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Abstract: Studying and understanding the behavior of people and vehicles on public roads can be
of utmost importance for supporting the activities of many institutional stakeholders. It may allow
automated supervision of the ongoing situation in a given place, with warnings or alarms raised
in case of anomalies. It may be used to plan their interventions on road and town organization. It
may provide them with advanced support to decision-making. The number of involved entities and
places to manage makes it infeasible to manually handle all the traffic-related tasks. Moreover, the
complexity of the tasks to be carried out requires the adoption of advanced approaches. Many Al
solutions are nowadays mature to support these requirements. In some cases, the motivations and
objectives of traffic management require the Al outcomes to be understandable, interpretable and
explainable. In this paper, we propose TrAnSIT (TRaffic ANalysis Supervision and Interpretation
Tool), an Al-based framework that combines several modules, each aimed at tackling a specific
traffic-related task, so as to cover a wide landscape of traffic-related issues, from overall urban or
suburban traffic management to surveying specific road segments that fall under the scope of one
camera. Most of these modules are based on Al techniques that support a human-level understanding
of the outcomes.

Keywords: road traffic understanding; artificial intelligence; clustering; process mining; automated
reasoning; computer vision

1. Introduction

Traffic monitoring and understanding is becoming extremely relevant for everyday life in modern
societies. Despite technological and methodological efforts in the field, road crashes represent the 8th
leading cause of death worldwide [1]. Traffic management is an urgent and essential task to assist
in dealing with massive traffic crowds [2]. While the traffic load has increased considerably, traffic
infrastructures have not kept pace with this evolution. Economic calculations show that effectively
managing traffic on existing roads is more profitable than building new ones [3]. Many organizations
and agencies are putting effort into this task for solving different kinds of problems. E.g., the Italian
Police showed much interest [4] in understanding and preventing criminal activities (related to
security) as well as traffic congestion and accidents (related to society) that happen on the roads. It
was considered also in connection with the increasing attention towards social and community issues,
as well as towards pollution and the green economy [5]. Both academia and industrial companies are
putting much effort into the tasks of prediction, analysis, and understanding of traffic data, possibly to
make new sustainable ideas and initiatives emerge. This vision represents a long-term ambition but
many circumstances require immediate solutions.

Hence, the need for automatic tools to grasp traffic peculiarities. Depending on the specific
analysis, traffic can be inspected at different level of granularity: local roads, highways, specific
cities or even entire countries. In all cases, traffic understanding requires cutting-edge algorithms
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to deal with large, complex and heterogeneous data. The relevant tasks involve the main Big Data
dimensions [6] where Data Mining KDD processes can be seen as an important aspect [7]:

* Volume: the amount of traffic data is enormous due to the number of vehicles crossing roads all
day, which is the main reason the community is interested in solving this problem.

* Variety: available data range from videos to database records or textual logs, often depending
on the specific task; also the available technologies (e.g., sensors and cameras) do not provide the
same structure.

* Velocity: it goes without saying that traffic flow data is collected at a rapid pace.

Furthermore, in relation to our domain we can identify the following characteristics:

* Vinculation: Streams of traffic data are strongly interrelated: any traffic lights, pedestrians, or
accidents that come into play affect the whole scenario.

¢ Validity: it is assured by the technologies used. More specifically, cameras provide instantaneous
feedback on what happens; for sensors, specific tests assure the good quality of the detected
facts.

The main objective of this work is to define a complete and comprehensible framework for
road traffic analysis. It would provide advanced support for the activities of relevant stakeholders
(typically, institutional stakeholders involved in traffic planning, management, safety and security).
E.g., early detection, or even prediction, of road traffic anomalies or road-related crimes may allow the
enactment of proactive measures to prevent them or at least mitigate their effects. Building models of
normal or abnormal traffic behaviour (s) may allow the development of strategies and plans in road
development or organization, that ensure smoother fruition by its end-users and optimize the tasks
of other stakeholders (e.g., the opportunities and revenues of commercial activities, the reduction of
pollution and of traffic jams, etc.).

Road traffic can take place in very different environments, each characterized by peculiar features,
posing its own issues and requiring tailored solutions. E.g., suburban traffic, such as highway one, is
characterized by a ‘linear” sequence of places that can be traversed, with few possible variations. On
the other hand, urban traffic leaves road users much more freedom in building their paths along a
network of interconnected places. As a consequence, it can be easier to define the relevant places to
be used as checkpoints in a suburban road, but it may be much more complex within a town. These
checkpoints may be relevant just for detecting the specific vehicles or pedestrians that pass through
them, or a deeper understanding of what happens in a limited section of the roads might be required.

This paper proposes TrAnSIT (TRaffic ANalysis Supervision and Interpretation Tool), an
integrated Al-based framework for traffic analysis and understanding. It encompasses the following
approaches, involving suburban or urban traffic environments.

¢ At the urban or suburban level, several cameras spread along the main roads are already present,
which can detect the passage of vehicles from pre-defined points of interest, also recognizing
the specific vehicle identity based on their plate numbers. Additional data can be obtained from
location sensors (e.g., based on GPS) carried by vehicles (especially public transportation ones)
and pedestrians, that continuously track their position. The vehicle passage events generated
by this network of sensors can be used to automatically create models of traffic behaviour, to
be used for supervision and/or prediction. These models may concern normal behaviour or
abnormal behaviours of interest. In the former case, the aim might be checking that everything is
compliant with the normal model, and raising alarms in case of deviations. In the latter case, the
aim might be recognizing anomalies and notifying the target users (e.g., a vehicle on highways
carrying out burglary or other kinds of illegal activities).

* As said, inside towns, the network of streets allows for an extremely large number of path

variations. So, a relevant issue here may be identifying automatically the most relevant locations
in the town to be supervised, where a more fine-grained analysis of traffic behaviour can be
carried out.
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¢ Given an (urban or suburban) place of interest, cameras can be placed not only to detect
vehicle passage but also to monitor the behaviour of people and vehicles. Here, both the
above-mentioned tasks can be needed:

— The most relevant zones (places of interest) in the camera framing can be manually defined
or automatically detected, in order to specifically check the vehicles or pedestrians traversing

them.
— Once more, models of normal or abnormal behaviour(s) in traversing these zones can be

learned and used for supervision or prediction purposes.

Additionally, the same data coming from the camera can also be fed into an automated reasoning
system that reasons on the detected events as long as they take place, interprets them according
to the perspectives of interest to the system’s users, and raises warnings or notifications
for noteworthy situations, also being able to explain why the situation was recognized and
suggesting possible actions to handle them.

These approaches can be combined, in order to have a more comprehensive understanding and
management of traffic. In such a way;, it can ideally provide seamless, continuous and integrated traffic
monitoring along both sub-urban and urban roads.

