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Detect anomalies in a crowd using Deep Learning and Computer Vision

Development of an end-to-end human crowd detection, tracking and anomaly detection tool
Axel Gautrand

Department of Computer Science & Engineering

Chalmers University of Technology

Abstract

This project stems from the Javaness R&D laboratory's initiative to enhance its expertise in deep learning
algorithms for commercial innovation. Anomaly detection in crowds is a critical task for enhancing
security, safety, and operational efficiency in public spaces, particularly during large-scale events like the
Olympic Games 2024. Given the limitations of human ability to monitor live video surveillance
effectively over extended periods, the development of artificial intelligence aims to improve attention
and accuracy, reduce false alarms, and enable faster threat detection and intervention.

This thesis presents the development and implementation of an end-to-end tool designed to detect and
track objects and identify anomalies in human crowds using simulated video surveillance data. Leveraging
advancements in deep learning and computer vision, the project encompasses multi-object detection,
multi-object online tracking, and anomaly recognition.

Key contributions include the training and evaluation of various state-of-the-art detection models on key
performance metrics, benchmarking tracking algorithms for real-time application, and implementing
effective baseline algorithms for anomaly detection across diverse scenatii. The system's performance
was validated using comprehensive datasets, demonstrating its potential for real-time application.
Additionally, a proof-of-concept web application was developed to showcase the practical
implementation of the tool.

While the project achieved promising results, it also identified areas for future improvement, including
dataset diversity, inference times, pipeline optimization, and increasing the complexity of anomaly
detection algorithms. These areas highlight the gap between the current prototype and a fully
commercialized solution. Furthermore, the tool has been developed to be as versatile as possible,
requiring enhancements and adaptations for real-world commercial application.

This work lays a strong foundation for future research and practical implementations in crowd anomaly
detection, emphasizing the importance of ethical considerations to respect individual freedoms and
fundamental rights in order to avoid falling into authoritarian excesses such as mass surveillance.

Keywords: deep learning, computer vision, object detection, multiple object tracking, anomaly
recognition.
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1 Introduction

According to Russell and Norvig, artificial intelligence (Al) is defined as a discipline that aims to replicate
aspects of human intelligence, such as learning, reasoning, perception, and critical thinking, through
computer programs guided by logic [1]. This nascent field, spanning six decades, encompasses various
sciences, theories, and techniques with the goal of emulating human cognitive capabilities. While some
perceive Al as a potential threat to humanity, others view its development as an unprecedented
opportunity to alleviate our workloads and enhance our productions. Consequently, Artificial Intelligence
(AI) stands today as one of the most active research sectors, with contemporary systems already capable
of performing complex tasks formerly reserved for human intervention.

Since the pioneering work of Paul Viola and Michael Jones in 2001, introducing a framework for face
detection, the evolution of Deep Learning (DL) models has facilitated the processing of increasingly
complex data, realizing numerous tasks within Computer Vision (CV). These tasks include object
detection, target tracking in video sequences, and anomaly detection. The diverse applications in
Computer Vision have prompted researchers and enterprises to develop various model architectures
based on heterogeneous approaches with varying complexities. For instance, three state-of-the-art
models for object detection, namely Convolutional Neural Networks (CNN) YOLOvS |2], InterImage
[3], and the Vision Transformer (ViT) Co-DETR [4], each exhibit a different number of parameters,
namely 25M (on average across the presented model zoo), 2180M, and 348M, respectively. However,
there is typically no intrinsically superior architecture for CV tasks, and the appropriateness of the system
is highly correlated with the nature and characteristics of the addressed problem. Thus, exploring
different approaches to a CV problem remains often insightful.

A pivotal use case common to numerous CV tasks is video surveillance. Inherent limitations in human
capacity to attentively monitor live video sequences have led to a demand for artificial intelligence capable
of more effectively performing this task. Individuals observing a single video screen for over twenty
minutes lose 95% of their ability to maintain sufficient attention to discern important events. The addition
of extra screens significantly diminishes this capacity.

This thesis presents the conceptualization and implementation of an end-to-end tool for the detection,
tracking of human crowds, and anomaly detection in a simulated video surveillance (CCTV) context. The
primary goal of this project is to develop deep learning algorithms and models focusing on object
detection and tracking tasks, from training to evaluation, within the context of video stream processing.



1.1 Context and scope of the project

The Research and Development (R&D) team at Javaness'' has previously undertaken various CV
missions involving object detection, optical character recognition (OCR), and generative image creation
through Al. However, the team has not yet had the opportunity to develop algorithms specifically tailored
to video stream processing.

This project arises from the R&D laboratory's ambition to enhance its skills and knowledge in the realm
of deep learning-based algorithms, particularly focusing on multiple object detection and video
processing. The primary objective of this endeavor is to develop new, innovative tools for commercial
use, with the aim of attracting new potential clients.

The project seeks to establish a solid and objective foundation for Al related to video stream processing.
This will be achieved through in-depth considerations and work on various themes, leading to the design
of an end-to-end tool dedicated to the detection, tracking of human crowds, and anomaly detection in a
CCTV context. For each task, our models will initially prioritize versatility and generalization,
subsequently refining their performance.

1.2 Planning and Progress

This project was conducted within the R&D sub-team responsible for unstructured data, comprising 6
members (20 across all R&D teams within the company). A work methodology derived from the agile
SCRUM framework [8] was employed, utilizing sprint tickets each quantified in time units, weekly stand-
up meetings, sprint reviews, and weekly meetings with the project supervisor. Additionally, a weekly code
review session was organized, where each developer could share encountered issues with their colleagues,
fostering team-wide skill enhancement.

Regarding the implementation methodology, we endeavored to apply Test Driven Development (TDD)

[9]-
This project was constrained to a 20-week timeline, focusing on four sub-parts:

- Multiple Object Detection (MOD): Creation of a dataset, exploration and evaluation of
various state-of-the-art (SOTA) methods, retraining, and improvement of existing models.

- Multiple Object Tracking (MOT): Dataset creation, integration of algorithms with our MOD
module, evaluation of different SOTA algorithms, and consideration of improvement avenues.

- Anomaly Detection (AD): Implementation of several algorithms addressing common anomaly
detection use cases, including people counting, presence in restricted areas, and fall detection.

- Creation of a web application: Complete anomaly detection pipeline integrating MOD models
with MOT and AD algorithms, implementation of a streamlit application for demonstration.

1.3 Ethical considerations

Any progress comes with its set of ethical questions, and Al is no exception to this rule. The work
undertaken here raises ethical issues that are legitimate and important to address, ensuring a responsible
and sustainable implementation, respectful of individual freedoms and fundamental rights, including
freedom of expression.

"La Javaness accelerates the transformation of large organisations through data and Al in an efficient and responsible way.



These issues will be addressed in this section through five specific axes: Privacy and Confidentiality, Bias
and Discrimination, Security, Transparency and Interpretability, Ecological Impact.

1.3.1 Privacy and Confidentiality

”Not ensuring a full ban on facial recognition is therefore a hugely missed opportunity to stop and
prevent colossal damage to human rights, civic space and rule of law that are already under threat
throughout the EU”

- Mber Hakobyan, Advocacy Advisor on Artificial Intelligence for Ammesty International

George Orwell's dystopian novel "1984", published in 1949, popularized the concept of "video
monitoring” and introduced the figure of "Big Brother," now used to characterize institutions or practices
that violate fundamental freedoms and the privacy of populations or individuals. While "video
monitoring” was merely speculative science fiction at the time, it is now made possible through Al and
CV, perfectly replacing and surpassing human capabilities in surveillance. These advancements have led
to an explosion in the video surveillance market, with an exponential increase in the number of cameras
installed in private and public spaces driven by authorities to combat insecurity.

Figure 1.3.1 - Data generated by surveillance cameras [27] Figure 1.3.2 - Worldwide Video Surveillance Camera Market (1)

Technical advancements in facial recognition, as well as other CV breakthroughs, raise contemporary
concerns regarding the preservation of human rights concerning privacy. Surveillance cameras often
capture images of individuals allowing for their direct or indirect identification. This data falls under the
category of "personal data" and is protected by the General Data Protection Regulation (GDPR), the
European Union's (EU) reference regulation on personal data protection. The following principles (non-
exhaustive) must be effectively applied:

- Data minimisation : “Cameras can and should be used intelligently and should only target
specifically identified security problems thus minimising the gathering of irrelevant footage.”

- Right of information : ” Notices can be found in EU institution buildings informing staff and
visitors about the security cameras in place. These signs are mandatory because individuals
affected by video-surveillance must be informed upon its installation about the monitoring, its
purpose and the length of time for which the footage is to be kept and by whom.”

- Retention period : 7 The European Data Protection Supervisor (EDPS) requires all European
Union institutions to have clear policies regarding the use of video surveillance on their premises
including on potential storage.”

The developed Al algorithms and models must consider these principles, just like the implemented
hardware in public spaces, but they also pose potential new dangers that require further legislation. On
December 9, 2023, negotiators from the European Parliament and the Council reached a provisional
agreement on artificial intelligence legislation. This regulation aims to ensure that fundamental rights,



democracy, the rule of law, and environmental sustainability are protected against Al-related risks by
ensuring that systems used in the EU are safe, transparent, traceable, non-discriminatory, environmentally
friendly, and supervised by individuals rather than automation to avoid adverse outcomes. Concretely,
the main prohibitions defined in this law that must be adhered to are:
- Biometric categorization systems using sensitive features (political, religious, philosophical
opinions, sexual orientation, ethnicity...)
- Non-targeted extraction of facial images from the Internet or video surveillance to create facial
recognition databases
- Emotion recognition in the workplace and educational institutions
- Social scoring based on social behavior or personal characteristics
- Al systems manipulating human behavior to circumvent free will
- Al used to exploit vulnerabilities in individuals (due to age, disability, social or economic situation)

However, there are certain exemptions for law enforcement services in case of a terrorist threat, search
for victims, or certain defined crimes. These exceptions remain unacceptable to some human rights
organizations such as Amnesty International, which considers that an "outright ban" is needed to
"prevent the human rights harms that facial recognition inflicts". Finally, note that some of these
prohibitions are already enforced in countries outside the EU. Five of them were specifically targeted by
Reporters Without Borders as "State Enemies of the Internet" in the "Special report on Internet
Surveillance" published in 2013: Bahrain, Iran, Syria, Vietnam, and China, whose Social Credit System,
where citizens and businesses are given or deducted good points based on social behavior, had already
been the focus of debates. Out of over 1 billion cameras in the wotld, more than 540 million are estimated
to be Chinese.

Figure 1.3.3 - Cameras per 1,000 people (2)

1.3.2 Bias and Discrimination

The undeniable impact of Al on individuals is grounded in algorithms governed by rules and parameters.
However, when these rules are biased, disproportionately affecting certain groups by giving undue weight
to specific parameters, ethical concerns arise. Moreover, if these algorithms are trained on historical
datasets reflecting and potentially amplifying societal biases, the consequences can be severe. This is
particularly critical when biased algorithms handle sensitive human data, such as in healthcare, leading to
discriminatory model decisions and significant infringements on fundamental human rights.

For instance, computer-aided diagnosis (CAD) systems have exhibited lower accuracy for black patients
compared to white patients, resulting in racial bias. Another poignant example is Midjourney, a generative
image model that demonstrated age and gender biases. When tasked with creating images of people in



specialized professions, the model consistently depicted older individuals as men, thereby reinforcing
gender and age-related biases regarding women's roles in the workplace.

The sources of these biases are diverse, stemming from the dataset, the algorithms themselves (or other
components of an Al system), or even human interpretation of model outputs.

- Training Data Biases: Models learn behaviors from training data, necessitating a thorough
representation of the overall population without under-representation of any group. Omitting
sensitive data when unnecessary helps avoid replicating discriminatory biases present in historical
records. There may also be a change in the characteristics of our training dataset due to the
passage of time. It is sometimes necessary to update this dataset (and then fine-tune the model)
to avoid model obsolescence. In our work on person recognition in videos, efforts are made to
ensure fair representation of each ethnicity or gender in the training dataset.

- Algorithmic Biases: These biases may arise from programming errors, algorithm design, or
unanticipated uses or decisions related to data collection.

- Cognitive Biases: Humans are inevitably influenced by experiences or preferences, introducing
cognitive biases into models and potentially leading to discriminatory conclusions.

Techniques like dataset rebalancing, model auditing, and ethical algorithm design can mitigate the risks
of discriminatory biases. Transparency in the development process and collaboration with ethics and
diversity experts are crucial for identifying and addressing potential biases.

The establishment of robust legal and normative frameworks is essential to ethically regulate the use of
intelligent video surveillance systems. Many regulators and legislators are actively working to incorporate
specific provisions preventing and correcting biases in Al, along with mechanisms for accountability in
cases of unfair discrimination. Collaboration among governments, researchers, and practitioners is vital
for crafting effective ethical and legal standards.

