual threshold in the image plane, as illustrated in 4.18. At
the moment the threshold is crossed, the pothole’s spatial position is recorded and
the object is counted once, ensuring a unique association between physical road
defects and recorded events. For all other external objects detected by the trained
models, including selected COCO classes, a complementary ID-based flow detec-
tion strategy is applied. Given that these objects are observed from a single, fixed
camera perspective, each detected instance is assigned a persistent tracking identi-
fier through the Deep SORT framework. As long as an object remains within the
camera’s field of view, it retains the same tracking ID and is therefore considered
an already counted instance. The counting event is triggered only when the tracked
object disappears from the scene, indicating that it has fully exited the monitored
area. This disappearance-based counting strategy prevents multiple counts of the
same object across consecutive frames, as the presence of a persistent ID explicitly
signals that the object has already been registered. Only when the object leaves the
field of view and its associated track is terminated does the system increment the
corresponding class counter. This logic is applied uniformly across all COCO-based
object categories, ensuring consistent and reliable counting behaviour. Overall, the
proposed flow detection mechanism leverages the intrinsic temporal continuity of
the external monitoring scenario. By exploiting object persistence, motion dynam-
ics, and tracking identities, the system avoids redundant counts and achieves ac-
curate, real-time estimation of external events, even in highly dynamic operating
conditions.
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4.6 Data Collection on Cloud

The data collection architecture adopted in this work is based on a dual-layer struc-
ture, consisting of a local storage system deployed on the AI SERVER installed
onboard the vehicle and a centralized cloud-based infrastructure. This design en-
ables both low-latency local data availability and scalable, aggregated access to in-
formation at fleet level, which is particularly relevant when multiple vehicles are
equipped with internal and external monitoring systems. The cloud infrastructure
is built around a dedicated server running a Node.js-based software stack, respon-
sible for both frontend visualization and backend data ingestion and management.
The backend layer exposes a set of dedicated RESTful APIs that allow AI SERVER
units to transmit collected data securely to the cloud. Each AI SERVER communi-
cates with the cloud through authenticated HTTPS POST requests, using identifi-
cation and security tokens to ensure data integrity and access control. Passenger
counting data are transmitted to the cloud every time a new counting event is gen-
erated. These data are stored in a relational MySQL database, organized into struc-
tured tables designed to support efficient querying and aggregation. For example,
passenger flow information is recorded in a dedicated table (e.g., tablestat), which
includes the number of detected passengers, the associated bus stop identifier, GPS
coordinates recorded at door opening, trip identifier, route identifier, and the times-
tamp corresponding to the data generation event. A separate set of cloud endpoints
is dedicated to road surface monitoring, specifically pothole detection. For each de-
tected pothole, the system stores georeferenced information obtained through the
integration with the GNSS antenna of the onboard Teltonika RUT955 router. In
addition to spatial coordinates, potholes are classified according to their estimated
size into predefined categories (small, medium-small, medium, medium-large, and
large), which are stored as indexed attributes within the database to facilitate sta-
tistical analysis and maintenance prioritization. Furthermore, external environment
monitoring data related to COCO-based object detection are transmitted through
additional dedicated routes. For these detections, the cloud infrastructure stores
both the object class and the corresponding geographic location, including the road
segment or street where the object was detected. This enables spatial analysis of
traffic elements and environmental context across the monitored area. All data in-
gestion, validation, and storage processes are orchestrated by the Node.js backend
server. Node.js was selected due to its event-driven, non-blocking I/O architecture,
which allows efficient handling of a large number of concurrent requests generated
by potentially thousands of distributed AI SERVER clients. This architectural choice
ensures high scalability, robustness, and ease of horizontal expansion, making the
proposed cloud infrastructure suitable for large-scale deployments involving entire
fleets of public transport vehicles.
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Chapter 5

RESULTS

The developed system was deployed on 50 buses operated by AMTAB, the public
transport company of Bari, Italy. These vehicles serve 30 different routes, each con-
sisting of 10 to 40 stops per line. However, over the course of a full working day,
a single bus may perform between 50 and 100 total stops, as it completes multiple
runs along different routes. Tests were conducted with the system running for a total
of 2 consecutive months.

5.1 Passenger Counting Validation

To quantitatively assess the performance of the proposed passenger counting sys-
tem, which integrates real-time occupancy estimation with passenger flow tracking,
an extensive experimental evaluation was conducted on a public transport bus op-
erating along a route composed of 58 stops over an entire working day. This ex-
perimental setup was designed to reflect realistic operational conditions, including
varying passenger densities, boarding and alighting dynamics, and different levels
of visual complexity inside the vehicle.

Ground truth data were obtained through remote validation tests carried out
while the bus was in service. Passengers were manually counted using live video
streams, and the observed occupancy values were systematically associated with
the corresponding stop identifiers. These manually collected counts were then com-
pared against the values estimated by the proposed system, allowing a direct and
objective evaluation of counting accuracy at each segment of the route.

For each route segment i, defined as the interval between two consecutive stops,
the accuracy is computed as:

Accuracyi =

(

1 → |NRi → NCi|

NRi

)

· 100, (5.1)

where NRi denotes the number of passengers manually counted (reference value),
and NCi represents the number of passengers estimated by the system. This metric
captures the relative deviation between the estimated and actual occupancy, provid-
ing a normalized measure of performance for each segment.

To further analyze system behavior, accuracy was evaluated at different temporal
intervals following door closure at each stop. This analysis aims to quantify how
rapidly the estimated occupancy converges toward the true passenger count as the
internal scene stabilizes after boarding and alighting events. Specifically, passenger
counts were sampled at 5 seconds, 15 seconds, and immediately before the next door
opening, corresponding to the final stabilized estimation.
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FIGURE 5.1: Performance of the proposed passenger counting ap-
proach on a test route with 53 stops.