To be useful and trustworthy, such an integrated system should be transparent, so as to allow
its users to ‘look into” the Al machinery and behaviour, check and validate its outcomes, and
make consequently thoughtful decisions. We distinguish 3 levels of transparency for Al systems:
understandability, interpretability, and explainability, based on the following definitions.

understandability the outcomes of the Al system are expressed in human-level terms;

interpretability the output of the Al system can be easily traced back to the input;

explainability the full rationale connecting the output of the Al system to the input can be explicitly
reported.

Given the complexity of the tasks, interactive and visual tools can also be helpful for supporting the
decision makers process.

Our framework aims at ensuring all the above levels and features wherever possible, so as to act
as a road traffic expert and an advisor for its users and stakeholders. Its main advantages are that it
covers all kinds of traffic settings, providing human-like insights at different levels of granularity, and
mixing sub-symbolic and symbolic Al algorithms.

The rest of this paper is organized as follows. In the next section, we recall and summarize related
works. Then, in Section 3 we discuss in some detail the Al techniques we selected to support our
framework and how they were used in the framework, while Section 4 describes the application of our
framework to a sample scenario, before concluding the paper in Section 5.

2. Related Works

In the urban traffic setting, anomalies may vary according to the specific scenario: an anomaly
may refer to a specific vehicle or a specific dangerous situation (e.g., accidents, fires, congestion).

A common need for traffic management is the prevention, or at least forecasting, of accidents.
Many factors come into play when dealing with traffic accidents like age [8] or environmental factors [9];
however, most works do not take these factors into account. The possibility of taking action against
road accidents can make a sort of big impact on security, and healthy but also from an economic point
of view. It is estimated that in 2014 Australia spent $27 billion for traffic analysis [10].

Many solutions provide non-explainable approaches like Sofuoglu et al. [11] that developed
a tensor-based detector for anomaly detection, while Kong et al. [12] proposed LSTM [13] with
autoencoders, suitable also for suburban scenarios. Both works were focused on urban scenarios with
spatiotemporal data. On the other hand, Di Mauro et al. [14] used LSTM networks in highway traffic
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analysis to detect anomalies in vehicle trajectories. In this work, data was provided as logs by the
Italian Police.

Traffic understanding resides in the Big Data domain; hence, the format of data available varies.
As an example, in many scenarios, the detection of congested areas or accidents in a city requires the
use of GPS. D’Andrea et al. [15] proposed a segment traffic classification to distinguish dangerous
(or suspect) areas. More recently, solutions based on satellite video are gaining momentum. Ahmadi
et al. [16] proposed strategies to recognise a vehicle through Computer Vision (CV) techniques and
compute metrics like average speed and trajectories by comparing subsequent frames.

Following this trend, many applications in the field of traffic understanding have a visual
approach, using a camera and recording and/or shooting traffic roads. In some applications, the
visual approach is fundamental because of the calibration of instruments based on vehicle and lane
dimensions like in [17]. Traffic understanding may concern the forecasting of traffic in specific areas in
some periods. For this reason, they are mainly modelled with time series approaches [18,19]. In some
approaches [20,21] another type of traffic information is analysed, that is the mobile traffic. There is a
strict connection between the two as shown in [22,23].

Most modern Al approaches are pushing towards introducing explainable models in
non-explainable contexts [24-26] but it is still an open issue and far from being solved. Introducing
explanations is essential when decisions have a strong social impact. The decision about the kind of
approach enormously affects the instruments to be employed, performance, kinds of explanations,
and costs. Current data analytics approaches revolve around the idea of using data to characterize
and predict traffic risk in order to prescribe better (safer) routes, driver assignments, rest breaks,
etc. With the advances in information technology, it is possible to collect ever-increasing amounts of
relevant data, such as comprehensive incident databases, real-time driving data feeds, or relevant
factor characteristics [27].

Among the non-explainable solutions, traffic understanding in videos plays a key role. The
technological support is given by cameras. Computer Vision algorithms allow us to detect relevant
road elements and visualize the objects in the scene. Visual multiple object tracking (VMOT) aims
at locating multiple targets of interest, inferring their trajectories and maintaining their identities in
a video sequence [28]. Nowadays, many recorded videos or images are available thanks to visual
surveillance and displays on autonomous vehicles. Santhosh et al. [29] provided a survey about
anomaly detection techniques capturing photos from video surveillance systems. One of the main
points of the detection is represented by the tracking system.

Further applications regard motion planning in autonomous vehicles. Motion planning for
autonomous vehicles in road traffic is essential for occupant safety and comfort. Karle et al. [30] group
the motion prediction approaches into three categories:

* physics-based prediction: studying kinematics models to estimate the quality of the possible
state transitions.

¢ pattern-based prediction: a cluster of trajectory data to determine trajectories or manoeuvres.

¢ planning-based prediction: learning optimal behavior by cost function estimation (Inverse
Reinforcement Learning).

Apart from recordings, one may find himself surprised by the variety of simulated data which
can be considered extremely helpful. This scenario includes computer games, urban visualisation, and
urban planning simulation in autonomous driving settings.

Generally, most of these works lack the capability of explaining the obtained results, affecting how
the end user can trust and rely on automatic object detection systems. In the context of autonomous
vehicles, Umbrello et al. [31] try to mitigate the issue thanks to the Value Sensitive Design (VSD) [32]
in combination with the Belief-Desire-Intention (BDI) [33] model. The combination leads to making
the vehicle behave following some design principles which, in turn, follow our ethical schemes and
values on the road. Other approaches rely on very cutting-edge technologies like transformer-based
architecture [34]. Dong et al. [35] combined visual and textual information to build a network capable
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of giving predefined explanations when making decisions. Finally, it should be assessed when
explanations are really desired or needed. Shen et al. [36] investigate this need in order to better
understand users’ expectations and increase their reliability in non-explainable complex systems.

Given this need, many works rely on symbolic solutions to provide human-like explanations
of the involved process. An interesting solution, albeit to network traffic, combined a visual and
a Knowledge Representation and Reasoning (KRR) [37] approach, continuously updating the KRR
module with patterns extracted by visual features [38].

The KRR setting often requires a technological change in the process of data acquisition. Symbolic
data is structured and, as such, is not prone to be extracted by images or videos. Conversely, sensors
are able to produce, manipulate, and transfer information in a structured way, similar to what KRR
frameworks privilege. As part of a bigger project (the TRYS system [39]), Cuena et al. [40] developed a
framework for traffic management based on classical logic and the Prolog programming language,
where data is gathered by sensors and rules are supported by common knowledge. It is a knowledge
representation environment supporting models to perform traffic management. The aim is to improve
traffic or reduce the severity of existing problems. For instance, they can recommend increasing the
duration of a traffic light phase (e.g., green), or suggest displaying certain messages on some Variable
Message Panels to divert traffic.

Hiilsen et al. [41] designed an ontology-based solution for managing traffic situations by means of
a query in a knowledge base. Since many situations are frequent, we are likely able to categorise them.
Choi et al. [42] developed a spatiotemporal ontology selecting verbs describing recorded movements
in videos.

In the context of visual surveillance, the description of object behaviour needs real-time analysis.
Toal et al. [43] proposed a solution to be applied when most objects and behaviours are known. The
authors merged a visual-based perspective with a KRR one thanks to the given knowledge about
specific patterns of the expected trajectories.