1.3.3 Security

The deployment of surveillance technologies can be exploited for malicious purposes, including intrusive
monitoring or the unlawful collection of information. Specifically, cyberattacks may aim to deceive a
model by "poisoning" its input data or collecting personal data used for training and model parameters.
Robust security protocols are imperative to prevent any misuse of Al systems and must ensure the
integrity, availability, and confidentiality of the model.

1.3.4 Transparency and Interpretability

An Al model is deemed "interpretable" when humans can easily comprehend its decisions and
understand how a prediction is made. Conversely, when a model is too complex for human
understanding, it is often labeled as a "black box." Thus, the transparency of an Al system relies less on
the publication of code or datasets and more on the understanding and explicability of the predictions it
generates.

The level of transparency required for an Al project depends on the impact of its technology. The greater
the impact, the more significant the ethical considerations, necessitating a higher capability to explain its
decisions. For example, an advertising recommendation system may require less interpretability than a
medical diagnostic model.
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Figure 1.3.4 - Difference between black box and interpretable models (3)

In the case of video surveillance applications, sensitivity and impact on individuals can vary. When
designing models, it is crucial to ensure that their level of interpretability is proportional to the
significance of the problem they address. It is often advisable to implement alert systems without
automated decision-making, to include human within the decision process.

There are model-specific inspection methods to gather information about the weight of variables in
decision-making. The use of these methods also helps limit hidden biases and potential security
vulnerabilities.

1.3.5 Ecological Impact

2023 was the warmest year on record, with global average temperatures 1.46°C above pre-industrial levels
and 0.13°C above the eleven-month average for 2016. CO2 levels in the air have never been so high and
the population sizes of mammals, fish, birds, reptiles and amphibians have experienced a decline of an
average of 68% between 1970 and 2016, mainly due to human activity. In this context, it would be
unthinkable not to consider the impact of Al systems that would be implemented in connection with
video surveillance, using video data that is even heavier than text or audio data.

Al technological progress comes at an environmental cost, raising concerns about the sustainability of
Al systems. The negative environmental impact of Al can be emphasized through issues such as carbon
emissions, electronic waste, ecosystem disruption, and the lack of transparency and accountability.

The brilliance of Al conceals an energy-intensive process with a substantial carbon footprint. As Al
models and datasets grow in complexity, so does the energy required for training and operation. OpenAl
researchers reveal a doubling of computing power needed for cutting-edge Al models every 3.4 months
since 2012 (in alighment with the principles of Moore's Law), projecting a significant share (14%) of
global emissions from the Information and Communications Technology industry by 2040. A recent
study indicates that training large AI models can emit a carbon footprint equivalent to 300 round-trip
flights between New York and San Francisco, highlighting the urgency to address AI’s role in climate
change.
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Figure 1.3.5 - CO2 emission benchmark (4)

Another environmental challenge for IA is the disposal of Al-related electronic waste. With hazardous
chemicals like lead, mercury, and cadmium, e-waste endangers ecosystems and human health. By 2050,
the World Economic Forum predicts e-waste to exceed 120 million metric tonnes. Proper e-waste
management and recycling, enforced by stringent laws, are essential to minimize environmental harm.

In addition to posing challenges in terms of CO2 emissions and electronic waste, Al can exacerbate issues
related to ecosystem disruption, as exemplified by the use of driverless automobiles. Furthermore, ethical
concerns arise due to a lack of transparency and accountability, with some companies prioritizing their
financial well-being and competitive edge over potential negative effects that Al technologies may have
on the environment.

A multifaceted strategy is proposed to reduce AI’s environmental impact. This includes funding research
for energy-efficient hardware and algorithms, optimizing Al systems, promoting ethical design standards,
and fostering a culture of openness and responsibility. Collaboration between stakeholders, governments,
and regulatory agencies is crucial for implementing precise standards and restrictions, ensuring the ethical
creation, use, and disposal of Al technologies.

AT’s meteoric rise presents genuine environmental concerns, necessitating urgent attention. Recognizing
and addressing the hidden environmental challenges, including the implications of Moore's Law, can
initiate an informed dialogue and promote responsible practices. A sustainable future requires a
harmonious integration of Al advancements and environmental preservation.

1.4 Contributions

Given the multifaceted nature of this project, it makes significant contributions to at least three
computer vision tasks, culminating in the development of an end-to-end pipeline for anomaly detection
in human crowds.

1.4.1 Multi-Object Detection

Efficient anomaly detection in a human crowd necessitates accurate human detection, a task complicated
by numerous occlusions and varying object sizes. To address this, we curated a novel dataset by
amalgamating multiple existing datasets, aiming for enhanced versatility, comprehensiveness, and global



representativeness. This dataset incorporates diverse image capture standards and better representation
of various ethnic groups.

The project explores distinct model architectures, training two object detectors -One-Stage and Two-
Stage- on the new dataset using various approaches, followed by a comprehensive performance
comparison. Additionally, it delves into data processing intricacies, providing a robust foundation for
future human detection research in crowd scenarios and exploring alternative promising approaches.

1.4.2 Multi-Object Tracking

The efficacy of each module within the resulting pipeline is contingent on the performance of the
preceding module. Multi-object tracking involves assigning unique identifiers to objects across video
frames, demanding a reliable object detector and contributing to anomaly detection capabilities.

We evaluate several tracking algorithms with diverse structures, establish an evaluation benchmark based
on multiple metrics, and contemplate hybrid algorithms adaptable to diverse video sources, prioritizing
versatility over performance.

1.4.3 Anomaly Recognition

Anomaly detection in videos is an area that often receives less attention compared to other computer
vision domains. The challenges stem from the absence of a 'classic' use case, the more restrictive natutre
of data annotation, and the prerequisite for a preceding multi-object tracking module. Compounded by
the lack of a universally accepted evaluation benchmark, this area presents complexities within the scope
of a time-constrained research project.

Within this section, we contribute by implementing algorithms targeting three specific anomalies:
evaluating crowd density, detecting unusual presence in defined areas, and identifying instances of
individuals falling.

To enhance fall detection, we integrate the state-of-the-art ViTPose [5] model, a Vision Transformer
dedicated to accurate body pose estimation. Furthermore, we explore additional strategies for anomaly
detection, leveraging the capabilities of deep learning models to deepen our understanding of the field.
The proposed solutions, although rooted in simplicity, fill a gap in research by presenting high-
performance, adaptable algorithms for these specific use cases. These contributions may serve as a
valuable foundation for future endeavors in anomaly detection research, particularly in scenarios
involving human crowds.

1.4.4 End-to-end Pipeline through a Web Application

The culmination of our efforts results in a proof of concept—a robust end-to-end pipeline connecting
Multi-Object Detection, Multi-Object Tracking, and Anomaly Detection modules. This is complemented
by the creation of a demonstrative web platform using Streamlit.

The platform allows users to interactively explore each module, select specific models or algorithms for
inference, download the output and includes direct visualization features. We emphasize the intuitiveness
of the platform, accompanied by comprehensive documentation to facilitate user-friendly navigation and
adoption.



2 Theory

This section aims to introduce the main concepts discussed in this thesis. We assume a background in
computer science, machine learning and mathematics on the part of the reader.

2.1 Video data and video processing

Video is a dynamic representation of visual information, comprising a sequence of images referred to as
frames displayed at a rapid rate. In the digital realm, images are stored as a mosaic of tiny squares called
pixels. These pixels store color information, represented as numerical values. Each frame captures a
specific moment in the visual scene, and the rapid succession of frames creates the illusion of motion.
Crucial factors influencing video quality include resolution and frame rate.

Similar to audio signals, video signals can be expressed numerically as a time series. In our digital context,
each pixel's color and intensity are assigned numerical values, creating a digital representation of visual
content. For this project, we'll be working mainly with Red-Green-Blue (RGB) vector images. In RGB,
each pixel is represented by three numbers corresponding to red, green, and blue values, each ranging
from 0 to 255 (as these are 8-bit numbers). The combination of these values generates a specific shade
among the 16.8 million possible color combinations.

The spatial resolution of a video, denoting the number of pixels per unit area, dictates the clarity and
detail of visual information. Common resolutions include High Definition (HD) with 1920x1080 pixels
and Ultra High Definition (UHD) with 3840x2160 pixels. A UHD image is represented as an array of
size (3840, 2160, 3), with 3840 as the width, 2160 as the height, and 3 representing the RGB values of
each pixel.

Figure 2.1.1 — Schematic representation of a RGB image

In our project pipeline, we may find it necessary to resize video frames. However, given that digital
electronics operate with discrete numbers while human experiences are often analog, we need to consider
the sampling rate. The Shannon-Nyquist theorem helps us determine the optimal point at which all
necessary information is recorded without unnecessary resource consumption. Anti-aliasing techniques
are employed where needed to prevent distortion.

The frame rate, measured in frames per second (fps), indicates how many individual frames are displayed
in one second. Standard frame rates range from 24 fps for cinematic content to 60 fps for smoother



motion. In this project, video frames are typically sampled at a rate of fps = 30, meaning a 1-second video
sequence consists of 30 frames.

Figure 2.1.2 - Video schematic

We are talking about “offline” processing when analyzing pre-recorded video data after the recording has
completed, and “online” processing when analyzing video in real-time as it is being captured or streamed.
During this project, we will use an offline process, but we will try to develop models and algorithms that
can meet the requirements of an online process, particularly in terms of frames processed per second (we
will use a real-time offline processing).

2.2 Computer Vision

2.2.1 Essential Concepts

In the descriptions of our tracking algorithms and evaluation metrics, we will touch upon certain notions
or objects from Computer Vision that are essential to introduce for a nuanced understanding of the
concepts presented.

2.2.1.1 IoU (intersection over union)

IoU, or Intersection over Union, is a commonly used metric in the field of computer vision for assessing
the accuracy of object detection algorithms. It measures the area of overlap between the predicted
bounding box and the ground truth bounding box relative to the area of their union. This metric provides
an indication of how accurately objects are localized within an image. A higher IoU value signifies a better
match between the model's predictions and the actual location of objects.

Figure 2.2.1 - IoU measure between two bouding boxes (5)

2.2.1.2 Kalman Filter

The Kalman filter is an algorithm used for estimating the state of a dynamic system from a series of noisy
measurements. Within tracking algorithms, the Kalman filter is employed to estimate and predict the
trajectories of moving objects based on their previous positions.



Mathematically, the Kalman filter follows two main steps: prediction and update. In a discrete context, it
acts as a recursive estimator: to estimate the current state, only the previous state's estimate and the
current measurements are needed.

The prediction of the actual state is achieved through the following linear evolution law:
Xijk-1 = FiXk-1jk-1 + Brug

and predicting the covariance of the estimation error:
— T
Pric—1 = FiProqj—1Fi + Qx

with:
- Xk-1|k—1, the state estimate at time K based on all observations up to time k — 1
- Py_1jx-1, the estimate error covariance at time k based on all observations up to time k — 1
- Fj, the state transition matrix for the time step from k — 1 to k
- By, the control input model at time k
- Uy, the control vector at time k
- Q. the process noise covatiance at time k

Figure 2.2.2 - Performance exemple of Kalman Filter on a Time Series (6)

In practical terms, the Kalman filter enables a more efficient track association process between detections
at state k and the position estimates of detections from state kK — 1, as opposed to directly using the
detections from state k-1 while assuming the object's inter-frame movement to be negligible. This
method significantly improves the accuracy of tracking by dynamically adjusting the predicted positions
based on previous movements and the latest observations, thereby accommodating for any potential
changes in speed or direction of the tracked objects.



Figure 2.2.3 - Advantage of using Kalmann filter predictions for IoU (6)

2.2.1.3 Hungarian Algorithm

The Hungarian algorithm is utilized to optimally match detected objects with tracked objects in tracking.
Its goal is to minimize the total cost of association by assigning each detected object to a tracked object,
based on criteria such as spatial proximity and similarity between object features.

Here's a general outline of its 6 main operations:

1 - Initialization

Applied to tracking task, the algorithm initializes
the cost matrix representing the distance
between detected objects in two successive
images (using future position estimates from the
Kalman filter).

Let C be anm * N cost matrix where Cy j represents the
cost of associating element U from the first partition with
element J from the second partition.

2 - Matrix Reduction
The algorithm performs operations to reduce
the initial cost matrix. This generally involves
subtracting the minimum of each row and each
column from the cost matrix, so that each row
and each column contain at least one zero.

For each row of matrix C, subtract the row minimum
from all elements in that row. For each colummn of matrix
C, subtract the column minimum from all elements in
that columm.

3 - Zero Selection
The algorithm selects zeros in the cost matrix in
such a way that no zero shares the same row or
column. This ensures that each element is
associated with only one other element.

Select a set of Zeros in C so that no zero shares the same
row or colummn. NMark a potential association for each
selected zero.

4 - Zero Marking
Once zeros have been selected, the algorithm

marks these zeros as "potential associations."
Then, it tries to mark as many zeros as possible
while maintaining the goal of associating each
element with only one other element.
Mark as many Zeros as possible while adbering to the
rule of not sharing the same row or colunn.