Figure 5.1 illustrates the detected passenger counts at the selected temporal in-
stants, alongside the corresponding ground truth values for each route segment. The
figure also reports the per-segment accuracy computed according to Eq. (5.1). The
results demonstrate that while early estimations at 5 seconds may exhibit small dis-
crepancies due to highly dynamic conditions, subsequent measurements converge
rapidly toward the actual occupancy. This behavior confirms the effectiveness of the
proposed approach in stabilizing the passenger count within a short time window.
To summarize performance over the entire route, an overall accuracy metric was
computed using a weighted average formulation:

Accuracy =
∑

n
i=1

(

1 → |NRi→NCi |
NRi

)

· 100 · NRi

∑ NRi
, (5.2)

where n is the total number of route segments. The weighting factor NRi ensures that
segments with higher passenger occupancy contribute proportionally more to the fi-
nal accuracy, preventing extreme cases from disproportionately affecting the results.
For example, detecting a single passenger when no passengers are present would
otherwise result in a 100% relative error. Using this formulation, the proposed sys-
tem achieves an overall accuracy of 94.04% at 5 seconds, 96.71% at 15 seconds, 98.1%
at 30 seconds, and stabilizes at 98.15%. The initial performance drop observed at 5
seconds can be attributed to highly dynamic conditions inside the vehicle, as pas-
sengers are still boarding, moving, or searching for seats. These conditions increase
occlusions and visual clutter, occasionally leading YOLOv5 to miss or double-count
individuals. As the scene stabilizes, detections become increasingly consistent and
precise, with accuracy stabilizing around 30 seconds, further confirming the robust-
ness of the proposed method under visually stable conditions. It is important to note
that the residual error of approximately 2% is non-cumulative. Miscounts occurring
at a specific stop do not propagate to subsequent segments, as the system contin-
uously re-estimates the absolute occupancy. This behavior contrasts with classical
flow-based methods, in which early counting errors accumulate over time and may
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significantly distort the final passenger count [1, 29]. Figure 5.1 also highlights the
advantage of integrating real-time counting with flow-based estimation. To explic-
itly evaluate this aspect, the proposed system was compared against a flow-only
variant obtained by disabling real-time passenger counting. This comparison was
conducted on a test route composed of 30 stops.
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FIGURE 5.2: Comparison between the proposed method and the
flow-only approach.

As shown in Fig. 5.2, the flow-only approach diverges significantly from both
the proposed method and the ground truth passenger counts. Small errors at indi-
vidual stops accumulate over time, in some cases leading to unrealistic outcomes
such as negative passenger counts. In contrast, the integrated approach effectively
constrains local errors, preventing drift and preserving global accuracy throughout
the route. This improvement is largely attributable to the exploitation of internal
video streams, which enable the system to dynamically refine the passenger count
during each stop. To the best of our knowledge, no prior work in the literature has
leveraged internal visual perception in this manner for continuous passenger count-
ing, making the proposed framework particularly well suited for real-world deploy-
ment. Unlike traditional flow-based systems, which often require periodic resets to
mitigate error accumulation, the proposed method maintains accuracy without the
need for manual correction or end-of-trip recalibration.

5.2 Big Data Analysis and Plotting on Cloud

Having established the validity and robustness of the proposed monitoring and
counting methodologies, the focus now shifts to the analysis and exploitation of the
data collected by the centralized system. The availability of reliable, high-frequency
data streams generated by both internal and external monitoring modules enables
advanced data-driven analysis of public transport operations at both vehicle and
fleet levels. All data produced by the onboard AI SERVER units are transmitted to
a cloud-based infrastructure, whose core components are a Node.js backend and a
relational MySQL database, as described in the previous section. This centralized
architecture provides a unified and scalable repository for heterogeneous data, in-
cluding passenger flow information, vehicle occupancy, road surface anomalies, and
external environmental observations. Within this context, cloud-based data analysis
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and visualization play a key role in transforming raw measurements into actionable
insights. To this end, this thesis presents a set of dedicated dashboards specifically
designed for fleet management, operational monitoring, and large-scale data anal-
ysis. These dashboards enable real-time and historical inspection of collected data,
supporting both descriptive and exploratory analytics across multiple vehicles and
routes. In the remainder of this section, several representative analysis scenarios
are discussed, illustrating how the collected data can be aggregated, queried, and
visualized to extract meaningful patterns related to passenger demand, service effi-
ciency, infrastructure conditions, and environmental context. The presented analy-
ses demonstrate the potential of the proposed cloud-based framework as a compre-
hensive decision-support tool for public transport operators.

5.2.1 Real Time Fleet Analysis

The proposed cloud-based framework enables advanced real-time analysis and su-
pervision of the entire public transport fleet through a dedicated monitoring dash-
board. This module represents the operational interface between the centralized
data collection infrastructure and human operators, providing continuous situa-
tional awareness of vehicle activity, passenger occupancy, and onboard system sta-
tus. An overview of the real-time fleet analysis dashboard is shown in Fig. 5.3.

FIGURE 5.3: Dashboard for real time Fleet Analysis

The dashboard is structured around two complementary visualization compo-
nents. On the left side, a dynamically updated table reports the list of all transport
vehicles currently connected to the cloud platform. For each vehicle, the table dis-
plays a set of key attributes, including the vehicle identifier, current online/offline
status, real-time passenger count estimated by the onboard AI system, timestamp of
the last successful communication with the cloud, and the last recorded geographic
position. This information allows operators to immediately assess fleet availability,
identify inactive or disconnected vehicles, and monitor passenger load distribution
across the fleet. The inclusion of the real-time passenger count directly within the
fleet list provides immediate insight into vehicle occupancy levels without the need
for additional queries or post-processing. This feature is particularly relevant for
operational decision-making, such as detecting overcrowded vehicles, identifying
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underutilized routes, or dynamically adapting service frequency based on demand
patterns. On the right side of the dashboard, a geospatial visualization component
presents the real-time positions of the vehicles on an interactive map. Each bus is
represented by a marker positioned at its current GPS coordinates, enabling intu-
itive spatial interpretation of fleet distribution and movement within the service
area. Figure 5.3 illustrates this functionality for the urban area of Bari, where the
combined visualization of multiple vehicles allows operators to correlate spatial po-
sitioning with operational metrics such as occupancy and connectivity. The inte-
gration of tabular and map-based representations significantly enhances situational
awareness, as it enables rapid cross-referencing between vehicle-specific data and
geographic context. This dual-view approach supports both micro-level analysis of
individual vehicles and macro-level assessment of overall fleet behaviour. By se-
lecting a specific vehicle from the fleet list, the dashboard transitions to a detailed
diagnostic view, as illustrated in Fig. 5.4.