As previously mentioned, some research trends prefer KRR solutions thanks to their explanations.
Logi et al. [44] introduced an assessment of the KB system for real-time scenarios. The solution aims
to discover traffic management solutions, as well as justify them in a certain way and be trustworthy.
KRR solutions are extremely relevant in the context of multi-agent systems. Modelling route choices
is a primary task in urban modelling. Manley et al. [45] developed a spatial data-based approach to
simulate traffic schemes.

One of the first approaches to traffic monitoring in urban scenarios applying rule-based reasoning
on visual data was proposed in [46], based on two separate modules, an image processing one for
extracting visual data, and a high-level one for knowledge-based tracking of vehicles. The advantages
of combining the two perspectives are:

¢ symbolic rules, differently from visual operators, better describe the semantics of traffic scenes
(a vehicle being a physical entity that must exist from its entrance in the scene until its exit; it
cannot overlap with other vehicles, split or change shape or size, and so on);

¢ symbolic rules have a clear and simple syntax and are a natural interface with human experts,
helping with decision-making processes;

¢ the reasoning module is independent of the specific facts and rules added; hence, the base can be
incremented by simply adding new rules;

¢ the high-level module is able to correct errors of the low-level modules by exploiting temporal
and scene consistency along the image sequence.

We strongly believe in the effectiveness of this solution, and propose a similar solution, but based on a
more comprehensive reasoning engine.

In spite of their relevance and novelty, none of these works aimed at creating a framework that
covers the whole landscape of traffic issues, from suburban to urban settings, from location-based to
video-based processing.
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3. Al-based Framework Description

This section describes the Al techniques and approaches we included in our traffic analysis
framework, in order to support the various tasks involved.

3.1. Computer Vision for Information Extraction from Traffic Videos

Given videos obtained through cameras placed along urban and suburban roads, we exploit
CV [47] to process the video streams and obtain relevant information. Through a multiclass
classification task, we extract relevant objects from the videos, leveraging object detection—a widely
used application in CV that has already been applied to problems such as security [48,49] and car
tracking [50].

3.1.1. Vehicle Detection & Tracking

For object detection, we employ one of the most popular neural network-based models, namely
You Only Look Once (YOLO). YOLO stands out for its compact size, fast computation, and direct
output of bounding box positions and object categories through the neural network. Unlike other
approaches, YOLO considers the entire image for detection, encoding global information and reducing
the background detection errors [51]. It was successfully used in traffic-related applications [52,53]
Additionally, we incorporate object tracking algorithms, specifically ByteTrack [54] and BoT-SORT [55],
to track objects within the videos. Object tracking is valuable as it associates a unique ID with each
detected object, enabling its continuous monitoring and analysis throughout the video sequence.

Our framework includes an application dedicated to vehicle detection [56] in videos and
processing the data to be sent to reasoning and process mining algorithms. This application features
an intuitive interface that allows users interested in traffic analysis and study to easily and quickly
utilize it.

Specifically, the functions comprising this application are as follows:

® Load Model: This function handles loading an object detection model. In our example, we used
the YOLOvV8 model based on the YOLO algorithm. This model was trained on the COCO128
dataset to identify objects in videos.

® Display Tracker Options: This function enables users to select options for object-tracking
visualization. Users can choose whether to display tracking and select the tracking algorithm to
use.

e Log Detection: This function records object detection information in a log. It takes input such as
the bounding box coordinates of the object, object ID, object type, detection confidence, and a
dedicated object for log writing.

* Display Detected Frames: This function displays video frames with the detected objects (see
Figure 3). It accepts input such as the detection confidence level, object detection model, frame to
display, object for log writing, frame image, and other options for object tracking. The following
operations are performed within this function:

— Drawing Rol: made to allow users to directly highlight points of interest on the frame (if
they want). It visualizes object tracking if specified by the user, otherwise predicting objects
using the YOLOv8 model. Displaying detection results on the frame. Recording detections

in the log using the "Log Detection" function.
— Play Stored Video: This function manages video playback and analysis of detected objects. It

takes inputs such as the detection confidence level, object detection model, start and stop
buttons, and the video to be analysed.

Finally, a log of detections is displayed in a tabular format. This log provides detailed information
about the detected objects in the video, including the bounding box coordinates, object ID, vehicle
type, detection timestamp, and associated confidence level. To evaluate the frequency of recognition
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point collection, we adopted an experimental approach using a dataset of videos representative of our
use cases. The videos were played back at a rate of 30 frames per second (FPS), in line with common
industry standards. For the processing of each frame, we employed an object recognition algorithm
that takes approximately 0.1 seconds. These data will be used to identify the Regions of Interests (Rol)
as explained in the next subsection.

3.1.2. Trajectory analysis and event detection

Once the Rol is identified, the trajectories of vehicles within that region can be analyzed to
detect events or significant changes. We monitored changes in vehicle speed, which can help identify
potential hazards such as sudden braking or rapid acceleration, and vehicle directions, which can
reveal abnormal behaviors such as U-turns or sudden lane changes. These analyses can serve various
purposes, including road safety, traffic control, urban planning, or infrastructure management. The
analyze vehicle trajectories function performs trajectory analysis on each vehicle by using the logs
generated by the computer vision step. It calculates the relative velocity for each log entry by computing
the Euclidean distance between the coordinates at times t and t — 1 and dividing it by the corresponding
time difference. Subsequently, average relative velocities associated with each vehicle are computed.
To classify speed and direction events a movement threshold is calculated using a specified percentage
value based on the average velocities of vehicles passing through the regions of interest. Speeds are
then classified based on the computed thresholds. Direction classification of vehicle trajectories is also
performed (see Figure 1).

o I X vi elocity erape veloci fe Event Direction E

tamp confidence slele) 1 bbo 1 Veloc average_velocit VeloCity Event U

1.0 2.0 2023-06-15 16:39:22 07312 219.3291 341.7372 27,2005 Stationary vehicle

1.0 2.0 2023-06-15 16:39:23 0.8093 220.9778 3455794 15.7647 27.2005 Moving vehicle  Southeast
1.0 2.0 2023-06-15 16:39:23 0.7388 223.7203 348.6507 23.3171 27.2005 Moving vehicle \ Southeast
1.0 2.0 2023-06-15 16:39:23 0.6511 226.8869 352.6377 27.9546 27.2005 Fast-moving vehicle . Southeast
1.0 2.0 2023-06-15 16:39:23 0.7255 228.5649 355.7459 20.0576 27.2005 Moving vehicle v Southeast
1.0 2.0 2023-06-15 16:39:23 0.681 232.1532 360.7019 34.1191 27.2005 Fast-movingvehicle . Southeast
1.0 2.0 2023-06-15 16:39:24 0.7542 2345149  363.948 22.9172 27.2005 Moving vehicle  Southeast
1.0 2.0 2023-06-15 16:39:24 0.6296 239.1604 368.3438 34.7292 27.2005 Fast-movingvehicle s Southeast
1.0 2.0 2023-06-15 16:39:24 0.579 241.1629 371.6958 20.6917 27.2005 Moving vehicle  Southeast
1.0 2.0 2023-06-15 16:39:24 0.6496 2445113 3749624 234194 27.2005 Moving vehicle  Southeast

Figure 1. Event log.