5 - Feasibility Test

The algorithm checks if a feasible solution has
been found. A feasible solution means that it's
possible to associate each element with only one
other element without violating the algorithm's
constraints.

Check if each element is associated with exactly one other
element. If 5o, a feasible solution has been found.
Otherwise, proceed to the next step.

6 - Cost Updating

If a feasible solution has not been found, the
algorithm updates the costs in the matrix to
make a new attempt more likely. This involves
adjusting the costs of unselected elements or
other strategies aimed at facilitating the selection
of a feasible solution.

If a feasible solution hasn't been found, adjust the costs in
matrix C to make a new attempt more likely. For
example, if no zero was selected in a row or colummn,
increase all elements in that row or column by the same
valne.




Repetition
Steps 2 through 6 are repeated until a feasible solution is found. Once a feasible solution is identified, it
is considered the optimal solution to the association problem.

Figure 2.2.4 - Process of Hungarian Algortihm [29]

The Hungarian algorithm guarantees finding the optimal solution for the bipartite matching problem.
However, its complexity is O(n®), where n is the size of the cost matrix, making it less efficient for
processing large instances. Despite this, it remains widely used due to its guarantee of finding the optimal
solution.

2.2.2 Discussed Tracking Algorithms

For our benchmark, we have selected detection-based tracking algorithms that exhibit various levels of
complexity and have provided, or are currently offering, state-of-the-art performance. We prefer versatile
algorithms, those that are plug-and-play or can be easily integrated into an architecture if possible.

Therefore, we will work with SORT (Simple Online and Real-time Tracking) [6], DeepSORT (Simple
Online and Realtime Tracking with a Deep Association Metric) [7], BYTETrack [8] and SparseTrack [9].

2.2.2.1 SORT (Simple Online and Real-time Tracking)

SORT is a straightforward implementation of a multi-object tracking framework based on basic data
association and state estimation techniques. It's designed for online tracking applications where only past
and current images are available, and where the method generates track identities on the fly. It lacks
specific features to handle occlusion or the re-introduction of objects; its aim is to provide a foundation
for the development of more sophisticated algorithms. Understanding its structure and operation is
crucial for discussing other tracking techniques.

The operation of SORT revolves around three key aspects: estimation, association, and the creation and
deletion of tracks.
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Figure 2.2.5 - SORT process (7)

Estimation

The estimation phase of SORT is tasked with predicting the future positions of tracked objects in video
frames. In other terms, it involves estimating the inter-frame movements of objects. To achieve this,
SORT relies on a linear constant velocity model, assuming that each target moves at a constant speed
between frames. This model is applied independently to each tracked object, without considering the
movement of the camera or other objects.

The state of each track (i.e., identity) is represented by a state vector, typically denoted as x, which includes
information such as the horizontal and vertical position of the target's center, size, aspect ratio, as well as
velocity components in each direction. When a detection is associated with a track, the detection's
bounding box is used to update the track's state. The adjustment and estimation of the target's velocity
components are performed using a Kalman filter, an algorithm generally used to estimate the state of a
dynamic system from a series of noisy measurements.

Association

The association phase of SORT optimally matches object detections in a frame with tracks from previous
images and their position estimates provided by the estimation phase, all while minimizing a defined
association cost.

This association cost is a measure of the likelihood that a detection is associated with a track. It is
calculated between each possible pairing as the Intersection over Union (IoU) distance of the areas of
the predicted and estimated position bounding boxes. In more recent tracking algorithms, the association
cost can incorporate features other than IoU, such as a measure of appearance similarity or contextual
information about the image.

Using the cost matrix of associations, SORT secks to find the optimal combination that minimizes the
total association cost. This task is executed by a Hungarian algorithm. As a result of this combinatorial
algorithm, each combination of associations is rejected if the IoU between the two proposals is less than
a minimum IoU threshold defined as a parameter of the algorithm.

Identities Creation

When objects enter and exit the frame, there is a need to assign or remove their identities, represented
by unique ID numbers.

For identity creation, SORT simply treats all detections not matched by the Hungarian algorithm and
presenting a confidence score above a certain threshold as a new track. This new track is initialized using
the coordinates of the bounding box, and its velocity is set to zero. The covariance of the velocity
component is set with high values to reflect the uncertainty of the measurement. To avoid a high number



of false positives, any new track is subjected to a probationary period during which it must be associated
with other detections to be validated.

A track will be deleted if it is not associated with any detection for a defined number of frames. This
helps avoid having too many tracks to consider, which, in addition to better reflecting the reality of targets
exiting the field of view, contributes to the algorithm's efficiency.

2.2.2.2 DeepSORT (Simple Online and Real-time Tracking with a Deep Association
Metric)

DeepSORT is an enhancement of the SORT framework that aims to better handle occlusions and thus
reduce the number of identity switches during tracking.

Its operation is based on that of SORT, with a few notable differences, the most significant of which is
the incorporation of a pre-trained CNN (Convolutional Neural Network) to extract significant features
from the image within the bounding box of the object. These extracted features are represented as feature
vectors. Each detected object is thus associated with a feature vector that abstractly represents it in a
vector space. In our case, the CNN inherent to DeepSORT is specifically trained for pedestrian
discrimination on a large dataset for person re-identification. These feature embeddings allow for the
replacement of the previous association metric with a new, higher-level one that combines information
on the movements of objects with appearance characteristics. This results in a more precise and robust
association by capturing richer information on the appearance and characteristics of objects.
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Figure 2.2.6 - DeepSORT process (8)

New Association Metric

More specifically, this new metric is based on the calculation of two distances - the Mahalanobis distance
and a cosine similarity distance.

The Mahalanobis distance calculation between the estimated states of the Kalman filter and the new
detections allows for better consideration of the inter-frame movements of objects. It is obtained using
the following formula:

dVG, ) = (d=y)TS; 7 (dj—y)
Where (y;,S;) represents the projection in our measurement space of track i and d; that of the
bounding box of the j-th detection.

Just as with updating the states of the Kalman filter, the Mahalanobis distance considers its uncertainty
by measuring how many standard deviations the detection is away from the track.

In its associative process, DeepSORT incorporates a distance based on an appearance descriptor
obtained through a CNN. For each detection d;, the CNN calculates an appearance descriptor 7; whose



norm equals 1. For each track k a gallery of appearance descriptors Ry, = {r(®, }-x =1 15 maintained

over the last L, = 100 last frames.
The second distance used by DeepSORT is the measure of cosine similarity between the aspects of the
i-th track and the j-th detection:

d@(,j) =min {1 —r,"r®, | r®, € R}

This cosine distance specifically addresses the issue of sudden camera movements altering the
Mahalanobis distance measurements and cases of prolonged occlusions.

The new association metric used by DeepSORT is obtained by combining these two distances with the
formula:

¢;j =MD+ 1 -0)dD(,))
where ¢; j is the association cost of track { with detection j, and A is a hyperparameter associated with
the consideration of each of the two distances in the final cost. It appears prudent to adjust A towards a

lower value in the presence of abrupt camera movements that distort position estimation.

Cascade Association

DeepSORT addresses the association problem through cascaded matching. This matching cascade
prioritizes objects that have been seen more frequently, by first associating detections with the most
recent tracks before considering lost tracks. This methodology accounts for the increasing uncertainty
associated with the position of objects when they are occluded for an extended period.

2.2.2.3 BYTETrack

BYTETrack is a state-of-the-art tracking algorithm designed to address the issue of high false-negative
rates revealed by the confidence threshold defined within SORT. To overcome this, BYTETrack
implements a new method of association by using almost all detections, rather than only those with a
high confidence score.

The foundational premise of BYTETrack is inspired by a quote from Hegel: "What is rational is real;
what is real is rational." Hegel believed that the universe is rational, and everything that happens in the
real world is necessarily rational, even if it may seem irrational or contradictory at first glance.

By extending this logic, it can be considered that low-confidence detections sometimes indicate the
existence of objects, often occluded ones. Filtering out these objects leads to tracking errors and results
in significant detection omissions and fragmented trajectories.

Figure 2.2.7 - Reasonning behind ByeTrack. In dot, the predictions of Kalmann Filter [8]



BYTETrack first matches bounding boxes with the highest scores to tracks based on movement or
appearance similarity (in our case, we will use a motion-based association metric as in SORT). The result
obtained after this initial association step corresponds to part (b) of the figure mentioned eatlier.
Subsequently, the remaining tracks and detections with lower scores are matched using the same principle
as in the first phase. This results in less fragmented and more robust tracking, as illustrated in part (c) of
the figure above.

Due to its simplicity, an infinite number of other methods can be compatible with BYTETrack. In the
aftermentioned pseudocode, for instance, we have the freedom to choose any similarity measure for
association, whether it's based on re-identification methodology, attention mechanisms, movement
evaluation, or chain creation. In its research paper, BY TETrack is applied to enhance 9 state-of-the-art
trackers.

Figure 2.2.8 - Pseudo-code of ByteTrack [8]

2.2.2.4 SparseTrack

SparseTrack is among the most recent advancements in state-of-the-art multi-object tracking, following
the detection-association paradigm. It aims to address both the limitations of BY TETrack when applied
to sequences with numerous occlusions and those of methods using temporal modeling mechanisms or
trajectory querying, which are often more computationally expensive and not suitable for online use.

SparseTrack introduces the concept of "pseudo-depth" for bounding boxes. Based on the assumption
that the camera is positioned above a relatively flat ground, this measure aims to simulate the
consideration of a third dimension for association purposes. It represents the "pseudo-depth" of a



bounding box by the distance between its bottom and the bottom of the image. The pseudo-depth is
used to modify prioritization in the association process, based on the premise that among adjacent
bounding boxes, depths play a more significant role than the bounding boxes' coordinates in linking
detections to tracks.

Figure 2.2.9 - Occlusion Order vs Pseudo-Depth order [9]

Based on this notion of pseudo-depth, SparseTrack then introduces a Depth Cascade Matching (DCM)
algorithm that associates tracks and detections based on pseudo-depth. More specifically, DCM
segregates tracks and detections into subsets based on the distributions of their pseudo-depths. Then,
the algorithm performs IoU-based association in ascending order of pseudo-depth (from closest to
farthest) for each defined subset.

Figure 2.2.10 - Functionning of DCM [9]

Finally, in the spirit of BY TETrack, SparseTrack also considers almost all bounding boxes, separating
detections into two sets based on their confidence scores. The DCM algorithm is applied to each set of
detections. Detections with lower scores will also receive tracks and detections unassociated from the
DCM applied to detections with higher scores.

Figure 2.2.11 - Global Functionning of SparseTrack [9]



Similar to the previously discussed trackers, SparseTrack meets one of our main selection criteria by being
plug-and-play. It can be easily integrated with other trackers due to its versatility and the simplicity of its
architecture, the essence of SparseTrack being its Depth Cascade Matching (DCM) algorithm.

2.2.3 Metrics

Within this work, we will be required to assess tracking algorithms. As such, it is imperative to select well-
chosen and complementary metrics that reveal all the performance characteristics of a tracking system.
We will choose to base our benchmark on three metrics: HOTA [10], MOTA [11], and IDF1 [12].

In this part, the "detections" we refer to will be of the same nature as those produced by our implemented
detector. However, the presence of thresholds and operations inherent to tracking algorithms, acting at
the level of detections, can modify them. Therefore, it is the detections outputted by our trackers that
will be addressed here.

2.2.3.1 HOTA Metric (Higher Order Tracking Accuracy)
The HOTA metric can be viewed as a blend of three IoU (Intersection over Union) scores related to
performance in detection, localization, and association aspects of our system, thus considering every

critical facet of a tracking algorithm.

IoU Score Related to Detection

This score aims to assess the alignment between detections within the ground-truth trajectory and the
predicted trajectory. To achieve this, it employs a principle similar to the one used in the association
process of our tracking algorithms: it defines an IoU threshold (Loc-IoU) above which the predicted and
ground-truth detections are considered to intersect, and then a one-to-one correspondence is determined
between detections of both trajectories via the Hungarian algorithm. Each pair of associations is termed
a “True Positive” (TP), and thus, the set of TPs can be seen as the intersection between the two sets of
detections. Detections within the ground-truth and predicted trajectories that are not associated are
labeled as “False Negatives” (FN) and “False Positives” (FP), respectively.

Det-IoU is obtained by the formula:
ITP|

|TP| + |FN| + |FP]|

Det IoU =

DetA (detection accuracy) is the Det-IoU metric generalised to all our trajectories:

|ITP|
|TP| + |FN| + |FP]|

DetA = Det IoU =

IoU Score Related to Localisation

The localization score, referred to as Loc-IoU, measures the localization accuracy of a True Positive (TP).
It is simply calculated by dividing the intersection of the predicted and ground-truth bounding boxes by
their union. Hence, it serves as a measure of the quality of the predicted positions.