FIGURE 5.4: Dashboard for real time Fleet Diagnostic

This secondary interface provides an in-depth overview of the operational sta-
tus of the onboard monitoring infrastructure associated with the selected vehicle. In
particular, it reports the status of the smart units and cameras installed on board,
including network reachability (ping status), camera availability, and recording ac-
tivity. This diagnostic capability enables rapid identification of hardware or connec-
tivity issues, such as unreachable devices, camera malfunctions, or recording inter-
ruptions. Since all status indicators are updated in real time, operators can promptly
detect anomalies and initiate maintenance or troubleshooting procedures without
physical access to the vehicle. A particularly important feature of the dashboard is
the presence of the “last connection” timestamp for each vehicle. This field allows
operators to immediately identify vehicles that may have stopped circulating, expe-
rienced prolonged connectivity issues, or encountered unexpected shutdowns. In
large-scale deployments involving dozens or hundreds of vehicles, this automated
visibility is essential to ensure service continuity and to minimize operational down-
time. Overall, the real-time fleet analysis dashboard constitutes a powerful and scal-
able tool for remote fleet supervision. By combining real-time passenger occupancy
estimation, continuous vehicle localization, and detailed onboard device diagnos-
tics, the system provides a holistic view of fleet operations. The event-driven and
cloud-native nature of the underlying infrastructure ensures that the dashboard re-
mains responsive even when handling data streams from a large number of vehi-
cles. The clarity, transparency, and immediacy of the presented information support
timely and informed decision-making by transport operators, enhancing operational
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efficiency, service reliability, and passenger experience. As such, the proposed dash-
board represents a key component of the overall intelligent public transport moni-
toring framework.

5.2.2 Analysis by Bus

Beyond fleet-level supervision, the proposed cloud platform enables detailed ana-
lytics at the granularity of a single vehicle. Through a dedicated page equipped
with a dropdown selector, an operator can select a specific bus and query the cen-
tralized database for all records generated within a configurable observation win-
dow (here: 01/12/2025–28/12/2025). This design supports targeted inspection of
vehicle-specific behavior and provides a controlled way to isolate operational phe-
nomena that can be hidden in aggregated fleet statistics.

The per-vehicle analysis module fulfills a dual role. First, it acts as a diagnos-
tic tool for the onboard sensing and communication infrastructure. Since the AI
SERVER periodically transmits passenger counting, localization, and (when avail-
able) contextual information to the cloud, the presence (or absence) of data within
a selected time interval can be used as an implicit health indicator. Extended gaps
in the time series, unusually sparse records, or abrupt discontinuities may be symp-
tomatic of camera outages, local computation failures, or connectivity degradation.
In operational scenarios, this data-driven diagnostic layer is particularly valuable be-
cause it enables early detection of issues without physical access to the vehicle, thus
supporting proactive maintenance scheduling and minimizing downtime. Second,
the same interface provides a quantitative view of operational efficiency and usage
patterns. By selecting medium- to long-range horizons (e.g., weekly or monthly),
the platform makes it possible to observe recurrent demand patterns, load dynam-
ics across service hours, and systematic peak windows.

FIGURE 5.5: People counter time-based visualization.

Figure 5.5 shows the time-domain visualization adopted for this purpose, where
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the information is displayed through two coordinated layers that capture comple-
mentary aspects of passenger activity. The primary layer (blue curve in Fig. 5.5) rep-
resents the estimated onboard occupancy as a function of time, i.e., the occupancy
signal N(t). This signal describes the internal load state of the vehicle and is driven
by the net balance between boarding and alighting events occurring at stops. Sus-
tained high values of N(t) indicate prolonged periods of high utilization, whereas
repeated oscillations or cyclic peaks can be associated with recurrent daily patterns
(e.g., commuting peaks, school-related travel, or demand concentrated in specific
time bands).

The secondary layer (green histogram in Fig. 5.5) represents the passenger ex-
change intensity, defined as the total number of passenger movements within the
considered temporal discretization. Formally, the flow signal can be expressed as:

F(t) = B(t) + A(t), (5.3)

where B(t) denotes boardings and A(t) denotes alightings. Notably, F(t) is distinct
from occupancy because it measures activity (exchange) rather than state (load). In
discrete form, the two signals are linked through the occupancy update equation:

Nk = Nk→1 + Bk → Ak, (5.4)

which highlights that large spikes in F(t) may correspond either to high-turnover
stops (large exchange but limited net change, i.e., Bk ↔ Ak) or to unbalanced events
(dominant boarding or dominant alighting, producing step-like variations in N(t)).
Therefore, the combined visualization provides a practical mechanism to distin-
guish transit-like intervals from high-exchange nodes, supporting operational deci-
sions such as demand-driven scheduling, vehicle allocation, and the identification
of high-impact stops.

To extract robust vehicle-level KPIs from asynchronous event logs, time-weighted
metrics are computed from the ordered timestamp sequence {tk} and associated oc-
cupancies {Nk}. Since the dataset may contain long gaps due to off-service peri-
ods or communication interruptions, integration is performed by excluding inter-
vals larger than a threshold τ (here, τ = 1800 s). Let ∆tk = tk → tk→1. The effective
service time is:

Tserv = ∑
k

∆tk · I (∆tk ↖ τ) , (5.5)

where I(·) is the indicator function. Passenger-hours quantify the cumulative on-
board load over time and are computed via trapezoidal integration:

PH =
1

3600 ∑
k

Nk + Nk→1

2
∆tk · I (∆tk ↖ τ) , (5.6)

leading to the time-weighted mean occupancy:

N̄ =
PH

Tserv/3600
. (5.7)

To summarize passenger activity, the total exchanges are computed as:

Ftot = ∑
k

(Bk + Ak), (5.8)
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TABLE 5.1: Data coverage and load-related KPIs computed for the
selected vehicle over 01/12/2025–28/12/2025.