The information extracted from the video concerning velocity, detection type, process and
activities identifier, incremental sequence of activities associated with a vehicle, and vehicle ID is
crucial for generating events that will be used as inputs to the traffic modeling and interpretation
modules described later in this section.

3.2. Clustering for the Identification of Noteworthy Areas

Given a map or a video framing, areas (Regions of Interest, or Rols) that are relevant for traffic
interpretation and understanding can be manually identified by the framework users to let the system
know that it is relevant to detect vehicle interactions with those areas (typical cases may be a vehicle
entering or exiting the area). As an alternative, or in addition to, manual definition of the areas, our
framework allows to automatically identify the Rols from a set of vehicle-related positions, as detected
by sensors (e.g., GPS) in an open landscape or by video processing from specific locations. We carry
out this task using clustering.
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Clustering [57] is the process of grouping items in such a way items belonging to the same group
(cluster) are closer (based on a distance metric) than items belonging to different groups. In our
framework, we use it to identify traffic-dense areas and otherwise relevant road zones, based on
positioning information (e.g., provided by GPS tools or other sensors) or on object identification in
camera frames. More specifically, we produce for each cluster a Rol that encloses the corresponding
points, to be later used in the analysis of vehicle trajectories and related events. We selected 5 different
clustering techniques to try out in our approach:

DBSCAN [58] is a density-based algorithm that groups data points into dense regions, considering
noise points as well.

K-means [59]is a clustering algorithm that assigns data points to clusters based on their similarity.

Agglomerative Clustering [60] is a hierarchical clustering algorithm that progressively combines
data points into larger clusters.

Gaussian Mixture Models (GMM) [61] is a statistical model that assumes data are generated from a
set of Gaussian distributions.

Spectral Clustering [62] is a graph-based clustering algorithm that utilizes the spectral representation
of data.

A crucial choice in clustering, and an input to most techniques, is the number of clusters to
generate. To automatically assess the optimal number of clusters, we try 4 different techniques:

The Elbow Method [63] is based on inertia, which represents the sum of squared distances between
data points and the nearest cluster centroid. This method involves plotting a graph of inertia
against the number of clusters and identifying the point where inertia stops decreasing rapidly
and becomes more gradual. This point, often referred to as the elbow in the graph, is considered
the optimal number of clusters.

The Silhouette Method [64] evaluates the cohesion within clusters and the separation between
clusters. For each data point, the silhouette score is calculated, measuring how similar the object
is to its own cluster compared to other clusters. The Silhouette Method entails plotting a graph
of the silhouette score against the number of clusters and identifying the point where the score
reaches its maximum. This point represents the optimal number of clusters.

The External Validity Index [65] compares clustering results with known class labels. Measures
of completeness, homogeneity, and V-measure are calculated to assess how well the clusters
correspond to the known class labels. The optimal number of clusters can be determined by
considering the maximum value of these measures.

The Cohesion-Separation Index [66] evaluates the cohesion within clusters and the separation
between clusters based on distances between data points. Cohesion is calculated as the sum of
distances between points within the same cluster, while separation is calculated as the sum of
distances between points in different clusters. The optimal number of clusters can be determined
by considering the maximum value of the cohesion-separation index.

Given a clustering, the Rols are determined by applying the convex hull [67] approach to the
points in the most relevant clusters. The convex hull is the tightest geometric shape that encloses all the
points in a cluster, providing a boundary for the Rol. This approach ensures that the Rol encompasses
the entire cluster and excludes any outliers or noise points. By incorporating the convex hull into the
analysis, we effectively define the spatial extent of the Rol and focus the subsequent trajectory analysis
and event detection within this defined area.

3.3. Process Mining for Automatic (Urban or Suburban) Behavioral Modeling, Supervision, Prediction &
Classification

A process is described as the set of actions performed by agents (also humans). The workflow is the
formal description of the sequence of actions leading to a correct process. The execution of actions can
be sequential, parallel, conditional, or iterative. The execution consists of a set of events and actions
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among them. A case is an execution of actions compliant with a workflow. Case traces are described
as a list of events associated with timestamps. A task is a subset of the whole work, that is likely to
be executed for many cases of the same type. An activity is the execution of a task by an agent. Our
framework relies on Process Mining and Management techniques to learn models of traffic behavior,
based on the following associations [68]:

* A process corresponds to the behavior of vehicles along the road. Single-vehicle or overall traffic
behaviors can be modeled.

¢ the agents are the vehicles.

* A case is a route on the road by one or more vehicles, from their first detection in to its last
detection. More specifically, the first detection of the vehicle starts a case, that ends when the
vehicle is not detected anymore.

* Activities are associated to the vehicle passing from the pre-defined places, e.g., under selected
gates along the road or inside predefined Rols; the driving behavior of the vehicle (in terms of
direction and speed) may also be associated to activities.

The WoMan framework [69-71] is a logic-based framework for Process Mining and Management.
It is based on First-Order Logic (FOL) descriptions, ensuring understandable models and behavior.
WoMan provides features that are useful for traffic understanding purposes: complex processes
management, noise handling, time management, contextual information management, efficiency,
incrementality (not available in most other systems).

Since traffic behavior is extremely variable, incrementality is particularly relevant, because it can
update the model without retraining from scratch.

The input to any process mining system is a sequence of events describing the execution(s) of a
process. In WoMan each event is described in terms of:

e the event timestamp,

¢ the type of the event: begin or end of a process, begin or end of an activity (allowing to consider
time span and concurrency), or context description,

¢ the name of the workflow the process refers to,

* a unique identifier for each process execution,

¢ the name of the activity,

e the progressive number of occurrences of that activity in that process,

(optionally) the agent that carries out the activity.

Thanks to the fully incremental setting, each event can be provided to the system independently
of the others (so far as the progression of timestamps is maintained), possibly even interleaving events
for different cases; the system will take care of processing them as appropriate.

Some of the functions provided by WoMan are:

Model Learning WoMan's learning module is called WIND (Workflow INDucer) which learns models
for a case, after the acquisition of events. It usually does not need a large dataset to obtain a
stable model.

Conformance Check WoMan's supervision module WEST (Workflow Enactment Supervisor and
Trainer) can check the compliance of each event in new process executions with respect to a given
model. For each event, the system returns a compliance outcome among the following options:

ok the event is compliant with the process model;
warning the event is not compliant with the process model, for one of several reasons; each

warning is associated with a degree of severity. Of course, warnings that encompass others

have a greater severity degree than the others.
error the event cannot be processed, being syntactically or semantically wrong.