Figure 2.2.12 - Fonctionning of IoULoc (9)

This metric is generalized across all trajectories by calculating the average of the Loc-IoU scores
computed for each association:

1
LocA = — Loc IoU(c
oc 7P| E (©)
CETP
The HOTA metric is unique in our benchmark for incorporating a measure of the localization of

predictions.

IoU Score Related to Association

Finally, this last IoU score is dedicated to measuring a tracket's effectiveness in maintaining a coherent
link over time between detections and an identity (i.e., a track). Unlike DetA, which informed about the
proportion of detections that had been associated, AssA will provide us with information on the quality
of these associations, on the alighment between predicted and actual tracks.

It measures the overall alignment on each True Positive (TP) between the entire trajectories associated
with the predicted and ground-truth detections. This alignhment (named Ass-IoU) is obtained with:
|TPA|

[TPA| + |FNA| + |FPA]

Ass IoU =

where TPA (True Positive Associations), FNA (False Negative Associations), and FPA (False Positive
Associations) represent the numbers of correctly made detection associations, those from the ground-
truth trajectory not present in the predicted trajectory, and those from the predicted trajectory not present
in the ground-truth, respectively. FPAs may correspond to another ground-truth trajectory or possess no
identity.

These values can be illustrated in the figure provided below:

Figure 2.2.13 - Illustration of TPA, FNA, FPA values (10)



The process of calculating the track association score is performed offline (once the tracking is fully
completed and the predictions of future positions of a track are already known).

Loc-ToU, Det-IoU, and Ass-IoU share the same fundamental structure: a ratio between intersection and
union. While Det-IoU informs us about the macro correspondence between the detections of the
predicted trajectory and the ground-truth trajectory, Ass-IoU and Loc-IoU provide more detailed
information on the inter-detection alignment between the two tracks and the quality of the bounding box
alighments of the associations, respectively. It is important to note that Det-IoU operates solely based
on detections without considering the quality of the tracket's association, whereas, conversely, Ass-IoU
is based on the robustness of the association, independent of the number of detections considered.

In the same way as mentioned previously, we are able to generalize this measure across our entire dataset
(AssA score) by calculating the average of the scores obtained for each TP:

1
AssA = W z Ass IoU(c)

CETP

A 1 |ITPA(c)|
AsSA = 1rp ITPA(S)| + [FNA(C)| + [FPA(C)|

CETP

Combining IoU Scores

The HOTA metric is defined as the geometric mean of the IoU scores DetA and AssA using the
following formula:

Hota, = \/DetA, X AssAq

\/ZCeTPASS IoU,(c)
TP, |+ |FNg| + |FP|

Hota,

Hota = f Hota,
0<a<1

0.95

Hota=E z Hota,

a=0.05
a+=0.05

Each of the metrics DetA and AssA is defined using a Hungarian algorithm based on a certain threshold
value of Loc-IoU. Here, « corresponds to this threshold value.

The HOTA metric that is ultimately used is obtained by integrating the HOTA, scores obtained for each
value of « ranging from 0.05 to 0.95, with a step of 0.05.

2.2.3.2 MOTA Metric (Multiple Object Tracking Accuracy)

The MOTA metric is a performance measure for tracking that operates by iterating over detections (as
opposed to considering the tracks in their entirety). It is calculated by accounting for three types of errors:
false positives (incorrect detections incorporated into the track - FP), false negatives (instances where the
target is not included but should have been - FN), and identity switches (incorrect identity changes -

IDSW).



Identity switches are tracking errors that occur when the system wrongly associates a detection from one
track to the ground truth track. For example, if in frame 1, the correspondence is established between
the ground truth track P1 and the tracking model's track (ID3) recorded as the pair (1, 3). If, in the next
frame, the identity P1 is associated with a different identity (ID4), the mismatch error (IDSW) is
incremented by 1. The pair (1,3) will be removed, and the pair (1,4) will be considered in subsequent
frames.

With this information, we can calculate the MOTA value by subtracting from 1 the sum of false positives,
false negatives, and identity switches divided by the total number of true positives (gtDet), using the
formula:

|FN| + |FP| + |IDSW]|

MOTA =1 —
|gtDet]|

2.2.3.3 IDF1 Metric (Integrated Detection and False Positive Identification)

The IDF1 metric performs a bijective matching between the set of real (ground truth) trajectories and
the predicted trajectories. IDF1 defines new types of matches:

- IDTP (Identity True Positives): These are the associations of detections correctly established on
the overlapping parts (where S = «, S being an IoU threshold) of the trajectories being matched.

- IDFN (Identity False Negatives): These are the detections from the real trajectory not present in
the predicted trajectory, either because the object was not detected by the detector or because
the detection was matched with a different trajectory.

- IDFP (Identity False Positives): These are the predicted detections falsely associated with a
trajectory. This can be due to the prediction of a non-existent object in the image or to the
prediction of an existing object but falsely associated with the trajectory.

These matches allow us to calculate the IDF1 score using the following formula:

|IDTP|

IDF1 =
|IDTP| + 0.5|IDFN| + 0.5|IDFP]

Figure 2.2.14 - Measurement difference between MOTA and IDF1 on examples on two trackers [30]

This metric is a better measure of the coherence and robustness of a track than the MOTA metric, which
provides more insight into the completeness and conciseness of the detections defining the tracking.



Each of these metrics is expressed with a score from 0 to 1 (from 0 to 100 when expressed as a
percentage), where 0 indicates a poor score and 1 a perfect score. They measure the performance of one
or several characteristics of tracking, from detection to association and localization.

The HOTA metric is the most "balanced" and inclusive of each aspect of detection-based tracking.
Moreover, it is the only one to integrate a measure of the localization of predictions. The MOTA metric
provides information on detection performance levels, and IDF1 focuses on associations.

Figure 2.2.15 - Information carried by metrics (10)

The choice of the best tracker does not depend on a particular metric but rather on the specific
application case. In our situation, where we do not prioritize one aspect over another, we will choose
HOTA as the best metric, as it does not induce a particular bias between detection and association.

2.3 Neural network and Deep Learning

2.3.1 Glossary

In this work, we will explore various artificial intelligence algorithms designed to address challenges
presented by diverse problem scenarios. This subsection provides precise definitions for the technical
terms specific to artificial intelligence and introduces the methodologies that will guide our exploration.

- Supervised / unsupervised learning: These are the two main approaches of a machine learning
problem. Supervised learning involves training a model using labeled data, where the algorithm
learns to map input data to corresponding output labels. In unsupervised learning, the model
explores the inherent structures of the dataset independently, without explicit guidance or labeled
examples.

- Classification / regression: Classification and regression represent distinct tasks within
supervised learning, each tailored to different prediction objectives. Classification focuses on
assigning input data to predefined categories or classes, determining the appropriate label for a
given input while regression is geared towards predicting numerical values, estimating a numerical
output rather than discrete classes.

2.3.2 Definitions

Neural networks are drawing their inspiration from the workings of biological brains. It consists of
interconnected nodes, or "neurons," organized in layers that collaboratively process and learn from input
data. Each neuron receives information from neighbouring neurons, applies an activation function (for
non-linearity), and transmits the output to subsequent neurons. The learning process involves optimizing
a defined loss function, primarily dependent on the specific task at hand.



Figure 2.3.1 - Forward propagation of information through a single neuron (11)

Deep Learning (DL) represents a subset of machine learning techniques that relies on artificial neural
networks (ANNSs) incorporating feature learning (aka representation learning), a set of techniques
enabling a system to autonomously discover the representations needed for feature detection or
classification from raw data.

A neural network is deemed a "Deep Neural Network" (DNN) when it incorporates layers of hidden
neurons between the input and output layers. The depth of the network increases with the number of
layers.

There are many types of layers used to build a DNN including:

- The convolutional layer (CONV): The convolutional layer serves as the initial stage for

extracting features from input data. In this layer, a convolution operation is applied. This
operation is basically an aggregation of local pixel® information to capture relationships between
neighboring pixels. Convolution is performed between the input data and a filter, also known as
a “kernel”, which slides across the input at different positions. At each position, an element-wise
multiplication occurs between the values of the kernel matrix and the pixel values in the input it
lines-up with. The results of these multiplications are summed to produce a single value,
constituting the output of the convolution operation for that specific position of the kernel in
the input.
The output of this layer is referred to as "Feature Map" providing key information about the
content within the input data. Each element of the feature map represents the activation of a
specific neuron in the network, and its value represents the degree to which the corresponding
feature of the neuron is present in the input.

Figure 2.3.2 - Convolution operation applied to a 2D input. This process can be generalized in other dimensions (12)

? reminder: in the digital realm, images can be represented by atrays of size width x height x channels,
whose values represent pixel colors or intensities.



The size of the output feature map is influenced by factors such as the size of the input, the size
of the kernel, and the stride - the numbers of pixels the window moves after each operation.
The number of kernels affects the depth of the output and the number of feature map generated
within the convolutional layer.

The pooling layer (POOL): The pooling layer is a sub-sampling operation typically applied
after a convolutional layer when the dimension of the data is still too large. The principle is similar
to that of the convolutional layer, but simpler. A filter "slides" over each region of our input data,
and for each filter position, we retrieve the minimum, maximum, median or average value of the
set of pixels concerned. The most popular types of pooling are max and average pooling.

Max pooling
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87153
2x2 pooling, 13| 14
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1312 |10| 3 Average pooling
914(5|14 9|5
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Figure 2.3.3 - Max and average Pooling layer operation oproaches [28]

The fully connected layer (FC): The Fully Connected layer consists of weights, biases, and
neurons, facilitating connections between two different layers. Typically positioned before the
output layer, the fully connected layers are crucial components found in the latter part of a DNN
architecture.

After flattening the data, the fully connected layer connects every neuron in one layer to every
neuron in the next, facilitating the learning of complex patterns and hierarchical features. Fully
Connected layers are crucial for tasks like classification, where the final layers contribute to
making predictions based on the learned features.

Figure 2.3.4 - Schematization of a convolutional layer vs a fully connected layer (13)



2.3.3 Main deep neural networks architectures

In supervised learning with Deep Neural Networks (IDNNs), the main types of architectures commonly
used are:

Feedforward  Neural Networks
(FNNs): FNNs are the most basic form
of neural networks. They consist of an
input layer, one or more hidden layers,
and an output layer. Information flows
through the network in one direction,
from the input layer to the output layer,
without any cycles or loops. Each
neuron in a layer is connected to every
neuron in the subsequent layer. The
activation of neurons is determined by a
weighted sum of inputs, passed through
an activation function. FNNs are
versatile, easy to train and suitable for
tasks where the input and output data
have a clear mapping, making them
widely used in pattern recognition tasks.

Recurrent Neural Networks
(RNNs): RNNs have connections that
form a directed cycle, allowing them to
capture sequential dependencies in data.
They have a hidden state that retains
information about previous inputs in the
sequence. Long Short-Term Memory
(LSTM) and Gated Recurrent Unit
(GRU) are specialized ~ RNN
architectures designed to address the
vanishing gradient problem. RNNs are
suitable for tasks where the order of
sequence of data is crucial, such as
natural language processing, time series
prediction, and speech recognition. The
ability to retain memory of previous
inputs makes them effective in handling
sequential data.

Figure 2.3.5 - FNN architecture vs RNN architecture (14)

Convolutional Neural Networks (CNNs): CNNs are designed specifically for tasks involving
grid-like spatially structured data, such as images. CNNs typically have convolutional layers
followed by pooling layers and fully connected layers for classification. CNNs excel in capturing
spatial hierarchies and local patterns. The convolutional layers help in detecting local features like
edges, textures, and shapes, and the pooling layers reduce the spatial dimensions while retaining
important information. CNNs are widely used in image classification, object detection, and image
segmentation tasks. This structure will serve as the basis for the design of many of the models

studied in this thesis.

Convolution

Input

Pooling ___.--

Fully
Connected

Feature Extraction

Figure 2.3.6 — Basic CNN architecture (15)
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2.3.4 Deep neural networks for image processing

In image processing, DNNs especially CNNs, particularly useful for image processing, serve as the
backbone for intricate feature extraction and pattern recognition. Several more complex architectures,
including R-CNN (Region-based Convolutional Neural Networks) [13], FPN (Feature Pyramid
Networks) [14] and RPN (Region Proposal Network) [15], have paved the way for more efficient and
accurate object detection.

2.3.4.1 R-CNNs for image processing

The inability of standard CNNs to detect a variable number of objects in an image (due to the fixed
length of its output layer) led to the need for a solution incorporating a region proposal module.
R-CNN pioneered a two-step approach to object detection, starting with region proposal and followed
by classification.

During the region proposal phase, potential object regions are generated using selective search [25].
These cropped regions then undergo CNN-based feature extraction, transforming each region proposal
into a fixed-length feature vector which will be fed into fully connected layers responsible for object
classification and bounding box regression. The classification layer predicts the probability of the
presence of an object within the region proposal, and the regression layer refines the bounding box
coordinates to better fit the object.