KPI Value

Days covered 28

Total records (events) 8,500

Effective service time Tserv 458.10 h

Average daily service time Tserv/28 16.36 h/day

Passenger-hours PH 2,872.73 pax·h
Average daily passenger-hours PH/28 102.60 pax·h/day

Time-weighted mean occupancy N̄ 6.27 pax

Peak occupancy max(N) 52 pax

Occupancy 95th percentile 27 pax

Peak-to-mean ratio max(N)/N̄ 8.29

and the corresponding flow intensity (exchange rate) is:

IF =
Ftot

Tserv/3600
. (5.9)

Moreover, to quantify high-load operation, the fraction of service time above an oc-
cupancy threshold θ is defined as:

S↙θ =
∑k ∆tk · I (Nk→1 ↙ θ) · I (∆tk ↖ τ)

Tserv
. (5.10)

Finally, to measure the spatial concentration of demand, a stop-level exchange score
is defined as:

Es = ∑
k↘s

(Bk + Ak), (5.11)

and the concentration of the top-m busiest stops as:

Cm =
∑s↘Topm Es

∑s Es
. (5.12)

Tables 5.1–5.2 report the main KPIs extracted for the selected vehicle over the
considered observation window. The results indicate a moderate average load (N̄ =
6.27 passengers) with short-duration peaks (maximum occupancy of 52 passengers),
consistent with the spiky dynamics visible in Fig. 5.5. The 95th percentile occupancy
(27 passengers) and the high-load share S↙20 = 6.92% indicate that high crowding
occurs only during a limited fraction of the effective service time (approximately 31.7
hours over the analyzed period), while most operations remain below that thresh-
old. In addition, the boarding and alighting totals are nearly balanced, with a net
mismatch of only 3 passengers over the full window, which suggests strong internal
consistency of the aggregated flow logs.

In addition to time-domain analytics, the availability of spatially referenced pas-
senger detections enables fine-grained seat-occupancy analysis inside the vehicle.
Since the passenger counting pipeline associates detections with 3D coordinates in
an absolute reference system (as described in the previous sections), it is possible
to map detected passenger positions onto a seat-layout model and identify clusters
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TABLE 5.2: Flow-related and concentration KPIs computed for the
selected vehicle over 01/12/2025–28/12/2025.

KPI Value

Total boardings ∑ Bk 10,275

Total alightings ∑ Ak 10,272

Net imbalance ∑(Bk → Ak) 3

Imbalance ratio |∑ Bk→∑ Ak |
∑(Bk+Ak)

0.015%

Total exchanges Ftot 20,547

Flow intensity IF 44.85 exchanges/h

High-load share S↙20 6.92%

Top-5 stop concentration C5 33.88%

corresponding to seat locations.

FIGURE 5.6: Seat-map visualization.

Figure 5.6 illustrates a schematic seat-map representation, where each seat j can
be associated with an occupancy state inferred from the proximity of passenger 3D
positions to the corresponding seat anchor pj. A simple binary formulation can be
expressed as:

sj(t) =



1, ∝ p(t) s.t. ⇒p(t)→ pj⇒ ↖ ε,

0, otherwise,
(5.13)

where ε is a spatial tolerance calibrated with respect to the seat geometry and the
expected localization noise. By continuously updating {sj(t)}, the platform can pro-
vide near-real-time estimates of free/occupied seats, enabling micro-level capacity
awareness beyond aggregate passenger counts. This capability is particularly rele-
vant for medium- and long-distance services where seat reservation is not manda-
tory: pre-boarding knowledge of seat availability can reduce onboard search time,
mitigate internal congestion, and potentially decrease dwell times at stops, improv-
ing service regularity. Overall, by combining (i) data-driven diagnostics of onboard
systems, (ii) time-series analysis of occupancy and passenger exchange, and (iii)
seat-level occupancy inference based on spatial clustering, the per-bus analysis mod-
ule transforms cloud-collected data into actionable insights for vehicle-level perfor-
mance assessment, operational optimization, and improved passenger information
services.
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5.2.3 Analysis by Line

In addition to the vehicle-level investigation presented in the previous subsection,
the analysis of transport lines represents a fundamental step for understanding the
global efficiency and load distribution of the public transport service. While per-bus
analysis provides fine-grained insights into individual vehicle behaviour, line-level
analysis enables the identification of structural demand patterns, peak-load condi-
tions, and underutilized service intervals across the network. Analysing passenger
demand at the line level is particularly important when interpreted in relation to
the number of vehicles assigned to each line. Indeed, a line characterized by high
passenger demand but served by an insufficient number of vehicles may experience
systematic overcrowding, while a line with low demand but excessive vehicle allo-
cation may operate inefficiently. Therefore, line-level indicators constitute a critical
decision-support tool for evaluating whether the offered service is appropriately di-
mensioned with respect to actual demand.

To support this type of analysis, a dedicated section of the cloud platform allows
operators to retrieve pre-processed, line-aggregated datasets generated through ad-
hoc database queries. These queries are specifically designed to group raw passen-
ger counting events by line identifier and temporal intervals, producing a structured
dataset suitable for statistical inspection and performance evaluation. From this in-
terface, the resulting dataset can be exported as an Excel file, which represents the
basis for the analyses discussed in this subsection.

For each line ω within the selected observation window, the exported dataset
includes a set of aggregated indicators, such as:

• total passenger exchanges,

• total boardings,

• total alightings,

• average passenger exchange per stop,

• standard deviation of passenger exchange,

• number of distinct runs,

• number of distinct stops.

• Time-binned analysis with a resolution of one hour, reporting for each hourly
interval the number of stop events, the mean onboard occupancy, and the
mean time between consecutive stops.

Formally, let Bω,k and Aω,k denote the number of boardings and alightings recorded
at the k-th stop event associated with line ω. The passenger exchange at that stop is
defined as:

Fω,k = Bω,k + Aω,k. (5.14)

The total passenger exchange for line ω over the observation window is:

Ftot
ω

=
Sω

∑
k=1

Fω,k, (5.15)
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where Sω is the total number of stop events associated with the line. The mean pas-
senger exchange per stop (reported in the Excel file as “media affluenza”) is com-
puted as:

F̄ω =
1

Sω

Sω

∑
k=1

Fω,k. (5.16)

To characterize the variability of demand along the line, the standard deviation
of passenger exchange is calculated as:

σF,ω =




 1

Sω → 1

Sω

∑
k=1

(Fω,k → F̄ω)
2
. (5.17)

High values of σF,ω indicate strong heterogeneity between stops, with localized peaks
of demand, whereas low values suggest a more homogeneous distribution of pas-
senger exchanges along the line. A normalized measure of this variability is given
by the coefficient of variation:

CVF,ω =
σF,ω

F̄ω
, (5.18)

which enables comparison between lines with different average demand levels.
The time-binned indicators included in the dataset allow for the characterization

of temporal dynamics. Let h denote an hourly interval. For each line ω and hour
h, the dataset reports: (i) the number of stop events Sω,h, (ii) the mean onboard oc-
cupancy N̄ω,h, and (iii) the mean inter-stop time ∆tω,h. The mean inter-stop time is
computed as:

∆tω,h =
1

Sω,h → 1

Sω,h

∑
i=2

(ti → ti→1) , (5.19)

where ti denotes the timestamp of the i-th stop event within the considered hourly
interval. This metric provides insight into service regularity and operational inten-
sity, with shorter inter-stop times typically associated with dense urban operation or
high service frequency.