After all the events of a case have been processed, the case can be used to refine the model.
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Activity Prediction During process execution, WoMan can be asked to predict the next activities that
will be carried out using the SNAP (Suggester of Next Action in Process) module. The candidate
predictions are ranked based on a combination of several parameters.

Process Prediction Given a case of an unknown workflow, the system may be asked for a classification
of the process that is being executed, among a set of candidate processes whose models are
available to the system. WoGue (Workflow Guesser) is the model in charge of making this
prediction, based on a comparison of the events of the current process enactment to the candidate
models.

Specifically, WoMan's process discovery module WIND is in charge of learning the models, while
module WEST is used to check compliance of new cases to the currently available models. They may
interact, calling WIND to incrementally refine the current model based on the information of a new
(compliant or not) case processed by WEST. During a case execution, modules SNAP and WoGue can
be used to obtain predictions on it: the former can predict the next activity that the vehicle will carry
out, while the latter can classify the current partial execution based on different behavioral models
(e.g., normal behavior, dangerous behavior, criminal behavior, etc.).

3.4. Automated MultiStrategy Reasoning for Traffic Interpretation

In addition to learning models of standard or abnormal traffic behaviors, and using these models
to supervise future traffic situations, our framework also provides for traffic interpretation. This
feature is designed in the form of an expert/decision support module, that uses automated reasoning
to reproduce the inferences that an expert continuously looking at the traffic videos would carry out.
In this way, dangerous or otherwise relevant situations can be detected in real time and notified to
interested stakeholders, possibly also suggesting associated actions that they might accept, modify or
reject. For this purpose, relevant domain knowledge must be expressed in a logical formalism and
stored in a so-called Knowledge Base (KB). It may be provided by domain experts and formalised by
knowledge engineers, or automatically learned using FOL approaches. Using the KB a traffic-related
video can be continuously ‘observed’, and the information it provides can be formalized and provided
to the automatic system, that interprets it raising warnings in case of relevant situations. Also, the
system can answer specific queries by the stakeholders.

In particular, our framework uses GEAR (an acronym for ‘General Engine for Automated
Reasoning’) [72], a logical inference engine capable of MultiStrategy Reasoning, i.e., of integrating
and bringing to cooperation several inference strategies in order to cope with the several complexities
posed by real-world tasks and problems. The current prototype includes the following strategies:

Deduction aims at making explicit knowledge that is implicit in the available knowledge but is a
necessary consequence thereof.

Abstraction reduces the amount of information conveyed by a set of facts. This reduces the
computational load needed to process the set of facts, provided that the information that is
relevant to the achievement of a goal is preserved.

Abduction is devoted to coping with missing information, by guessing unknown facts that are not
stated in the available knowledge but are needed to solve a given problem, provided that they
satisfy some integrity constraints. Of course, there may be many plausible explanations for a
given observation.

Uncertainty The possibility of handling uncertainty may dramatically improve flexibility and
robustness of reasoning.

Argumentation deals with inconsistent knowledge, to distinguish which of several contrasting, but
internally consistent, positions are justified, based on the relationships among the involved
knowledge items and on their properties.

Induction is the inference of general knowledge starting from specific observations.
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Ontological An ontology defines and describes the kinds of entities that are of interest in a domain,
their properties and relationships. Typical ontology-based reasoning tasks are inheritance and
consistency checking.

Similarity-based computation between FOL descriptions is complex due to non-unique mapping
between the descriptions.

Analogy Analogy is the cognitive process of matching the characterizing features of two subjects,
objects, situations, etc. After finding an analogy on some roles, the association can be extended
to further features.

Reasoning operators act on the content of a so-called Knowledge Base (KB). Knowledge bases
handled by GEAR may include various kinds of knowledge items, including Facts (simple statements),
Rules (implication-like formulas), Integrity Constraints, Abstraction Operators, and Argumentative
relationships. Rules may have a priority (a number used to determine which rule should be executed
first in case of conflicts). The premises of rules can use any, possibly nested, composition of conjunction,
disjunction and negation. Its conclusion can be a single atom or a conjunction of atoms or negated
atoms. Additional components are available to express abducibles and integrity constraints for
abduction, abstraction operators or argumentative relationships. Knowledge can be organized into
modules. Other predicates can be used to specify system settings (e.g., to set flags that direct the
system’s behaviour), information related to user interaction (e.g., to specify the information that can be
asked to the user if missing in the KB), calls to pre-defined procedures (e.g., to call Prolog to carry out
some computations), etc.

3.5. Visual Analytics for Traffic Understanding

We also included in our framework a tool for visual analytics, described in [73], aimed at
supporting traffic understanding by humans. While not based on explainable Al approaches, it
is a nice and useful complement to the other techniques. For instance, it can be used to spot outliers by
looking at some charts which show (agglomerate) features of the problem. The greater the amount of
available data, the more relevant the visual analytics. In our scenario, visual analytics may also be
used to confirm some anomalous behaviour patterns that were alleged to be true but not proven yet.

4. Experiments on a Sample Scenario

We tested and evaluated the proposed framework on various use cases taken from a sample
hypothetical scenario involving urban and suburban traffic areas. Our scenario starts from an Italian
highway, where we want to model standard traffic behaviour along the whole highway based on
positioning-detecting sensors. Then, we use information coming from cameras located on critical places
along the highway to model vehicle behaviour in these critical points and interpret this behaviour
using an automated reasoning system. The Italian National Police identified a number of such locations
worth further analysis, placed in critical points along the highway: high-risk segments, service stations,
and junctions. From the highway, through junctions, vehicles can reach towns. We focused on Rome,
and our first task was to automatically identify the critical points (in addition to those manually
identified by the city administrators) where a more fine-grained analysis should be carried out using
camera-based information. In these places, the task is the same as for the suburban case: modelling
vehicle behaviour and interpreting it using an automated reasoning system. In the following, we will
provide a detailed description of our experiments in these settings along with the achieved results,
highlighting the challenges encountered, the solutions implemented, and the performance achieved by
our framework. Note that throughout the case study, we used real-world data for all tasks, and so our
experimental outcomes can be considered as meaningful for practical application of our framework.

4.1. Positioning-based Critical Regions Identification

To identify areas with high traffic density, we initiated the process by applying clustering
techniques. Our analysis focused on the flow of taxis in the city of Rome. For this purpose, we
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utilized the Crawdad dataset (https:/ /ieee-dataport.org/open-access/crawdad-romataxi, consulted
July 26, 2023). Figure 2 provides an example of clustering applied to this context. In the first part of
our analysis, we examined the flow of taxis in Rome using clustering. Figure 2 on the right presents a
bird’s-eye view of Rome, with the highlighted clusters representing areas of traffic congestion. The
city centre emerges as the focal point of high traffic volume. Notably, the enlarged area on the right
showcases Piazza Venezia, a prominent location known for significant intersections and crossings.
This area was specifically selected for further analysis as one of the critical zones. The dashed circle
in Figure 2 signifies the chosen region, which serves as our first urban traffic use case. Additionally,
the star denotes the camera’s position. The view depicted aligns with the one showcased in Figure 3.
Piazza Venezia was chosen to exemplify the workflow of our proposed framework in a challenging
and intricate traffic scenario.