Figure 2.3.7 - Object detection system for R-CNN [13]

While R-CNN laid the foundation for object detection, its computational inefficiency arises from
independently processing each of the ~2000 proposed region. These limitations prompted advancements
towards a more streamlined architecture, Fast R-CNN [10].

Fast R-CNN introduced the Rol (Region of Interest) pooling layer. Instead of independently processing
each of the region proposal, Fast R-CNN performs feature extraction on the entire image and then uses
Rol pooling to extract features specific to each region proposal. This significantly improves efficiency by
eliminating redundant computations.

Still, both architectures use selective search to find out region proposals. The selective search algorithm
being a time-consuming fixed algorithm, no learning is happening at that stage, resulting in bad candidate
region proposals.

To make up for this shortfall, Faster R-CNN [15] takes a step further by integrating a RPN directly into
the network instead of selective search. The RPN is a convolution network that functions as a cognitive
"attention" mechanism for our Faster R-CNN module, telling it "where to look" within the image. It
generates a set of rectangular object proposals as a part of the overall architecture (each with an
“objectness” score, a membership measure to a set of object classes vs. background). The ROI cropping



is done on the extracted feature map streamlining the entire object detection process. This innovation
improves both speed and accuracy, making Faster R-CNN one of the most reliable SOTA models.

Figure 2.3.8- Structure of Faster-RCNN & Comparison of test time speed for R-CNN object detectors. The RPN module serves as the
‘attention’ of this unified network [15] (106)

2.3.4.2 FPNs for image processing

Feature Pyramid Networks (FPNs) tackle challenges related to varying object sizes within an image. CNN
operates on a hierarchical structure where the resolution of the feature map decreases with each layer
while the semantic richness captured by deeper layers intensifies. The trade-off is that semantically robust
features become spatially coarser due to downsampling.

FPNs addresses this problem by employing an architecture consisting of two pathways: a normal feed-
forward CNN (bottom-up pathway) and a top-down design with lateral connections, enabling the
creation of a feature pyramid that merges features from different layers and thus enhances the network's
ability to detect objects at both fine and coarse levels.

Figure 2.3.9 - Two FPNs architectures. On top predictions are made only on the finest level while on the bottom predictions are made at
all levels (17)

FPNs also have the advantage of being extremely versatile in their possible applications. They find
applications in improving both RPN and Fast R-CNN / Faster R-CNN. For RPN, FPN replaces the
single-scale feature map with a feature pyramid, improving speed and accuracy. For Fast R-CNN and



Faster R-CN, FPN enables the assignment of Rols of different scales to pyramid levels, enhancing the
adaptability of the region-based object detector.

2.3.4.3 SOTA’s approaches for object detections

Building upon the principles elucidated by the fundamental DNNs for image processing, contemporary
approaches push the boundaries of performance. In particular, we'll be looking at the Detectron2
framework and the YOLOvV8 (You only look once) object detection model.

Building upon the success of its predecessor, Detectron2 is a state-of-the-art object detection system
developed by Facebook AI Research (FAIR). Detectron2 is built on a modular and flexible platform,
allowing easy experimentation and customization. It supports various computer vision tasks including
object detection. In our case, the most interesting aspect of detectron2 is its large zoo of SOTA models
for object detection, including Cascade R-CNNs [17] and Faster R-CNNs.

In this thesis, we will use the "R101-FPN" model provided by Detectron2. This model is an instance of
the two-steps Faster R-CNN architecture with a ResNet-101 backbone and a FPN serving as RPN. It is
therefore a combination of ResNet-101 and previous concepts we have discussed in this work.
ResNet-101 is a CNN architecture that belongs to the ResNet (Residual Network) family. “101” stands
for the number of layers. It was introduced to address the challenge of training very deep neural networks,
its key innovation being the use of residual learning blocks, which introduce shortcut connections or skip
connections.

While Faster RCNNs work by detecting possible regions of interest using a RPN, YOLO represents a
paradigm shift in object detection by adopting a single-step approach by using only one neural network
to predict both bounding boxes and class probabilities. YOLO's name, "You only look once", comes
from the fact that, unlike methods using an RPN, it traverses an image using a single iteration and thus,
achieves impressive real-time object detection speeds.

YOLO has seen many improvements in its architecture since its first release in 2015. However, its core
operating idea remains the same in each version. YOLO works by dividing an image into a grid for which
each cell predicts bounding boxes and class probabilities simultaneously.

Figure 2.3.10 - Philosophy of YOLOVT1 to tackle the single-step object detection (18)

YOLOVS, the latest release of YOLO, makes use of a few key components to perform object detection:
A backbone composed of convolutional layers that extract relevant features from the input image and a
novel decoupled head responsible for producing the final output of the model in the form of bounding
boxes and object classes from the features maps output by the backbone.
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Figure 2.3.11 - YOLOWS architecture (19)

More specifically, the “SPPEF” layer processes features at different scales, and “Upsample” layers increase
feature map resolution. The “C2f” module combines high-level features with context for improved
accuracy. The detection module uses convolution and linear layers for mapping features to output

bounding boxes and classes.

In YOLOVS, the head is decoupled, handling objectness, classification, and regression tasks
independently. This design enhances accuracy by allowing each branch to focus on its specific task. The
head, optimized for speed and accuracy, employs convolutional layers followed by a linear layer to predict

bounding boxes and class probabilities, with attention to channel count and kernel sizes.

The overall architecture of YOLOVS is designed to be fast and efficient, while still achieving high

detection accuracy.



3 Methods

To efficiently detect anomalies in a crowd, our approach involves addressing several critical aspects:
1. Event Detection Algorithms: We require algorithms capable of extracting contextual
information, particulatly from people's movements in video data.
2. Real-time Positional Knowledge: The accurate tracking of each detected person's position
throughout the video is crucial for effective anomaly detection.
3. Person Detection: Identifying and detecting individuals present in the video is a fundamental
prerequisite.
In practice, these requirements lead us to organize our work into a three-tiered pyramid structure, with
each level dedicated to a specific computer vision task: anomaly detection, multiple object tracking, and
multiple object detection.
This pyramid architecture signifies that the overall performance of our solution heavily depends on the
efficiency of the lower modules. Efficient people detection is essential for achieving high-performance
tracking, and robust tracking performance is imperative for effective anomaly detection.

This section will detail the work carried out on each module, as well as the implementation of a
demonstrative end-to-end application. These methods are based on the theoretical concepts introduced
earlier.

3.1 Framework and tools overview

During this project, our solution will be developed mainly with Python, an interpreted, multi-paradigm
and object-oriented programming language. Python is very versatile due to its wide range of open-source
libraries that meet all the needs encountered when building a DL pipeline.

Library Usage
pytorch Deel learning framework
torchvision Computer vision framework
OpenCV — cv2 Computer vision framework
numpy Arrays and matrix operations
ultralytics Object detection
streamlit Creation of interactive data applications

Table 3.1.1 - Main Python libraries used for this thesis

We used external resources such as the VSCode code editor, Amazon S3 buckets for storing datasets
and models and gitlab, a git-based DevOps software that can develop, secure, and operate software. We



also used collaborative work software, Confluence as a web-based corporate wiki and Jira for project-
specific ticket management. We also benefited from access to a remote server with a 32GB Nvidia
GPU, enabling us to train models rapidly.

3.2 Multi-object Detection

Our primary goal in the MOD module is to achieve real-time detection of people in videos, a crucial
module influencing subsequent module performance. Focusing on a single class (class 0, “person” or
"human"), we address a regression problem, emphasizing bounding box coordinate detection without
classification. Our objectives include real-time operation, handling occlusion challenges in crowded
scenes, ensuring dataset diversity, model versatility across various video sources, and benchmarking two
state-of-the-art methods: One-step for speed and Two-steps for reliability.

3.2.1 Datasets

The Common Objects in Context (COCO) [18] dataset is a widely used large-scale dataset for object
detection, segmentation, and captioning. It contains over 200,000 images with annotations for 80 object
categories (including the "person" class we're interested in here), making it valuable for training and
evaluating computer vision models.

Figure 3.2.1 - Annotated samples on COCO dataset

YOLOvV8 provides a model zoo pretrained on COCO. We ran a pretrained model inference to test its
performance on crowd images.

Figure 3.2.2 - Inference on pretrained YOLOv8n model on the COCO dataset. Confidence scores are entered at the top of the bounding
box, and the color varies according to the score (red for low confidence, green for high confidence).



Despite good detection of certain targets, the performance of the pre-trained model is unsatisfactory due
to the different characteristics between the "person" objects annotated in COCO and the humans present
in crowd images, which are much smaller, represented in poorer image quality and more often occluded.
This confirmed our need to build up a dataset dedicated to the specific detection of people in crowd
images. We want a versatile, fast and high-performance detector. To achieve this, we need to build up a
large dataset, with a variety of image formats and annotated people (different heights, inclusion of all
ethnic groups, etc.). Our first task was therefore to search for datasets that could be used for our task, or
to create our own by manual annotation if necessary.

This benchmark revealed that few datasets dedicated specifically to the detection of humans in crowd
scenes exist. We specifically targeted 4 datasets which, when combined, fulfilled all the requirements we
had set ourselves for this task: CrowdHuman [19], CityPersons [20], SmartCity [21], WiderPersons [22].

Number of | Number of | Average
Dataset Training Validation | Human Description
Images Images Density
CrowdHuman | 15,000 4,370 23 Crowd scenes of varying
densities
Pedestrians recorded in
CityPersons 2,975 500 7 street scenes from 50
cities
: CCTV-images captured in
Smart(ity >0 0 7 10 different cities
Images from a wide range
WiderPersons 8,000 1,000 31 of scenarios, with various
kind of occlusion

Table 3.2.1 - Datasets used to detect people in a crowd

Later, we will implement a fall detection algorithm in the anomaly detection module. It will then be
shown that our dataset, comprising mainly standing humans, suffers from too little diversity concerning
the poses of annotated humans, which will impair the performance of our detector when a person falls.
To alleviate this problem, we further increase the size of our dataset with additional third-party datasets
dedicated to the detection of humans in reclining, sitting or acting positions. These datasets are Newfall

[23] and ppl [24].

Number of | Number of | Average

Dataset Training Validation Human Description
Images Images Density

Newfall 91 0 1 Images of pepple lying or
falling
Images of people in
ppl 658 288 3 action in less
conventional positions

Table 3.2.2 - Third-party datasets used to help the detetions of unusual positions

We needed to define a standard format, common to all the images and annotations in our dataset. We
chose the YOLO data format and we implemented data processing methods to transform our data. The
YOLO format consists of one *.txt file per image within our dataset. If there are no objects in an image,
no *.txt file is necessary. The *.txt file should be formatted with one line per object in the class x_center
y_center width height format. The bounding box coordinates should be in normalized xywh (from 0 to
1). The data is organized in two datasets, train and val.



Figure 3.2.3 - YOLOvS8 annotation format (20)

Given the final size of our dataset, there was a high probability that a few annotation or image format
errors would have crept in. Although manual verification was not an option due to the amount of time
allocated to this project and the size of the dataset, we nevertheless carried out a data cleaning phase,
implementing methods to verify correct formatting. In particular, we focused on three anomalies:
corrupted images, duplicate annotated boxes and coordinates in YOLO, non-normalized or out-of-
bounds format.

After cleaning, we have 26239 images and ~605,000 occurrences in our training dataset, 5897 images for
~135,000 occurrences in our validation dataset.

Figure 3.2.4 - Sample images from our training dataset

3.2.2 Object detection models

Once we've built up our dataset, we'll move on to the models to be trained. For reliability, we'll be training
two different One-Step models, renowned for their speed, and a Two-Steps model, renowned for its
reliability and adaptability. We'll use the YOLOv8 model pre-trained on COCO as a baseline.

The Two-Steps model we have chosen is the R101-FPN model of Detectron2's zoo model. It is a variant
of the Faster R-CNN architecture incorporating a FPN backbone for hierarchical feature extraction from
input images with a bottom-up ResNet network, composed of four stages, each housing bottleneck
blocks. This backbone is further enriched with lateral connections and a top-down pathway, resulting in
the creation of feature pyramids. The architecture also encompasses a RPN employing convolutional
layers for objectness classification and anchor regression.



Under Detectron2, we don't have epochs, we are dealing with iterations. We start training our model on
our GPU over 25,000 iterations, saving the state of our model every 1,000 epochs. We use a batch_size
of 8 and a learning rate of 0.00025. We record the values of the various losses of our model on each
dataset, which we'll use to select the optimal model.

—— train loss
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Figure 3.2.5 - Total values of val and train loss during the training of the Faster RCNN

Still under Detectron2 and with the same parameters, we train a One-stage model named RetinatNet
[14]. Its architecture is also based on an FPN backbone placed on top of a feedforward ResNet
Architecture. To this Backbone RetinaNet attaches two sub-networks, one dedicated to the classification
of anchor boxes and the other to the regression of these boxes to the ground truth object box.