By jointly analysing average passenger exchange F̄ω, variability σF,ω (or CVF,ω),
and hourly occupancy patterns N̄ω,h, it becomes possible to identify lines that are
systematically overloaded during specific time windows, as well as lines that ex-
hibit consistently low demand. Such information is essential for evaluating service
efficiency and for guiding interventions such as vehicle reallocation, timetable ad-
justments, or frequency modulation.

Table 5.3 summarizes the main categories of analysis enabled by the exported
Excel dataset and the corresponding KPIs that can be derived.

Overall, the line-level analysis provides a macroscopic perspective on network
performance that complements vehicle-level monitoring. By transforming raw pas-
senger counting logs into structured, line-aggregated KPIs, the proposed framework
enables data-driven evaluation of service efficiency, identification of congestion-
prone time windows, and informed decision-making for public transport planning
and optimization.

5.2.4 Network Analysis

The proposed passenger counting framework produces a rich stream of stop-synchronized
events in which each record is associated with (i) a stop identifier, (ii) a transport line
identifier, (iii) a timestamp, and (iv) a georeferenced position (GPS). In addition, each
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TABLE 5.3: Summary of line-level analyses enabled by the exported
dataset.

Analysis dimension Key indicators and interpretation

Demand magnitude Total passenger exchange Ftot
ω

, total boardings and
alightings; identifies high- and low-demand lines.

Average load per
stop

Mean exchange F̄ω; measures typical passenger turnover
at each stop.

Demand variability Standard deviation σF,ω and coefficient of variation
CVF,ω; quantifies heterogeneity and presence of localized
peaks.

Temporal demand
patterns

Hourly occupancy N̄ω,h and hourly stop counts Sω,h;
highlights peak-load time windows and off-peak peri-
ods.

Service regularity Mean inter-stop time ∆tω,h; evaluates operational inten-
sity and timetable consistency.

Service efficiency Joint interpretation of demand indicators and number
of vehicles assigned to the line; supports assessment of
over- or under-served lines.

stop event carries operational variables such as the estimated onboard occupancy,
the number of boardings, and the number of alightings. While these variables are
immediately useful for vehicle-level monitoring, their volume and heterogeneity in-
troduce non-trivial analytical challenges at the network scale: each stop contributes
to a spatio-temporal process in which passenger flows, waiting/dwell times, and
occupancy dynamics evolve across both space (stops, corridors, interchange nodes)
and time (service hours, peak/off-peak regimes). For this reason, the analysis is also
framed in terms of a graph representation, enabling both visualization and quanti-
tative characterization of the public transport system through network metrics.

Let G = (V, E) be a directed graph where each node v ↘ V corresponds to a stop and
each directed edge eij ↘ E represents an observed passenger movement from stop i
to stop j (typically consecutive stops along a vehicle run, and aggregated across all
observed runs/lines within the monitoring window). Edges are weighted to encode
transported demand. In particular, for a generic stop sequence index k (with con-
secutive stops sk ′ sk+1), we define the segment passenger volume as the occupancy

immediately after departing from stop sk, denoted by N
dep
k . The cumulative edge

weight is then computed as:

wij = ∑
k: sk=i, sk+1=j

N
dep
k , (5.20)

which yields a demand-weighted connectivity model: larger wij implies that the
segment (i ′ j) carried more passenger-load over the observation period. In the
visualizations, wij is mapped to edge thickness (higher demand ∞ thicker edges),
while edge colour is used to distinguish transport lines (multi-line overlaps are thus
represented as a multi-edge structure). Node size is mapped to a centrality score in
order to highlight structurally critical stops.

The network graphs shown in Fig. 5.7, Fig. 5.9, Fig. 5.10, and Fig. 5.8 were generated
and explored in Gephi [65]. The resulting topology reflects passenger movements
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FIGURE 5.7: Graphical Representation of Network Data with Be-
tweenness Centrality.

collected from 50 public transport vehicles over two months across 30 routes. This
representation provides an interpretable mesoscopic view of the system: hubs and
bottlenecks emerge as nodes with high centrality, whereas dominant passenger cor-
ridors emerge as high-weight edges.
To quantify the structural role of each stop, three complementary metrics were com-
puted.

(1) Betweenness Centrality. Betweenness Centrality measures how frequently a
node lies on shortest paths between other node pairs, thus capturing brokerage and
potential transfer bottlenecks. For a node v ↘ V, the standard definition is:

CB(v) = ∑
s,t↘V
s ⇓=v ⇓=t

s ⇓=t

σst(v)

σst
, (5.21)

where σst is the number of shortest paths from s to t, and σst(v) is the number of
those paths that pass through v [66]. In our visual encodings (Fig. 5.7 and Fig. 5.8),
node size is proportional to CB(v), whereas edge thickness reflects the transported
demand wij from (5.20). The analysis identifies Bari Centrale (A) as the primary hub,
i.e., a stop that mediates a large fraction of shortest connections within the observed
system, and therefore represents a critical transfer point whose perturbation may
propagate widely through the network. Operationally, such evidence supports tar-
geted interventions such as: (i) increasing service frequency on feeder corridors to
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FIGURE 5.8: Graphical representation of the network using data col-
lected from the proposed passenger counting approach: (a) Focus on

the Bari Centrale (A) stop; (b) Focus on the Crollalanza-Eroi stop.