Figure 2. Clustering vehicle locations to identify jammed zones in Rome (Piazza Venezia).

4.2. Camera-based Critical Regions Identification

The vehicle identification interface described in Section 3.1.1 employs a diverse set of techniques
to achieve real-time vehicle identification, boasting an average accuracy rate of over 80%. The
platform exhibits the capability to identify various types of vehicles, including cars, trucks, buses,
and motorcycles. Figure 3 showcases a screenshot capturing the tool in action. The right side of the
screenshot presents real-time logs, featuring information such as the number of vehicles detected,
the accuracy of the detection, and the duration taken to identify each vehicle. On the left side of the
screenshot, frames are displayed, illustrating the bounding boxes enclosing the identified vehicles
along with their corresponding accuracy percentages. Users are granted the flexibility to enable
or disable vehicle tracking functionality, as well as the option to switch between different tracking
algorithms, such as ByteTrack and BoT-SORT. The platform delivers real-time information pertaining
to the vehicles present within a scene, ensuring up-to-date insights for monitoring purposes and
decision-making.
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Figure 3. Vehicle detection application.

For this task, we used the streamed videos continuously provided by the SkylineWebcams
streaming platform (www.skylinewebcams.com/webcam/italia.html, consulted July 26, 2023).
Specifically, we selected two highway locations for the suburban setting (a two-way linear route,
and a junction) and two urban locations in Rome for the urban setting (Piazza Venezia and Largo di
Torre Argentina). Then, we ran the clustering algorithms discussed in the previous section on the
whole set of points extracted from each video, obtaining the results shown in Figures 4 and 5 for the
highway locations and those shown in Figures 6 and 7 for the locations in Rome. We note that in
all cases the groups are more compact and well-defined for k-means and agglomerative clustering,
while they are less, wider and with much more overlapping for spectral clustering, with db-scan and
gaussian mixture models being somehow in the middle. So, we decided to adopt k-means clustering
with a number of clusters automatically determined using the methods outlined in the previous
section as the optimal one. Then, we considered the Rols generated for each cluster by the convex hull
algorithm to perform trajectory analysis within these specific areas of interest.

In particular, we obtained:

4 clusters/Rols for the two-way linear highway location (Figure 4)
3 clusters/Rols for the highway junction (Figure 5)

4 clusters/Rols for Piazza Venezia (Figure 6)

4 clusters/Rols for Largo di Torre Argentina (Figure 7)

Let’s discuss each location specifically in the following subsections.
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Figure 4. Suburban case: two-way highway segment.
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Figure 6. Urban case: Piazza Venezia in Rome.
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Figure 7. Urban case: Largo di Torre Argentina in Rome.
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4.2.1. Suburban case: Two-way linear highway

The application of the k-means clustering algorithm to analyze the trajectories of vehicles on a
two-lane, two-way highway captured by a camera yielded insightful results. The analyzed video was
a 3-minute excerpt containing 3348 log records documenting vehicle detections and their respective
positions. To determine the optimal number of clusters, various evaluation methods were employed:
elbow method, silhouette analysis, external validity index, and cohesion separation index. After
computing the results from all these methods, the average was found to be 4 as the optimal number of
clusters. In addition to the generated average, the application’s interface allows interested users to
perform an analysis of trajectory graphs, compare individual vehicle speeds with the average speed
at different points on the highway, and visualize the corresponding Rols as the number of clusters
varies. This enables the automatic extraction of the optimal number of clusters by the applied methods
to be validated. From the analysis of the different evaluation methods, the silhouette emerged as
the most reliable metric for determining the optimal number of clusters, as no pronounced elbow
point was observed in the elbow method. The visual analysis of vehicle trajectories revealed that the
two-way traffic led to the identification of two mandatory monitoring zones. The other two zones
were considered an unnecessary addition. In Figure 4, four clusters are visible, with two defining
the right lane and two defining the left lane. The inclusion of an exit within Rol2, which is primarily
associated with the left lane, was due to the detection of a single vehicle falling below the convex hull.
A clear distinction can be observed between Roll and Rol3, while Rol0 and Rol2 partially overlap.
This suggests that detection confidence is lower in the distant region compared to the camera’s direct
field of view. Overall, the application of the k-means clustering algorithm compared to the others
effectively and automatically identified vehicle trajectories, grouping them into meaningful clusters.
This provides a solid foundation for further analysis and assessment of traffic conditions on the
highway.

4.2.2. Suburban case: highway junction

The application of the k-means clustering algorithm to analyze the trajectories of vehicles on a
two-lane highway with a junction, captured by a camera, yielded interesting results. The analyzed
video was a 5-minute excerpt containing 9306 log records documenting vehicle detections and their
respective positions. The optimal numbers of clusters returned by the evaluation methods applied
to the k-means clustering algorithm are as follows: elbow method: 5, silhouette analysis: 3, external
validity index: 3, cohesion separation index: 4. Averaging the results yielded 3.75, which was rounded
up to 4 as the optimal number of clusters. Visual analysis supported this finding, confirming that
the optimal number of clusters is 3, as indicated by the silhouette method. Among the three clusters
visible in Figure 5, it can be observed that Rols 1 and 2 define the left lane, while Rol 0 includes the
area intersecting with the entrance for vehicles coming from the right. The area of particular interest is
the exit area, represented by Rol 0, which was correctly highlighted by the clustering analysis. Overall,
this analysis provided valuable insights into the trajectories of vehicles on a two-lane highway with an
exit. The optimal number of clusters determined through various evaluation methods and confirmed
by visual analysis allowed for the identification of relevant regions of interest, particularly in relation
to the junction area.

4.2.3. Urban case: Piazza Venezia in Rome

The application of the k-means clustering algorithm to the analysis of vehicle trajectories captured
by a camera in the urban area of Piazza Venezia in Rome yielded interesting results. The analyzed video
was a 4.5 minute excerpt containing 24,331 log records of vehicle detection and their corresponding
positions. The methods used to determine the optimal number of clusters for the k-means clustering
returned the following values: elbow method: 4, silhouette method: 6, external validity index: 3,
cohesion-separation index: 2. After considering the results from these methods, the average was
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calculated, resulting in an optimal number of clusters of 3.75, rounded to 4. Although the optimal
number suggested by the methods was 4, a visual analysis of the results led to the selection of 3
clusters as the optimal number. In Figure 6, three distinct clusters can be observed. The first Rol (Rol
0) encompasses the vehicles entering and exiting via del Corso (bottom right). The second Rol (Rol
1) includes the vehicles entering the roundabout and continuing along the road or turning towards
the Fori Imperiali. The third Rol (Rol 2) comprises the vehicles turning left or proceeding straight
ahead. Rols 1 and 2 contain several intersections, crossing areas, entry points, and stops, making
these areas particularly critical in terms of traffic density. Conversely, in Rol 0, the traffic flow, while
consistently busy, appears more fluid. This differentiation highlighted by the clustering analysis
confirms the effectiveness of the applied method in grouping vehicle trajectories based on spatial and
movement characteristics. In conclusion, the application of the k-means clustering algorithm to vehicle
trajectories in the urban area of Piazza Venezia allowed the identification of 4 clusters as the optimal
number according to the employed methods. However, through a more in-depth visual analysis, it was
determined that 3 clusters were more appropriate. These clusters revealed distinct areas of vehicle flow
and specific characteristics of each Rol, validating the usefulness of clustering for analyzing vehicle
trajectories in complex urban contexts like Piazza Venezia in Rome.