Figure 3.2.6 - Architecture of RetinaNet (21)
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Figure 3.2.7 - Total values of val and train loss during the training of the RetinaNet



Finally, our last trained model will be an instance of YOLOvVS, “YOLOv8n”, with 3.2M parameters. This
is the lightest and fastest architecture of YOLOVS, but the least robust.
We train this model in three modes:
- The model pre-trained on COCO, which will serve as the baseline for our evaluation benchmark
- The model trained on crowd datasets without including newfall and ppl datasets
- TFinally, the model trained on our entire dataset.

The models will be trained over 350 epochs, with batch sizes of 16 and a learning rate of 0.01. An early
stopping with a patience of 50 epochs has been implemented and activated during training.

Figure 3.2.8 - Loss and metric values recorded during YOLOVS training

In summary, for our benchmark, we will train 4 different models through three different architectures
and utilize a pre-trained YOLO model.

Detection Number of Cat Description
Model Parameters ategory escriptio
Utilizes a region-based
Faster network with shared features
RCNN: 61 M Two-Stage for faster and more accurate
R707-FPN object detection
Introduces a focal mechanism
RetinaNet: 57 M One-Stage to balapce object detect}on
across different scales using a
R _701_FPN .
convolutional neural network
Offers a real-time object
detection approach by
Yolov8: 26 M One-Stage performing detection in a
YOLOv8m single network pass,
optimizing computational
efficiency.

Table 3.2.3 - Summary of the approaches tested




3.3 Multi-object Tracking

In our study, we will employ a detection-based tracking method. In this approach, objects are identified
in each frame of the video sequence and then followed in subsequent frames by matching corresponding
object detections. This generally allows for the conceptualization of algorithms that strike a good balance
between reliability of outcomes and computation speed, appearing to be the most suitable representation
to address our problem. There are already algorithms capable of tracking based on detections; hence, our
initial task will involve identifying high-performing detection-based tracking algorithms. We will select a
few for further evaluation before investigating potential avenues for improvement.

We have already conducted a benchmark evaluation of multi-object detection models for our application.
We will reuse these models, which are trained to be easily generalized, fast, and, ultimately,
effective/reliable.

We will ensure our system can operate in real-time on a 30 fps video (i.e., it can perform detections and
tracking, excluding video encoding/decoding, in less than 0.03 seconds per frame), efficiently track
targets with minimal losses, and, most importantly, be versatile in functioning across videos from various
sources regardless of their context (e.g., CCTV, demonstrations, stadiums) or condition (e.g., lighting,
image quality, image format).

In conclusion, we will discuss the potential for our system to integrate other tracking algorithms based
on different methodologies.

3.4 Anomaly Detection

In this section, we will introduce implementations of algorithms dedicated to anomaly detection in
crowds. To operate, these algorithms will use video data of human crowds and tracking data provided by
our SparseTrack algorithm. These algorithms exhibit varying levels of complexity and are not directly
evaluable due to the absence of dedicated Open-Source Datasets. We could focus on detecting a single
anomaly and manually annotate a dataset for the task, but this would require more time and falls outside
the scope of our project. The idea here is instead to present outlines of simple algorithms that can serve
as baselines for more in-depth work.

These algorithms will focus on detecting 4 types of anomalies: Exceeded Capacity, Exceeded Presence
Time, Abnormal Location, and Fall Detection.

Our implementations will need to operate online but may require a period of video prior to their proper
functioning. We will detail each of these algorithms, their objectives and their implementations.

3.4.1 Exceeded Capacity

3.4.1.1 Opbjective

With this anomaly, we aim to trigger an alert when the camera detects an excessive number of object
occurrences within a defined area. Various levels of complexity are possible.
Here, we define 5 levels:
1. Counting the number of people per frame and comparing it to a predefined threshold.
2. Counting the number of people over segments of x seconds.
3. Automatically defining the threshold based on average attendances for the given time period,
followed by counting the number of people per frame.



4. Filtering objects included in the crowd count (by redefining the tracked classes and
implementing a presence authorization policy). For example, medical staff should not be
included in the crowd count in a hospital waiting room.

5. Implementing a count with moving camera or multi-camera systems.

We will focus on implementing an algorithm that accommodates complexity levels 1 to 3.

3.4.1.2 Implementation

To implement an algorithm capable of alerting to this anomaly, we will exclusively use the tracking data
from our system. Realizing the first level of complexity is relatively straightforward. We only need to
define a fixed threshold beyond which a capacity alert will be triggered, then iterate through each frame
one by one, counting the number of present identities and comparing this count to our threshold.

We then store each of the frame numbers during which the alert was triggered, as well as the relevant
identities.

However, in its current state, our algorithm is highly susceptible to both false positives and false negatives.
Furthermore, there are few application cases where we require frame-accurate precision (equivalent to
0.03 seconds for a video at 30 fps).

We enhance our algorithm by implementing a "sliding window" over which we calculate the average
number of identities detected across the frames and then check for alert triggers. The window's length
should be defined according to our specific needs and the desired level of precision. In a case where we
want our system to have a reaction time of less than 1 second when using a 30-fps video, we would use
a window size of fewer than 30 frames.

It should be noted that, from now on, our algorithm will not function in the first video second.
Depending on the use case, sometimes we may not want to check for capacity excess against a fixed
threshold but instead check for a sudden influx change. This information can be obtained through the
third version of our algorithm.

For the third level of complexity, we need to define the concept of a "cycle." In our scenatio, a cycle will
determine a complete iteration of the algorithm. A cycle will be divided according to a unit of time (i.e.,
a number of frames). For example, in the case of tracking applied to the surveillance of a public space,
the cycle of our algorithm will be one day, which we will choose to divide into 24 hours.

Our algorithm will operate in several phases: the "Collection" phase, where it will not have the capability
to trigger an alert, and then the "Calculation," "Alert," and "Update" phases, constituting the inference
process.

Figure 3.4.1 - Exceed Capacity Algorithm Process



- During the initial cycles, our algorithm calculates the average attendance and their standard
deviations for each time unit without the ability to trigger alerts. This is the "Collection" phase,
or the "data training" phase. The longer this phase, the more our algorithm will operate with
tracking data that are representative of different attendance situations, but the later it will be ready
to trigger alerts.

- Then, from cycle n where we consider our algorithm to be sufficiently "trained," we can proceed
with inference. The first step is to calculate the attendance over the last x frames (according to
the sliding window method defined previously).

- This value is then compared to the historical average value obtained for the time unit. If the
average attendance obtained over the last X frames exceeds the sum of the average over the time
unit plus a standard deviation, we are then 68% certain that there is an abnormal attendance, and
we trigger an alert. Note that this confidence interval can be adjusted according to specific needs.

- TFinally, at the end of the cycle, the algorithm updates its database by incorporating the average
attendance values obtained for each time unit of the cycle into its history and updates the standard
deviations.

This version of the algorithm aims to be as generalizable as possible and would require modifications for
optimal use in a specific use case. For example, it would be prudent to employ more advanced techniques
for modeling the distribution of tracking data.

For optimal detection of exceeded capacity, we aim to achieve tracking that minimizes the number of
false positives and false negatives.

3.4.2 Exceeded Presence Time

3.4.2.1 Opbjective

This anomaly aims to ensure that the duration of an identity's presence does not exceed a certain limit.
Once again, the algorithm will operate solely based on tracking data. It seems feasible to define an
algorithm that can automatically detect the abnormal presence time of an identity within an area, based
on statistical concepts of data modeling. However, such an algorithm seems less practical than a simpler
one that operates with a maximum duration threshold, which we present here.

3.4.2.2 Implementation

Our algorithm requires the definition of two thresholds: a maximum allowed presence duration threshold
and an identity "forgetting" duration threshold. Its operation is relatively straightforward: it first scans
the detections obtained from our tracking and then determines if the identity associated with the
detection exists within its database. If the algorithm does not recognize the identity, it stores the index
of the frame where the identity was first detected. Otherwise, our algorithm performs a new test by
calculating the age of the identity (by subtracting the index of the current frame from the index of the
frame where the identity was first detected, given the known number of frames per second). It then
compares this duration to the threshold and triggers an alert, or not, accordingly.

Figure 3.4.2 - Exceeded Presence Time Algorithm Process



We have also implemented an optimization module in our algorithm. The algorithm also stores the frame
numbers of the last sightings of each identity. With each new frame, it scans its known identities and
forgets those that are too old. This optimizes the computing time of our algorithm and its memory
consumption.

Figure 3.4.3 - Inference Example of Presence Time Algorithm

For optimal operation, this algorithm must rely on tracking that, above all, minimizes the number of
identity switches.

3.4.3 Abnormal Location

3.4.3.1 Opbijective

Sometimes, a pattern of object trajectories can be observed within an area. The goal of the algorithm
implemented here is to trigger an alert when an object follows an unusual trajectory and ends up in a
forbidden or restricted access area.

3.4.3.2 Implementation

The implementation of this algorithm bears some similarities to that of our excess capacity algorithm.
Our approach will be to divide the input image into a grid of subspaces and then determine which cell
of this grid represents an unusual location. Once again, we will limit ourselves to tracking data, although
potential improvements to this algorithm could be made possible through the use of video data (e.g.,
edge detection). However, we will use frame size data.

Like our excess capacity detection algorithm, the algorithm implemented here requires certain training
cycles to collect data representative of the "normal" locations of our objects. The behavior of our
algorithm during this training phase is as follows:

1. We start by defining the size of our position grid: the size of each cell and accordingly, the
number of vertical and horizontal cells making up the grid. There are several philosophies here,
either defining the number based on size or defining the size based on the number.

2. We then scan the detections of each frame and update our position grid.

3. From this, we update a second grid or "heatmap" containing the normalized position data of our
objects.



Figure 3.4.4 - Inference Example of Position Heatmaps Computation

After a certain number of frames, we can consider that our algorithm is well trained, and we can then
launch the inference phase. This phase adds a unique step of verifying the normality of a location before
the update of our position grid. If the grid corresponding to the object's location has a percentage of
positions lower than a threshold, then an alert will be triggered.

To achieve optimal detection of abnormal locations, we must ensure to define tracking that establishes
reliable object locations, minimizing false positives above all and maximizing true positives.

Figure 3.4.5- Inference Example of Heatmaps and Presence Time Computation

3.4.4 Fall Detection

3.4.4.1 Opbijective

The goal of this final algorithm is more concrete than the others; it aims to enable the detection of human
falls. We define a "fall" as abrupt movements that vertically bring the lower part of a body closer to its
upper part relative to the ground.



3.4.4.2 Implementation

This time, our algorithm will need to exploit video data in addition to tracking data. Our approach to
solving the fall detection issue relies on estimating the human skeleton's position to establish conditions
indicative of a fall.

There are already reliable and fast open-source human pose detection models available. One such model
is the Vision Transformer (VIT-Pose), which shows state-of-the-art performance in the field and is
particularly noted for its simplicity, scalability, and flexibility. Due to time constraints and because the
"vitpose-1" model from the VIT-Pose model zoo appears to empirically meet our needs, we will not train
a specific model for this task. We will use the COCO format, composed of 17 keypoints, to define a
pose, tracking the positions of the eyes, ears, nose, shoulders, elbows, hands, hips, knees, and feet.

Figure 3.4.6 - Keypoints Definition and attachment points

The process we use to detect falls is as follows:

1.

2.

We scan through the frames of our video. Using detections from our tracking, we crop our
image around our object of interest.

We then apply VIT-Pose to the cropped bounding box images to obtain the skeletons of the
people we have identified. Our algorithm retains the coordinates of the keypoints before
forgetting them, as done in the optimization module related to presence time.

For each detection, our algorithm calculates the attachment points related to the upper body
and the lower body from the pose's keypoints. These are two representative points of the
average positions of the keypoints linked to the upper body and those linked to the lower
body. Let's name A the center of gravity of the upper body and B of the lower body. C will
designate the center of the bottom of the bounding box.

We then calculate the angle « between vectors AB and BC defined by our attachment points.
To ensure a consistent representation of the angle and thus avoid ambiguities related to
supplementary or complementary angles between our two vectors, we use the cosine of the
angle between vectors AB and BC. By using the cosine of the angle, we obtain a numerical
measure of the similarity or alignhment between our two vectors. Then, we use the inverse
cosine function to obtain the angle in radians, which we convert into degrees for more
intuitive interpretation. This process ensures that the calculated angle is within the expected
range of values and facilitates the interpretation of the obtained results.

We then determine whether the object has fallen based on the obtained angle value. The
closer the angle between the two vectors is to zero, the more aligned they are, and the object
doesn't seem to be falling; the closer the angle is to 90°, the less aligned the vectors are, thus
more representative of a falling position in humans.

In cases where center A is "lower" than center B, a fall might not be detected. Thus, we

change its status to "positive fall" because we assess the object's position as indicative of a
fall.