reduce congestion and platform crowding, (ii) introducing express/alternative ser-
vices that bypass the hub to reduce pressure on central links, and (iii) upgrading
interchange facilities to improve transfer efficiency.
Beyond the main hub, the zoomed visualization in Fig. 5.8(b) highlights additional
stops with strong structural relevance, consistent with high brokerage roles within
the central cluster: Crollalanza-Eroi and Crollalanza-Diaz (red box) appear as dense
interchange points at the crossroads of multiple lines; Massari (A), N. Sauro (INPS),
and P&R Pane e Pomodoro (orange boxes) behave as locally central connectors bridg-
ing multiple sub-areas; while Perotti, Forestale Fronte, and INPS fronte (brown boxes)
are located at the cluster margins but maintain multiple inter-zonal links, suggest-
ing a gateway-like role between core and peripheral zones. These nodes represent
candidate points for (a) demand-aware timetable tuning, (b) transfer coordination
policies, and (c) resilience-oriented planning, since disruptions at such brokers may
disproportionately degrade system connectivity.

(2) PageRank. While betweenness captures intermediation, PageRank captures struc-
tural authority by recursively rewarding nodes that are pointed to by other important
nodes. On a directed weighted graph, a common formulation is:

PR(i) =
1 → d

|V|
+ d ∑

j↘N→(i)

PR(j)
wji

∑k↘N+(j) wjk
, (5.22)

where d ↘ (0, 1) is the damping factor, N→(i) is the set of in-neighbors of i, and
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FIGURE 5.9: Graphical Representation of Network Data with Pager-
ank.

N+(j) is the set of out-neighbors of j [67,68]. Figure 5.9 shows the resulting ranking,
again confirming Bari Centrale (A) as the most central stop, while also identifying
other structurally authoritative nodes (e.g., stops such as Melo Petroni and Resistenza
(Park)) that remain highly ranked because they are well-connected to other highly
connected parts of the network. In practical terms, high PageRank stops repre-
sent robust anchors for information provision (real-time alerts), transfer synchro-
nization, and service prioritization, since improvements there propagate benefits
through many influential adjacency relations.
(3) Closeness Centrality. Closeness Centrality estimates how rapidly a node can
reach (or be reached from) all other nodes through shortest paths, capturing global
accessibility. For node v, it is defined as:

CC(v) =
|V|→ 1

∑
u↘V
u ⇓=v

d(v, u)
, (5.23)

where d(v, u) denotes the shortest path distance between v and u [69]. Figure 5.10 in-
dicates that Bari Centrale (A) remains among the most accessible stops, together with
other well-positioned nodes such as Melo Petroni and Peucetia Archita. Conversely,
peripheral stops (e.g., Liuzzi 18 and Roccaspagnola) exhibit low closeness values, sug-
gesting that targeted improvements (feeder services, stop relocation, or headway re-
inforcement) could meaningfully reduce average network distances for underserved
zones.
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FIGURE 5.10: Graphical Representation of Network Data with Close-
ness Centrality.

Overall, the combined interpretation of the three metrics provides a multi-perspective
diagnosis of the network: betweenness identifies transfer-critical bottlenecks and
brokerage stops, PageRank highlights stops that are structurally authoritative due
to their embedding among other central nodes, and closeness highlights stops that
minimize average distances and thus support efficient redistribution of passenger
flows. This complementarity is summarized in Table 5.4.
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TABLE 5.4: Comparison of Betweenness Centrality, PageRank, and
Closeness Centrality.

Metric
Network property

captured

Planning/operational

insight

Betweenness

Intermediation on
shortest paths; brokerage

and bottlenecks [66]

Identifies transfer-critical
hubs and potential
congestion points;

supports express-route
design and interchange

reinforcement

PageRank

Recursive structural
importance via influential

inbound
connectivity [67, 68]

Identifies authoritative
hubs whose

improvements propagate
system-wide; supports

prioritization of
information and service

reliability

Closeness

Global accessibility via
average shortest-path

distance [69]

Identifies stops that
minimize travel distances

and help redistribute
demand; supports

coverage optimization
and peripheral service

upgrades

Importantly, the persistent emergence of Bari Centrale (A) across all metrics substan-
tiates its systemic relevance, whereas the additional stops emphasized in Fig. 5.8 (b)
refine the analysis by revealing secondary hubs and gateways that should be con-
sidered in demand-aware planning and robustness assessments.

5.3 External Monitoring Analysis

Finally, to extract actionable information from the external monitoring pipeline, the
cloud platform aggregates the geo-referenced detections produced onboard into spa-
tial heatmaps overlaid on a geographic basemap. This representation provides an
intuitive, yet quantitatively grounded, way to summarize large streams of hetero-
geneous events (e.g., road anomalies, micromobility presence, and waste-related
observations) and to highlight recurring spatial patterns that are not immediately
visible in raw logs.

Each external detection generated by the AI SERVER is stored in the centralized
database as an event

ei =

ci, pi, ti, si, wi


, (5.24)

where ci is the detected class (e.g., bicycle, garbage, pothole), pi is the GPS position as-
sociated with the detection, ti is the timestamp, si is the detection confidence score,



5.3. External Monitoring Analysis 89

and wi is an optional application-dependent weight (e.g., a severity weight for pot-
holes). Since the vehicle is moving, a naive frame-by-frame counting strategy would
repeatedly observe the same object across consecutive frames, leading to inflated
spatial densities. For this reason, the event generation follows the flow-based count-
ing logic discussed in the previous sections (tracking-based counting for generic
classes and threshold-based flow counting for potholes), so that each stored event
corresponds to a unique object occurrence along the route, enabling meaningful spa-
tial statistics.

To build a heatmap for a target class c, the event set is first filtered as

Ec = {ei : ci = c} . (5.25)

Given the spatial nature of pi (typically in WGS84 coordinates), positions are op-
tionally converted into a local metric reference frame to ensure coherent distance
computations (e.g., for kernel bandwidth tuning). The heat intensity can then be
computed using either (i) a grid-based aggregation or (ii) a continuous kernel den-
sity estimation (KDE) approach. In the KDE formulation, the class-specific spatial
intensity at location x is expressed as

Hc(x) =
1

Zc
∑

ei↘Ec

wi exp

(

→⇒x → pi⇒2

2σ2

)

, (5.26)

where σ is the spatial bandwidth controlling the degree of smoothing and Zc is a
normalization factor (e.g., Zc = ∑ wi) used to obtain comparable magnitudes across
different classes or observation windows. In the grid-based alternative, the city map
is discretized into cells g with area Ag, and the intensity is computed as

Hc(g) =
1

Ag
∑

ei↘Ec

I(pi ↘ g) , (5.27)

optionally normalized by the monitoring time (or travelled distance) to obtain den-
sities that are comparable across different trips.