4.2.4. Urban case: Largo di Torre Argentina in Rome

The application of the k-means clustering algorithm to analyze the trajectories of vehicles in the
urban area of Largo di Torre Argentina in Rome has yielded significant results. The analyzed video
consisted of a 20-minute excerpt with 10,796 log records of vehicle detections and their corresponding
positions. Several methods were employed to determine the optimal number of clusters (elbow,
silhouette, external validity index, and cohesion separation index), resulting in an optimal number of 4
clusters. The average of the results from these different methods was 4.25, rounded down to 4. This
optimal number of clusters was also confirmed through visual analysis of the data. Figure 7 displays
the 4 identified clusters. Rol 0 encompasses vehicles that continue straight after a pedestrian crossing.
Rol 1 comprises vehicles that stop at the traffic light and make a U-turn towards Piazza Venezia. Rol 2
represents vehicles that, after the traffic light, continue on via di Torre Argentina instead of making
a U-turn. Rol 3 includes vehicles coming from Corso Vittorio Emanuele (bottom-right) or the traffic
light (top-left) and proceeding on via di Torre Argentina (to the right) until the pedestrian crossing
or straight until the pedestrian crossing before the taxi stop. The clustering analysis has highlighted
critical areas, particularly pedestrian crossings at intersections. It has also identified the difference
between uninterrupted routes and routes with stops due to pedestrian crossings or traffic lights.

4.3. Trajectory analysis and event detection

The user interface shows a graph of vehicle trajectories, with colour-coded points indicating
velocity (see Figure 8). Additionally, histograms are included to depict the distribution of vehicle
velocities.

These graphical representations play a vital role in conducting a comprehensive analysis and
understanding of vehicle behaviour in various road scenarios. The visualization of vehicle trajectories
provides valuable insights into movement directions and areas of congestion or smooth traffic flow. By
utilizing velocity-based colour coding, areas with high or low speeds can be readily identified.

The histogram depicting vehicle velocities offers a holistic overview of the recorded speed
distribution, enabling the detection of potential trends, such as predominant vehicle speeds or notable
variations across different road situations.

Leveraging the data on vehicle speeds and trajectory directions enables the generation of
meticulous event logs, serving as a solid foundation for input requirements in the behaviour modelling
and traffic interpretation tasks.
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Figure 8. Piazza Venezia in Rome - velocity analysis.

4.4. Process-based Traffic Modeling and Supervision

Sub-urban traffic behaviour modelling was carried out on the real-world dataset TRAP (TRAffic
Police), made available from the Italian National Police [4] and concerning traffic data collected every
day along an Italian highway with the objective of using advanced data analysis techniques to prevent
or predict road accidents, traffic congestion and road crimes. It includes the data obtained in the year
2016 by cameras placed on 27 highway gates, each recording the plate (by means of a Number Plate
Reading Systems) and the time of any vehicle passing the gate. For privacy reasons, plate numbers are
anonymized in the dataset. The highway has 16 service stations, each identified by the pair of gates
between which it lies. On average, there are 2,086,919 plates and 12,965,495 detections per month. The
aim is to learn the standard behaviour (i.e., routes) of single vehicles along the highway.

Here we show the behaviour of WoMan, used as proposed in [68], on the traffic of one day
(01/02/2016). From the 102,840 cases (i.e., different vehicle routes along the highway) of the day,
totalling 887,694 events (with an average of 8.63 events per route), we selected only those including
more than one vehicle detection, considering as trivial the cases in which the vehicle entered the
highway and then took the first available exit. More specifically, we took the first 1500 cases, spanning
from midnight to 8:42 pm. They were processed by WoMan in 19.160 seconds, with the prequential
behaviour depicted in Figure 9, where the X axis reports the cases and the Y axis the number of new
behavioural components found in each case, with respect to the model learned from all previous cases.
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Figure 9. Learning trend for Italian highway gate-based vehicle behavior.

The trend to a convergence of the model is evident: peaks are lower and sparser as long as the
plot proceeds to the right, with longer and longer blank spaces among peaks (meaning behaviours
fully compliant with the learned model). Due to the compact size of the graphic, the full extent of
blank spaces cannot be fully appreciated. The highest peaks happen before case 100, with no more
than 3 new behavioural components after that case, and only 5 cases with 3 new components. The
final model included 27 tasks (the gates) and 312 transitions. A study of the graphics for several days,
and a comparison of the corresponding models, will allow defining when a model can be considered
as sufficiently stable, and so when peaks should be considered as indicators of anomalous behaviours
to be reported to the users.
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For the urban case, we demonstrate this setting on the Piazza Venezia location, with the 4
identified Rols. The experiment considered a video of 4.5 minutes, which produced 156 cases (i.e.,
vehicle traversals) for a total of 25,224 events and 12,456 activities, and an average of 79.85 activities per
case. The model, learned in 300.554 seconds, included 23 tasks and 708 transitions. Figure 10 shows the
learning trend using a prequential approach (each case is compared to the model learned so far, and
used to refine the model before processing the next case, so that every case takes advantage of the most
updated model available). Note that this approach is possible only thanks to the incremental feature
provided by WoMan. The blue plot denotes the number of new tasks found in each case; the red plot
the number of new transitions (i.e., basic task composition blocks in WoMan). We note that all tasks
are learned by case 62, most of them are learned by case 11, with two new tasks found only in cases 23
and 62. Concerning transitions, 156 cases only are obviously insufficient to grasp all possible vehicle
behaviours, still the indications of a convergence (lower and sparser peaks as long as the number
of cases increases) are clearly visible in the plot. A few, isolated, high peaks are also visible on the
right-hand side of the plot, where we would expect a convergence. These cases can be interpreted
as outliers, and associated with anomalous vehicle behaviour. They might be proposed to human
supervisors for checking and possible consequent actions. Note that this can be done in real-time, just
while the video stream is flowing and being processed.
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Figure 10. Learning trend for Piazza Venezia camera-based vehicle behavior.

4.5. Automated Reasoning for Traffic Interpretation

We provide a demonstrative use case for this feature concerning the Piazza Venezia location in
Rome. While the video flows, the video analysis module generates vehicle-related information and
asserts corresponding facts in the knowledge base based on the following predicates:

object(0,X0,X1,Y0,Y1,T) : object with identifier O is recognised in the scene at time T, enclosed in a
bounding box with coordinates X0, X1,Y0, Y1.
next(T’,T”) : time T follows time T".