Figure 3.4.7 - Fall Detection of a Sport Video

Note that this algorithm detects a "falling position" rather than the fall itself, and it would be wise to
work on a version 2 of this algorithm that considers the speed or even acceleration of the angle between
our two vectors rather than its value. Indeed, in our case, a person lying down will be identified as falling,
while we will have difficulty precisely detecting the beginning of the fall. To calculate the angular
acceleration between AB and BC over time, we would need periodic recordings of these angle values,
from which we could derive the angular acceleration by estimating the angular speeds.

3.5 Demonstration Application

As the development of this system is intended as a proof of concept for a future commercial application,
we have focused on creating an intuitive, appealing, and interactive demonstrator that enables easy
visualization and evaluation of each tool developed in this project. Constructed in a pyramidal structure,
our final system operates such that each module functions based on the results of the preceding one.
Consequently, we have constructed a comprehensive pipeline that links each module to enable anomaly
detection in a crowd. This setup allows for obtaining the interim results from each stage of our final
pipeline, ranging from object detection to tracking and anomaly detection.

Figure 3.5.1 - Structure of the final pipeline

For development, we utilized Streamlit, an open-source Python library specialized for web application
development with a data-centric focus. We incorporated all essential user information as well as
numerous setting options to offer users the greatest possible freedom to manipulate the application. In
addition, our application supports caching of models, parameters, or data to optimize processing times.
Lastly, it provides extensive visualizations accompanied by the outcomes of our system.



4 Results

This section aims to present the various results obtained for each module of this project, whether they
are quantifiable or not. The final section showcases the ultimate proof of concept for our project.

4.1 Multi-object Detection

4.1.1 Dataset

As mentioned in the previous section, we iteratively created our dataset. Initially, we targeted pre-existing
crowd or human image datasets and then enriched this with third-party datasets to allow for the detection
of humans in more specific positions. After a cleaning phase, this dataset comprised 26,239 images and
~605,000 instances of humans in our training dataset, along with 5,897 images for approximately
~135,000 instances in our validation dataset.

Based on this dataset, we obtain the following correlogram:

Figure 4.1.1 - Correlogram of the final dataset



The correlogram provides insights into the relationships between the coordinates of our annotations.
Among other findings, we observe an evident linear correlation between the width and height of our
bounding boxes, which seems coherent given that our dataset consisting primarily of standing people,
their detected bounding boxes tend to increase in both dimensions together. Our dataset shows a uniform
distribution across the x coordinates of our bounding boxes, whereas our y coordinates appear to follow
a normal distribution. Ideally, the latter should also be uniform to avoid bias towards any particular area,
but we consider that we have enough data at our disposal for this not to be an issue in our case.

4.1.2 Evaluating Detection Models

Once our detection models are trained, we can evaluate them on our dedicated dataset. For tracking
purposes, while minimizing the number of false detections is wise, it's more crucial to have as few false
negatives as possible. We are looking for a model that shows good precision and recall metrics, with
particular attention to recall (the model's ability to capture all positive examples in the dataset). For each
evaluated model, we record metrics including MaP50 (mean average precision at 50% IoU threshold),
MaP50-95 (mean average precision averaged over multiple IoU thresholds from 50% to 95%), AP
(average precision), AR (average recall), inference time, and we present the confusion matrices calculated
with the same detection confidence threshold set at 0.3 and an IoU threshold at 0.5 for target association.

Detection Confusion Inference
Model AP50 T AP50-957 | AR50 1 Matrix Time (ms) |
Faster

0.725 0.430 0.743 | 10082638272 50.7
RCNN 34901 | -
. 10284257644 48.3

RetinaNet 0.641 0.411 0.758 32885 | ~

Yolov8: 52752 | 6840 2.1
Pre-trained on 0.885 0.423 0.389 82975 | -

COCO

Yolov8: 98417 | 19128 4.6

Trained on 0.837 0.602 0.725 37310 | -

crowdbuman’

Yolov8: 0.836 0.604 0.729 | 98956 | 19380 4.8
Trained on pp!’ 36771 | -

Table 4.1.1 - Detection models benchmark

It should be noted that the interpretation of the metrics obtained plays a significant role in selecting the
best model. For instance, a model that performs well a priori but is not accurate in regressing the
coordinates of the bounding boxes may be preferred over a less versatile model that generates too few
box proposals. However, an inaccurate prediction that fails to meet the IoU threshold for association
with a label will generate both a false positive and a false negative (the label will not be detected either),
affecting both the AP and the AR of our model. The annotation of minimally sized objects, such as
heavily occluded people, remains extremely sensitive to errors during IoU-based association. Even if we

3 YolovS: Trained on crowdbuman refers to the model trained on onr dataset excluding the newfall and pp! data
* YolovS: Trained on ppl refers to the model trained on the entirety of the dataset.



assume the occurrences of these are negligible relative to the size of our dataset, we keep their existence
in mind.

Additionally, F1-confidence, precision-recall, precision-confidence, and recall-confidence curves were
calculated for each of the evaluated models. These curves provide complementary information on the
specific performances of our models.

Figure 4.1.2 - Performance curves for our Yolov8 model

The F1-confidence, precision-recall, precision-confidence, and recall-confidence curves offer insightful
details about the performance nuances of the evaluated models, highlighting the intricate balance between
precision and recall. The precision-recall curve demonstrates how effectively a model can identify only
relevant objects (precision) while ensuring all relevant objects are detected (recall), showcasing the
precision/recall trade-off directly. As precision increases, recall often decreases, and vice versa, indicating
that improving one aspect may lead to compromises in the other. Precision-confidence and recall-
confidence curves further illustrate how altering the confidence threshold of detection impacts precision
and recall, respectively. A higher confidence threshold may improve precision by reducing false positives
but at the risk of increasing false negatives, thereby lowering recall. Conversely, a lower threshold might
boost recall at the expense of precision. The Fl-confidence curve consolidates this information,
providing a singular measure that balances precision and recall, thereby serving as an effective metric to
evaluate the overall performance of a model against different confidence thresholds.



4.1.3 Inference Examples

Figure 4.1.3 - Inference examples of Faster RCNN (with a threshold of 0.5)

Figure 4.1.4 - Inference examples of YOLO (with a threshold of 0.2)

4.2 Multi-object Tracking

We will evaluate our tracking algorithms using our YOLOvV8 model, specifically trained for the task of
detecting people in crowds, and a fine-tuned version of this same model on a portion of the MOT20 [20]
annotations. Utilizing these two models allows us to compare the performance of our algorithms using
a widely generalizable detection model and the performance obtained when using a model more closely
tailored to the use case - with a similar image capture environment.

For each model, we will record its inference speed and performance on our tracking benchmark.

4.2.1 Dataset

To evaluate our tracking, we will use 4 videos from the MOT20 dataset for which we have tracking
annotations. These videos represent street scenes of varying densities, the table below lists the specific
characteristics of each set. We will subsequently observe that these have a significant impact on the
performance of our algorithms.

. Length

Set Density (min's)
MOT20-01 62.1 (00:17)
MOT20-02 72.7 (01:51)
MOT20-03 148.3 (01:30)
MOT20-05 226.6 (02:13)
Combined 149.7 (05:57)

Table 4.2.1 - MOT20 sets characteristics



4.2.2 Inference Time

Inference time is a critical metric for applications involving real-time tracking. Ensuring that the total
time taken to process each frame remains within the confines of the frame rate is crucial for maintaining
a seamless tracking experience. For each frame, we measured the inference times of the trackers to
petform future position prediction, track association, and their creation/deletion. The values provided
here correspond to the total and average inference time per frame, calculated across various videos from
the MOT20 dataset at 25 fps.

For an end-to-end tracking application, these inference times need to be considered alongside the time
required for object detection as well as for pre-processing and post-processing of images.

Tracking Set Total Inference Time | Mean Inference Time
Algotithm N ) | (ms) |
MOT20-01 432/ 3.01 10.07 / 7.03
MOT20-02 31.65 / 21.97 11.38 / 7.90
SZOR; / fine- MOT20-03 61.76 / 42.93 25.68 / 17.85
e version MOT20-05 104.99 / 82.80 31.67 / 24.98
Combined 202.72 / 150.71 22.68 / 16.85
MOT20-01 110.5 / 60.30 257.55 / 140.63
MOT20-02 913.62 / 417.15 328.40 / 149.95
DejpngT./ MOT20-03 4488.57 / 193545 1866.42 / 804.76
Jme-tuned version |\ 5100 05 9185.71 / 5472.30 2771.04 / 1651.70
Combined 14798.4 / 7885.2 1645.33 / 822.20
MOT20-01 2.94 / 2.49 6.86 / 5.81
MOT20-02 21.0/ 18.32 7.55 / 6.58
BYTETrack / | MOT20-03 39.52 / 31.58 16.43 / 13.13
fine-tuned version MOT20-05 68.94 / 63.22 20.8 / 19.07
Combined 132.4 / 115.61 14.82 / 12.93
MOT20-01 3.69 / 2.92 8.60 / 6.81
MOT20-02 24.96 / 20.35 8.97 / 7.32
SparseTrack / | MOT20-03 46.75 / 35.97 19.44 / 14.96
fine-tuned version MOT20-05 8297 / 74.51 25.03 / 22.48
Combined 158.37 / 133.75 17.72 / 15.97

Table 4.2.2 - Trackers inference time benchmark

Let's note that the inference time of our algorithms relies more on the number of detections to consider
rather than on the inherent structures of our algorithms, which are quite similar and simple for SORT,
BYTETrack, and SparseTrack and are plug-and-play.

Within our exeperiment, the image processing pipeline of DeepSort is not optimized, and it is likely
possible to reduce the times obtained by tweaking parameters, especially those related to memory or
batch sizes. However, our experience proves that it will still be too lengthy for a real-time tracking
application without reducing the fps.



Also, note that for tracking following a detection-association paradigm, processing times are largely
correlated with the number of detections generated by our detector. Therefore, while real-time
performance is largely feasible for most of our scenarios, those featuring very high density may not be
able to operate in an online process with "static" parameters. In such a case, a reduction in video fps or
optimization of the parameters of our trackers may be necessary.

Inference Time and Density by Dataset

—e— SORT

—o— BYTETrack
—e— SparseTrack
s | =@ DeepSORT

Inference Time (ms)

& & & ,90
Density (objects per frame)

Figute 4.2.1 - Tracker's inference times depending on set density

4.2.3 Selected Metrics

As discussed in 2.2.3, to effectively evaluate tracking, we must select well-chosen and complementary
metrics that reveal all the characteristics of our system. We have chosen to base our benchmark on three
metrics: HOTA, MOTA, and IDF1 metrics.

Tracking

Algorithm Set HOTA 1 MOTA 1 IDF1 1
MOT20-01 33.92 / 4470 | 54.48 / 56.72 45.89 / 60.51
SORT / fine- MOT20-02 27.83 /39.73 | 53.52/53.56 38.65 / 50.79
P MOT20-03 28.00 /38.03 | 5630/ 49.71 43.64 / 59.99
MOT20-05 18.81 /3560 | 44.30 / 53.79 30.38 / 51.83
Combined 23.65 /3713 | 49.05/52.68 | 35.89/54.12
MOT20-01 4428 /5314 | 63.30 / 60.44 59.66 / 64.31
MOT20-02 37.54 / 46.95 | 66.38 / 56.42 49.44 / 55.35
fzf_‘;gzgﬁjo/n MOT20-03 4724 /5132 | 77.84 / 67.46 74.00 / 68.80
MOT20-05 35.52 /4717 | 67.32/ 63.44 51.48 / 59.13
Combined 39.84 / 48.53 | 70.03/63.54 | 58.04 / 61.52




BYTETrack /
fine-tuned version

SparseTrack /

fine-tuned version

MOT20-01 49.88 / 53.17 75.63 / 73.29 80.80 / 82.28
MOT20-02 44.59 / 48.07 73.41 / 71.41 70.99 / 72.19
MOT20-03 50.59 / 58.48 79.13 / 69.84 85.35 / 81.66
MOT20-05 40.3 / 51.81 70.02 / 76.85 72.05 / 79.99
Combined 44.37 / 53.26 73.10 / 74.11 75.85 / 79.43
MOT20-01 50.86 / 53.25 75.22 / 71.69 84.10 / 84.08
MOT20-02 44.61 / 48.35 71.64 / 69.68 77.07 / 78.06
MOT20-03 50.89 / 58.49 78.56 / 68.91 88.62 / 82.09
MOT20-05 40.03 / 50.44 68.74 / 75.86 78.39 / 84.54
Combined 44.36 / 52.53 71.96 / 73.02 81.24 / 83.02

Table 4.2.3 - Trackers performance benchmark

We can also take a closer look at the performance metrics that make up the HOTA scores of our

trackers, particularly SparseTrack and ByteTrack, which appear to exhibit similar behaviors based on

our results in Table 4.2.3 :
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Figure 4.2.2 - HOTA evaluation curves for Sparsetrack and BYTETrack
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4.2.4 Inference Example

Figure 4.2.4 - Inference example of SparseTrack tracker

4.3 Anomaly Detection

Regarding anomaly detection, we lack specific evaluation metrics and benchmarks. As the research field
is relatively recent, it has not yet attracted significant interest from the scientific community for the
applications we have studied. Consequently, we have predominantly worked on algorithms based on
empirical heuristics. In the absence of dedicated datasets, we are currently able to evaluate our anomaly
detection algorithms only visually. Nonetheless, these provide useful baselines for more technical and
advanced research on the subject.