A key advantage of the heatmap abstraction is that it naturally extends to a spa-
tiotemporal analysis by introducing time windows ∆tk (e.g., hourly bins or peak/off-
peak intervals). In this case, the intensity becomes

Hc(x, ∆tk) =
1

Zc,k
∑

ei↘Ec

wi I(ti ↘ ∆tk) exp

(

→⇒x → pi⇒2

2σ2

)

, (5.28)

which enables the identification of time-dependent phenomena such as (i) changes
in bicycle density during commuting hours, (ii) recurrent garbage accumulation pat-
terns, or (iii) road anomaly peaks potentially correlated with traffic loads or environ-
mental conditions. Moreover, temporal differencing can be used to detect emerging
hotspots:

∆Hc(x) = Hc(x, ∆tk)→ Hc(x, ∆tk→1), (5.29)

supporting maintenance prioritization and trend monitoring.
Figure 5.11 reports an example generated from the activity of a single vehicle

during one day of operation. The three maps show the spatial density of selected
classes, namely Bicycles, Garbage, and Potholes. From an operational perspective, bi-
cycle hotspots can indicate corridors characterized by frequent micromobility inter-
actions (useful for safety assessments and for planning shared-space interventions),
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(b)

(a)

(c)

FIGURE 5.11: Spatial heatmaps generated using the external moni-
toring data: (a) Bicycles, (b) Garbage, (c) Potholes.

while garbage hotspots provide a proxy for localized urban cleanliness issues that
may require targeted cleaning operations. Pothole hotspots directly identify road
segments with higher anomaly incidence and can be used to schedule infrastructure
inspections and maintenance actions. Importantly, when this analysis is extended
from a single vehicle/day to an entire fleet over multiple days, the heatmap be-
comes a scalable tool for producing near-real-time, city-scale situational awareness
and for supporting data-driven decisions in both route optimization and infrastruc-
ture maintenance.
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Chapter 6

CONCLUSION AND FUTURE
PERSPECTIVE

This thesis builds upon and significantly extends a line of research previously in-
troduced by the author in peer-reviewed scientific publications [70, 71], where core
components of the proposed monitoring framework were initially investigated and
validated. In particular, preliminary results on integrated passenger flow analy-
sis and street-level monitoring using deep learning and IoT technologies were pre-
sented both in an IEEE Open Access journal and at an international scientific con-
ference. Notably, part of this research was presented at the 2025 13th International
Conference on Traffic and Logistic Engineering (ICTLE), held in Macao, China. This
conference experience represented a highly formative milestone in the doctoral re-
search path, providing valuable opportunities for scientific exchange, critical dis-
cussion with the international research community, and feedback that significantly
influenced the methodological refinement and system-level consolidation achieved
in this thesis.

The thesis presented an end-to-end, vision-based monitoring framework for pub-
lic transport vehicles, designed to operate onboard and to scale at fleet level through
a centralized cloud platform. The proposed system integrates (i) internal monitor-
ing for passenger counting, seat-occupancy inference, and passenger flow estima-
tion, and (ii) external monitoring for road-surface anomaly detection and urban-scene
understanding. The overall objective was to demonstrate that reliable and action-
able mobility intelligence can be generated directly from onboard video streams,
while keeping latency low and limiting the dependency on continuous connectiv-
ity. A key methodological contribution is the adoption of a dual-layer perception
pipeline where object detection is performed by YOLOv5 models and the temporal
consistency required for flow estimation is ensured by multi-object tracking. For
the internal monitoring task, a dedicated passenger dataset (more than 160,000 la-
beled images) was used to train and compare multiple YOLOv5 variants. The re-
sults highlight the expected accuracy–latency trade-off: YOLOv5n achieved 92.5%
precision and 89.3% recall with 0.05 s inference time per frame, YOLOv5s reached
94.8% precision and 91.6% recall with 0.1 s per frame, while YOLOv5m provided the
best detection performance (96.1% precision and 93.7% recall) with 0.4 s per frame,
remaining compatible with onboard real-time requirements on GPU-equipped de-
vices. These outcomes motivated the selection of YOLOv5m as the final model for
passenger detection due to its favorable balance between robustness in crowded
scenes and computational cost. To estimate inflow and outflow at vehicle doors,
the thesis implemented Deep SORT, which extends SORT by combining motion
prediction (Kalman filtering) with an appearance descriptor and global association
(Hungarian assignment). In practice, this allowed the system to preserve passen-
ger identities across frames even under occlusions and high density, enabling robust
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flow counting at passageways. The Deep SORT module was configured to retain
unmatched tracks for up to 2 seconds to handle short occlusions, while requiring
multi-frame confirmation to reduce false positives. The tracking-based flow estima-
tion was then integrated with real-time absolute occupancy estimation to avoid the
classical drift of pure flow-only approaches. The passenger counting performance
was validated in operational conditions by monitoring a bus run over a full work-
day and comparing the estimated onboard occupancy with manual counts collected
remotely from live video streams. Accuracy was computed per segment (between
consecutive stops) and aggregated via a weighted average to avoid distortion in
low-occupancy segments. The results show that the proposed approach converges
quickly after door closure: the overall accuracy is 94.04% at 5 seconds, 96.71% at 15
seconds, 98.1% at 30 seconds, and stabilizes at 98.15%. Importantly, the residual er-
ror (approximately 2%) is non-cumulative, because the system repeatedly re-estimates
absolute occupancy instead of propagating flow-only counts over time. This con-
trasts with classical flow-based methods, where small errors can accumulate and
produce unrealistic outcomes (including negative counts). In parallel with inter-
nal monitoring, the external monitoring component addressed two complementary
tasks: (i) pothole detection and (ii) multi-class road scene monitoring. A specialized
YOLOv5m pothole model was trained on a custom dataset of approximately 13,000
annotated images collected from heterogeneous sources (including real onboard ac-
quisitions). The trained pothole detector achieved precision ↔ 0.8, recall ↔ 0.7, and
mAP@0.5 ↔ 0.8, showing robust performance under realistic conditions. However,
because the same pothole can persist across many consecutive frames while the ve-
hicle is moving, the thesis adopted a dynamic flow-based counting mechanism: pot-
holes are counted once when they cross a predefined virtual threshold in the image
plane, thus preventing duplicate event generation.