Whenever appropriate or useful (e.g., periodically every k frames processed) the reasoning engine
GEAR is started to interpret what happened and return relevant notifications. It starts by deriving
simple knowledge, as expressed by the following predicates that we have defined for this sample
application:

move(0O,X0,X1,Y0,Y1,T) : object O moved (by a considerable distance) at time T, where X0, X1,Y0, Y1
are the displacements of each coordinate of its bounding box.

enter(O,P,T) : object O entered place P (a Rol) at time T.

leave(O,P,T) : object O left place P (a Rol) at time T.

still(O,T) : object O stopped at time T.

halt(O,L,T) : object O stopped for a certain time period L starting from time T.

stay(O,P) : object O stayed in place P (a Rol).
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placetime(O,P,T) : object O was in place P (a Rol) for a considerable time T.

status(O,T,S) : S is the status of the object O at time T, where S can be ‘moving’, ‘still” or someplace
(Rol) identifier.

meet(L,T,P) : objects in list L were in the same place P at time T.

wait(X,Y,T) : object X was still at time T, but is now in the same place as object Y.

distance(X00,X01,Y00,Y01,X10,X11,Y10,Y11,D) : D is the Euclidean distance between the coordinates
X00, X01,Y00,Y01 and X10, X11, Y10, Y11 of two bounding boxes.

closetimes(X,Y,T,L) : L is the last timestamp, starting from T, in which X and Y were close to each
other.

close(X,Y,T,L) : L is the amount of time for which X and Y were close to each other, starting from
timestamp T.

accomplices(X,Y,T,D) : objects X and Y are close to each other for a certain amount of time D in the
‘halt’ state, and so still from a certain considerable time, at time T.

fast(O,T1,T2,D) : object O moved many times between timestamps T1 and T2 with distances greater
than or equal to D.

Rules for defining these predicates, and for determining when a time period or displacement is
‘relevant’, are stored in the knowledge base using GEAR'’s formalism. These concepts are interrelated,
meaning that some are defined upon others (e.g., move/6 is defined in terms of distance/9).

Then, the reasoning may proceed with further concepts or situations of interest that the system
is expected to identify (e.g., road traffic offences, etc.), at higher and higher levels of abstraction (i.e.,
not associated with a simple position occupied by a vehicle, but determined according to the overall
vehicle behaviour and to its relationships to the road features and the behaviour of other vehicles). In

our sample use case, we focused on the following situations:

e traffic jam;

¢ vehicle going faster than the maximum allowed speed;
¢ vehicle passing from forbidden zones of the road;

¢ vehicle stopping in places where the stop is forbidden;
¢ vehicle taking a wrong turn;

* vehicle going around the square in a loop;

and provided detailed descriptions thereof and of how they can be detected, possibly based on simpler
situations that may not be relevant by themselves. These descriptions were formalized by a knowledge
engineer and used to create a knowledge base, that consisted of several dozen rules. Applied to short
videos taken from the Piazza Venezia location, this knowledge could allow the system to successfully
identify several occurrences of those situations while the video was running and raise associated
alarms, as well as to identify those situations upon specific requests of the stakeholder, such as “Did
any vehicle go around the square in a loop from time X to time Y in the video?”.

4.6. Visual Analytics for Traffic Understanding

In [73], a visual analytics approach was applied for outlier detection on the TRAP dataset [4],
aiming to identify behavioural patterns of vehicles with anomalous routes. An anomalous route was
defined as one where a vehicle visited multiple service areas, identified by irregular travel times in
highway sections with service stations. The analysis was performed on a monthly basis. The method
involved two main steps. First, Sequential Pattern Mining was used to discover drivers’ behaviours.
Each sequential pattern represented a cluster grouping vehicles with similar paths. Outlier detection
was then applied to each cluster based on the time each vehicle spent traversing the path defined
by the corresponding pattern. Vehicles deviating significantly from the meantime were considered
outliers. Additional filters were applied to further reduce the number of outliers.
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Figure 11. Graphics for visual analysis of traffic; left: number of outliers per day of a month (colour
shows the number of service areas (#stop) for which a vehicle has been identified as an outlier); right:
for each plate with anomalous behaviour, the day it had an anomalous behaviour, the number of days
on which it was detected in the month and the #stop with the color [73].

The subsequent phase focused on the visual analysis of outliers involving only one service area.
A bar chart was created for each month, showing the number of outliers per day. An example
visualization for October is presented in Figure 11 (left), illustrating the distribution of outliers
throughout the month. Further information about plates with anomalous behaviour was displayed
in Figure 11 (right). This allowed for the classification of anomalous vehicles into two categories:
sporadic irregularities and recurrent irregularities vehicles. For instance, some plates were detected
on multiple days in October, consistently exhibiting the same anomalous behaviour, making them
part of the recurrent irregularities category. Other plates showed anomalous behaviour only on
specific days, indicating sporadic irregularities. The visual analytics approach proved effective in
identifying patterns of anomalous behaviour and categorizing vehicles based on their recurrent or
sporadic irregularities, which can be valuable for traffic understanding and anomaly detection in traffic
management.

5. Conclusions

The efficient management of road traffic has always been a crucial challenge for urban
transportation systems worldwide. Road traffic anomalies, such as accidents, congestion, and
roadblocks, cause significant social and economic costs. Early detection of these anomalies is crucial
for improving traffic safety, reducing travel time, and minimizing environmental pollution. Therefore,
researchers have proposed various methods for detecting road traffic anomalies, including traditional
statistical methods, machine learning, and computer vision.

In recent years, business process mining has emerged as an effective method for analyzing and
optimizing complex systems. The method utilizes process models to identify deviations from expected
patterns and improve system performance. In the context of road traffic anomaly detection, process
mining can be used to analyze traffic flow data and identify deviations from expected traffic patterns.

Moreover, computer vision has also shown tremendous potential in traffic anomaly detection by
analyzing video footage of the road network. By extracting relevant features and patterns, computer
vision can detect various types of traffic anomalies in real time, such as accidents and traffic congestion.

However, the integration of computer vision, process mining and automated reasoning techniques
for traffic anomaly detection remains a relatively unexplored research area. This paper proposes a
framework that combines business process mining and computer vision techniques to detect road
traffic anomalies in real-time. The framework can detect both sudden and gradual anomalies, such as
accidents, congestion, and lane violations. The effectiveness of the proposed framework is evaluated
using real-world traffic data collected from a major urban area.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

KDD Knowledge Discovery in Databases
GPS Global Positioning System

Ccv Computer Vision

VMOT  Visual multiple object tracking
VSD Value Sensitive Design

BDI Belief-Desire-Intention

KRR Knowledge Representation and Reasoning
YOLO You Only Look Once

FPS frames per second

Rol Regions of Interests

GMM Gaussian Mixture Models

FOL First-Order Logic

KB Knowledge Base

WoMan  Workflow Manager
GEAR General Engine for Automated Reasoning
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