Figure 4.3.1- Presence time, abnormal location & Exceeded capacity inference example

Figure 4.3.2 - Fall Detection Example using SparseTrack tracker and Yolov8 detector



5 Discussion

This section offers a thorough exploration of our key findings, providing a detailed analysis of the
methods and results we've developed. It sheds light on both the strengths and potential limitations
inherent in our outcomes.

5.1 Results Overview

The final outcome of this project is a versatile multitask anomaly detection tool capable of performing
multi-object detection, online tracking, and anomaly detection. Additional features include pose detection
and the evaluation of the models and algorithms integral to the tool. This proof-of-concept tool
demonstrates significant potential for future commercial development. All applications of these
technologies must adhere to individual freedoms, fundamental human rights and future laws on Al
currently under discussion at the Council of Europe.

We believe our results are promising, yet there is a notable gap between this R&D demonstration tool
and a viable commercial application. To bridge this gap, several enhancements are necessary:

- Dataset Diversity: Incorporating more diverse datasets that include a broader range of human
poses is crucial. It could also be interesting to incorporate images of people in motion to better
manage these specific cases.

- Inference Times: Improving the inference times of the models is essential to create a significant
margin in the pipeline processing times.

- Adaptability: Increasing the models' adaptability to handle various human sizes.

- Context-Specific Tracker: Developing a tracker specifically designed for CCTV-like contexts,
utilizing constraints related to entry and exit zones for identity creation and deletion.

- Pipeline Optimization: Our current pipeline is not yet optimized for real-world applications.
Practical deployment would require developing an optimal pipeline tailored to the selected
detection and tracking models.

Overall, we have established a solid initial benchmark for the various models and methods applied to the
tasks of human crowd detection and tracking. We have also established a strong baseline for crowd
anomaly detection algorithms based on heuristics or pose estimation keypoints. We hope this serves as a
foundation for future open-source research projects on the subject.

For optimal performance, retraining the system with real-life data will be necessary.



5.2 Task Specific Discussion

5.2.1 Multi-Object Detection

In this study, we have constituted a large, diverse, and inclusive dataset of crowd images. On this dataset,
we have trained 4 models from 3 different architectures using both One-Step and Two-Steps approaches.
Subsequently, we evaluated each of these models to which we added a pre-trained model serving as a
baseline for our benchmark.

Within the scope of this work, our objective is to develop an optimal detection model for object tracking
tasks. Tracking algorithms generally rely on a method of target association across frames which can be
computationally costly. Bearing this in mind, we instead prioritize obtaining a detection model that is fast
and versatile over one that would be more reliable but slow and less generalizable.

As expected, the results obtained table 5 show that the YOLOv8n-crowdhuman and YOLOv8n-ppl
models present closely-aligned results, given the similarities in their training. We will subsequently
prioritize the YOLOv8n-ppl model as it is assessed to be more easily generalizable.

Moreover, it seems evident that our best choice is to opt for the YOLOv8-ppl model as it significantly
outperforms its competitors in the aspects most crucial to us. The key point advocating for this model is
its speed. YOLOVS processes images 10 times faster than our RetinaNet or Faster R-CNN. Theoretically,
it can process up to 205 frames per second compared to just 20 frames for the faster R-CNN, which
makes it a favorite for real-time, online applications such as real-time target tracking. Its speed allows us
more leeway in setting our tracking algorithms and enables us to focus on defining reliable algorithms
rather than swift ones (still within the realm of real-time at 30 fps).

In addition, its other performance metrics remain very satisfactory. Granted, YOLO only ranks third for
the recall metric in our benchmark, but it is close to its predecessors, RetinaNet and Faster R-CNN,
which YOLO significantly surpasses in terms of precision. When comparing the fl1scores50 (harmonic
means of the AP50 and AR50 scores) for these three models, YOLO far outpaces Faster R-CNN and
RetinaNet with respective scores of 0.779, 0.732, and 0.695. However, we should bear in mind that in a
tracking application, false positives have less of an impact on results than false negatives. Thus, it might
still be worth including Faster R-CNN in a detection-based tracking system because it exhibits a better
recall than YOLO and more balanced AP/AR than RetinaNet.

5.2.2 Multi-Object Tracking

With our chosen set of benchmark metrics, we can determine whether a tracker is competent and in
which particular characteristic it excels (in its definition of detections or its association capability). Our
goal is to define the most versatile tracker possible that can operate in real time. To pursue this goal, we
have previously defined a detector trained on a large-sized dataset with highly diverse images. This pursuit
of versatility and our absence of case-specific application led us to prioritize the results obtained on the
HOTA metric. Unlike IDF1 and MOTA metrics, which respectively bias measures of association and
detection, the HOTA metric represents a balance between performance measures of detection and
association of our trackers, and thereby suits our pursuit of a versatile system.

The first analysis we perform on our benchmark concerns inference times. As a reminder, the average
inference time of our YOLOVS detection model is around 5ms to 8ms per frame with a default image
size of 640x640. Using a larger image size allows for better detector accuracy but also increases the
inference time (up to 30ms for an image size of 1088x1664). We aim to simulate an online tracking
process and thus operate as close to real-time as possible. We will also assume that the optimization of
our pipeline is "perfect," meaning that it requires less than 1ms of inference time, something which seems



challenging to achieve. At a rate of 30 frames per second (which represents a maximum time of 33.3 ms
per frame), we limit the inference times of our trackers to 33ms - 1ms - 8ms = 24 ms per frame.

Firstly, let's note that the average inference times of our trackers are generally below this limit, with the
exception of DeepSort. Figure 4.2.1 show that DeepSort presents an inference time well beyond the limit
we have set. This is due to its feature extraction via CNN followed by its associative process based on
the visual features of detection. As this process is too demanding in terms of computation time, we
exclude DeepSort for real-time use case (although it may be possible to optimize it by adjusting memory
storage parameters related to tracks, even at the risk of some qualitative losses).

No other tracker shows an elimination-worthy inference time. ByteTrack presents the best time, followed
closely by SparseTrack, then SORT, which is the slowest of the evaluated algorithms.

In general, due to its simplistic structure, SORT is the weakest of our evaluated trackers. From figure
4.2.2, ByteTrack and SparseTrack both present similar HOTA metrics for each o value (IoU threshold
used for association). The two trackers differ on their MOTA and IDF1 scores. ByteTrack presents a
higher MOTA score while SparseTrack dominates on the IDF1 score. We can infer from this that
SparseTrack manages to provide more coherent and robust tracking over time, whereas ByteTrack results
in more complete tracking by considering a more accurate number of detections.

As expected, working with better detections by fine-tuning the model significantly increases the
performance of our tracking. This has an even greater effect if the tracker in question displays poor
results. Our choice to work with a fine-tuned model rather than directly with the ground-truth detections
reflects our desire to maintain a systemic dimension (detector + tracker) in our evaluation.

In our case, the cascade association process with depth from SparseTrack appears to yield better
associative results at the expense of a more extensive detection filtering affecting the MOTA metric. Due
to this particular filtering, SparseTrack does not perform as well as ByteTrack in finding all ground-truth
detections, but it is better at limiting false positives. It is also more robust in its association, avoiding
splitting a single ground-truth trajectory into several tracks, but it is more prone to merging several objects
onto the same track.

The choice of the best tracker does not seem absolute and relies on the specific needs of the problem.
We aim to achieve the most versatile system possible. By observing the HOTA results on each video of
the MOT dataset, we note that although ByteTrack has a better global metric, it only outperforms
SparseTrack on MOT20-05. We thereby deduce that SparseTrack is the most generalizable of our two
trackers and is therefore our preferred option for a tracking task within crowds.

5.2.3 Anomaly Detection

In this project, we have defined several algorithms serving as baselines for anomaly detection. Our work
was constrained by time and resource limitations that prevented us from generating dedicated anomaly
datasets and from contemplating more advanced solutions to the problem. However, we hope that the
established base will be further elaborated upon in future studies.

Moreover, we are convinced of the positive societal impact of such technological advancements made
available as open-source, whether in terms of security, health, or commerce.

For instance, an Al capable of fall detection could be employed to monitor the safety of elderly
individuals in retirement homes or to ensure enhanced workplace safety. Similarly, an Al for detecting
prolonged presence could be applied to patient tracking in healthcare establishments, enabling medical
staff to optimize their time or monitor adherence to medical protocols.



6 Conclusion

This study presents a comprehensive proof-of-concept for an end-to-end multitask anomaly detection
tool, adept in multi-object detection, online tracking, and anomaly detection. The tool also demonstrates
functionalities such as pose detection and a robust evaluation framework for the integrated models and
algorithms. While promising, the project reveals several areas needing improvement for transitioning
from a research demonstration to a commercially viable product.

6.1 Key Findings and Implications

Our results highlight the effectiveness of the YOLOv8n-ppl model for object detection tasks due to its
remarkable speed and satisfactory performance metrics. This model’s capability to process up to 205
frames per second positions it favorably for real-time applications, significantly surpassing competitors
like Faster R-CNN and RetinaNet. This speed advantage enables a greater focus on refining tracking
algorithms within real-time constraints.

For tracking, SparseTrack emerged as the preferred choice due to its superior generalizability across
diverse scenarios, despite ByteTrack’s higher MOTA scores. SparseTrack’s robustness in maintaining
coherent tracking and minimizing false positives makes it suitable for densely populated environments
typical of crowd monitoring.

6.2 Enhancements and Future Work

To bridge the gap towards commercial deployment, several enhancements are necessary:

- Dataset Diversity: Incorporating a broader range of human poses and contexts to enhance
model generalizability.

- Inference Times: Further reducing model and especially trackers inference times to bolster real-
time processing capabilities.

- Adaptability: Enhancing model adaptability to handle variations in human sizes and behaviors.

- Context-Specific Tracker: Developing trackers optimized for specific contexts, such as CCTV
monitoring, by introducing entry and exit zone constraints.

- Pipeline Optimization: Creating an optimized pipeline designed for selected detection and
tracking models to ensure efficient real-world application.



6.3 Societal Impact and Ethical Considerations

The open-source nature of this tool harbors significant potential for societal benefits, particularly in
security, healthcare, and commerce. For instance, fall detection Al could enhance safety in eldercare
facilities, while prolonged presence detection could optimize patient monitoring in healthcare settings.
However, deploying these technologies necessitates strict adherence to ethical guidelines, respecting
individual freedoms and fundamental human rights, and compliance with emerging Al regulations.

In summary, this project establishes a robust initial benchmark for human crowd detection, tracking, and
anomaly detection algorithms. The findings and methodologies provide a solid foundation for future
research and development. Continued efforts to enhance dataset diversity, model adaptability, and
pipeline efficiency will be crucial in transitioning from a research prototype to a deployable commercial
application. By advancing these technologies responsibly, we can harness their potential for significant
societal benefits while ensuring ethical compliance and respect for human rights.
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9 Appendix

9.1 Demonstration Application

Our web application aims to enable the user to individually evaluate multiple model configurations,
algorithms, and parameters on their own data. As our system and pipeline have been designed for broad
generalization, it should be capable of delivering satisfactory results for a wide range of real-life data.
Based on our obtained results, we recommend an optimal configuration for each 3 features of our system
in Table 9. However, the user has the liberty to adjust each entry according to their preference. Of course,
many more parameters are considered within our different algorithms.

Parameter Value
Detection
Pre-trained Detection Model Yolov8-ppl
ToU threshold for NMS 0.70
Detection threshold 0.20
Tracking
Pre-trained Detection Model Yolov8-ppl
Detection threshold 0.08
Tracking Algorithm SparseTrack

0.6 for SparseTrack

IoU threshold for association Depends on the tracker selected

Amnomaly Detection

Anomaly to Detect All are selected
Pre-trained Detection Model Yolov8-ppl
Tracking Algorithm SparseTrack
Specific to fall detection
Pose Estimator Model VITTransformer
Keypoints file None

Table 9.1.1 - Recommended parameters for optimal usage



We have also incorporated a maximum amount of information within our web application to guide the
user. This is evident on the homepage and also through a mouse hover over the various parameter fields
to obtain more specific information.

Figure 9.1.1 - Home Page of the Demonstration Web Application

Figure 9.1.2 - Sample of possible parameters tuning for Fall Detection

Ultimately, at the end of the inference, the user can easily view the results of our system and also, with a
simple click, download the output files from our pipeline (namely the detection coordinates, tracking
data, pose detection, and anomaly detection data).



Figure 9.1.3 - Results visualization example. The user can also download the resulting files by clicking on a button