For general urban monitoring, a second YOLOv5m model was fine-tuned on a
subset of COCO classes relevant to mobility contexts (e.g., person, bicycle, car, bus,
truck, traffic light, stop sign). The resulting model achieved precision ↔ 0.7, recall
↔ 0.58, mAP@0.5 = 0.62, and mAP@0.5:0.95 = 0.44, confirming that the platform
can perform reliable street-level perception and produce structured observations for
downstream analytics. From a systems perspective, the developed solution was de-
ployed at scale: the framework was operated on 50 buses serving 30 routes in the
city of Bari, Italy, and tested continuously over two consecutive months. This real-
world deployment demonstrates both the feasibility of onboard inference in a fleet
context and the relevance of a cloud-backed architecture for aggregation and ana-
lytics. To operationalize the collected information, the thesis designed a cloud plat-
form based on Node.js and a MySQL relational database, exposing authenticated
APIs for data ingestion from the onboard AI SERVER units. Node.js was selected for
its event-driven, non-blocking I/O model, which supports high concurrency and
scalability when dealing with many vehicles simultaneously transmitting teleme-
try and events. The cloud platform supports real-time fleet supervision and multi-
scale analysis: fleet dashboards provide immediate visibility of vehicle connectivity,
GPS position, and passenger counts, while dedicated pages enable per-vehicle and
per-line analytics through time-window querying and automated aggregation. Be-
yond descriptive statistics, network analysis techniques (e.g., Betweenness Central-
ity, PageRank, and Closeness Centrality) were applied to passenger-flow graphs to
identify critical hubs and structurally important stops, providing decision support
for service tuning and infrastructure planning. Finally, geospatial heatmaps were
used to visualize the density of external monitoring events (e.g., bicycles, garbage,
potholes) overlaid on maps, enabling intuitive interpretation of spatial patterns and
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allowing the integration of temporal variation to support route optimization and
predictive maintenance.

Overall, the thesis demonstrates that combining onboard deep learning, multi-
object tracking, and scalable cloud aggregation can deliver a comprehensive moni-
toring stack for public transport systems. The numerical results validate the internal
passenger counting pipeline (stabilizing at 98.15% overall accuracy) and confirm the
feasibility of external monitoring through dedicated detectors and event-counting
logic. The proposed approach is therefore suitable for real-world deployment sce-
narios where low latency, robustness, and fleet-level observability are essential.

6.1 Future Perspective

While the proposed framework demonstrates strong performance and operational
feasibility, several challenges and research opportunities remain.

(1) Domain adaptation and generalization. A fundamental limitation of vision-
based monitoring is the sensitivity to domain shifts (vehicle layouts, camera mod-
els, mounting angles, lighting, seasonal changes, and city-specific road textures).
Future work should incorporate systematic domain adaptation strategies, including
stronger synthetic augmentation, targeted fine-tuning with city-specific data, and
potentially self-training pipelines that exploit confident predictions to expand the
labeled dataset. For external monitoring, adapting the pothole model to different as-
phalt materials and weather regimes is particularly relevant, as these factors directly
affect appearance and contrast.

(2) Edge optimization and energy-aware inference. Although YOLOv5m re-
mained compatible with real-time onboard operation, large-scale deployments ben-
efit from further optimization. Future developments may include TensorRT-based
compilation, mixed-precision quantization, structured pruning, and model distilla-
tion to reduce latency and energy consumption. This is especially important when
scaling from GPU-equipped units to heterogeneous edge hardware, or when multi-
ple video streams must be processed concurrently.

(3) Robust multi-camera fusion and identity consistency. The current system
already mitigates double counting through 2D-to-3D mapping and camera working
areas, yet complex interiors and multi-door configurations can still introduce am-
biguities. Future work could investigate stronger multi-camera fusion, including
cross-camera re-identification, spatiotemporal graph association, and uncertainty-
aware fusion. Similarly, passenger flow estimation could be improved by incor-
porating door state signals and inertial cues to better align the timing of board-
ing/alighting events.

(4) Advanced analytics and predictive models. The cloud platform currently en-
ables descriptive analytics, KPIs, network centrality analysis, and geospatial heatmaps.
A natural next step is to integrate predictive modules: short-term demand forecast-
ing (occupancy and flow), anomaly detection (sudden changes in demand or sensor
malfunction), and predictive maintenance models (probability of pothole occurrence
growth, recurring garbage hotspots). Combining external monitoring with contex-
tual sources (weather, events, road works) would allow richer causal interpretation
of observed patterns.

(5) Human-centred services and passenger information. Seat-level occupancy
inference suggests direct passenger-facing applications, such as guidance toward
free seating areas, accessibility support, and boarding optimization. Future work
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could evaluate these services in user studies, quantifying their effect on dwell time
reduction, perceived comfort, and crowd distribution. Integration with mobile ap-
plications and stop displays should be studied with attention to usability, reliability,
and fairness across passenger groups.

(6) From pilot to city-scale operation. Finally, scaling from a large pilot (50 buses,
30 routes) to city-scale adoption requires robust operations: remote health monitor-
ing, OTA updates, automatic fallback mechanisms, and standardized interfaces to
public transport IT ecosystems. Future engineering work should focus on lifecycle
management, automated testing, and continuous monitoring pipelines to guarantee
reliability under long-term deployment.

In conclusion, this thesis provides a validated foundation for onboard, vision-
based monitoring of public transport vehicles, demonstrating high accuracy for pas-
senger counting and effective external event detection, alongside a scalable cloud
platform for fleet analytics. The future perspective is thus oriented toward stronger
generalization, more efficient edge inference, richer predictive analytics, and trust-
worthy deployment practices to support the next generation of data-driven urban
mobility management.
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