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Abstract: This dissertation introduces Track-UGV-Sync, a search-efficient and
object-centric framework for temporal alignment based exclusively on visual fea-
tures embeddings. The framework combines (i) multi-object tracking to extract sig-
nificant object trajectories, (ii) visual correspondence using RelD or self-supervised
representations, and (iii) robust temporal offset estimation through similarity search
and RANSAC (RANdom SAmple Consensus). Its evaluation comprises 531 video
pairs from eight sports and three viewpoint conditions. Within the object-centric
pipeline, replacing identity-oriented OSNet-AIN embeddings with DINOv2 represen-
tations reduced the Mean Absolute Error from 65.33 to 54.80 frames and increased
Acc@5 from 8.47% to 13.75%. A complementary comparison with whole-frame rep-
resentations showed that DINOv2 combined with Dynamic Time Warping achieved
the best aggregate visual result, with an MAE of 36.39 frames and Acc@5 of 49.72%.
Conversely, object-centric DINOv2 with RANSAC achieved the best performance for
same-view pairs, reaching an MAE of 14.78 frames and Acc@5 of 60.87%. These find-
ings indicate that global scene representations are more robust under large viewpoint
differences, whereas tracklet representations provide more discriminative temporal
evidence when object appearance remains comparable. By restricting the search to
frames belonging to significant trajectories, Track-UGV-Sync reduced the number
of candidate offset hypotheses from hundreds of thousands to just hundreds. This
yields a 93.4x wall-clock speedup.

Keywords: cross-view alignment, multi-object tracking, re-identification embed-
dings, self-supervised vision transformers, tracklet matching, user-generated videos,
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Chapter 1

Introduction

Video content, a multimodal structure, is considered a rapid means of sharing in-
formation, surpassing traditional combinations of text and images. This coincided
with the rapid expansion of video-sharing platforms over the past few years. This
growth led to an exponential increase in video production, with millions of videos
created every day [Tang et al. 2023]. In addition, most of these sharing platforms
(social media) have mobile devices (such as smartphones) as their main source of
data generation and consumption, mainly because smartphones have built-in cam-
eras capable of capturing videos quite quickly |[Zhang et al. 2015, Wang et al. 2023).

Most of these videos are classified as User-Generated Videos (UGVs), once they
are recorded by people with mobile hand-held cameras [Segundo et al. 2017]. When
multiple UGVs are recorded at the same event by different users, a set of multi-view
videos is generated, for example, multiple videos from various perspectives recorded
by users in different positions inside a soccer stadium [Pessoa et al. 2024]. In
uncontrolled environments, these videos are often unsynchronized, mainly because
the devices that record them are not connected |Guggenberger 2023)|.

The synchronization of UGVs can contribute to an overall understanding of the
recorded scene, especially for highlight moments in a sport recording, such as a goal
or a foul [Held et al. 2023]. One practical example is that after the synchronization,
these videos can also be used to create a single video that thoroughly covers the
event by merging all synced videos (i.e., mashups), allowing viewers to re-watch the
match with a multi-perspective view of the recorded event [Alencar and de Freitas

20264

10



Manually processing such a large volume of video content to achieve synchroniza-
tion is labor-intensive and time-consuming. There is a growing demand for tools that
can effectively manage, analyze, and process this abundance of video content |Tang
et al. 2023]. Developing tools to automate the identification and extraction of
elements composing the scenes is necessary and would optimize part of the video
content analysis process |Alencar et al. 2022|. This would also contribute to auto-
matically extracting visual features to be further used in video synchronization [Mei
et al. 2023].

To meet the demand mentioned above, deep learning-based video understanding
methods have emerged, allowing automatic recognition and interpretation of video
content, which reduces the need for manual work [Tang et al. 2023|. One of these
methods is Multi-Object Tracking (MOT), which is an approach used to understand
video content and, consequently, describe scenes by detecting and tracking objects
in the scene. This is done mainly through deep learning-based techniques [Alencar
and de Freitas 2025, Alencar et al. 2025).

Furthermore, MOT is critical for video analysis, as it tracks entities across video
frames [Amosa et al. 2023|. This capability contributes to the automation of video
content understanding and enables a variety of feature-based tracking analysis [Alen-
car et al. 2025, making it useful in different fields of knowledge |Alencar and de Fre-
itas 2025|, such as sports video analysis [Rangasamy et al. 2020], action recogni-
tion [Alencar et al. 2022|, video summarization, video synchronization [Whitehead
et al. 2005], among others.

In appearance-assisted tracking-by-detection methods such as StrongSORT, de-
tections are associated using motion, geometry, and appearance cues [Du et al. 2023|.
By this association, we obtain tracklets, formed by linking detections across adja-
cent frames to construct object trajectories. By representing object movement in
compact form, tracklets enable localized reasoning over time and serve as base units
for more complex operations such as track merging and behavior analysis. Because
they preserve both spatial and temporal features, tracklets can be used to identify
visual consistency and overlapping content across different video segments |[Bewley:
et al. 2016].

From the StrongSORT pipeline, the appearance cues used to build and associate

11



tracklets are produced as re-identification (RelD) embeddings [Du et al. 2023|.
These embeddings are trained to discriminate object identity across frames and
cameras; that is, they are optimized to determine whether two image crops corre-
spond to the same person [Zhou et al. 2022]|. However, the problem of temporal
synchronization is distinct from re-identification. In synchronization, the question
is not whether two tracklets belong to the same object, but whether they indicate
the same temporal moment of an event recorded from different views [Alencar and
de Freitas 2026a].

For this reason, RelD embeddings are useful, but not necessarily the most ade-
quate representation for cross-view temporal alignment. This observation motivates
investigating which type of visual representation better supports the synchroniza-
tion task, comparing identity-specialized RelD embeddings |Zhou et al. 2022| with
holistic self-supervised representations learned by Vision Transformers |[Caron et al.
2021,Oquab et al. 2023|. Candidate tracklet correspondences can be retrieved
through nearest-neighbor search (e.g., ANN) in the embedding space |Guo et al.
2026). The synchronization addressed in this work follows the principle of compar-
ing embeddings to find similar content.

However, the main difference is that for video synchronization requires these
individual correspondences to agree on a common temporal offset. The matches
must also be consistent in time along the sequence. For this reason, synchronization
is closer to a sequence alignment problem than to a retrieval or a visual semantic-
logical search problem |[Guo et al. 2026).

This intuition is also supported by [Shin and Molybog 2025f when general-
purpose Vision-Language Models (VLMs) are used directly to predict the temporal
offset between two videos, they perform no better than a naive guess. This indicates
that strong semantic understanding alone does not solve the temporal alignment,
and that temporal consistency along the sequence is what really matters. This re-
lation is used here only to help the understanding of the problem and is revisited

with more detail in the analysis of the results.

12



1.1 Research Question and Objectives

Considering the above, this work introduces a framework to synchronize user-generated
videos using object-tracking features extracted by a pre-trained deep learning-based
MOT pipeline and to investigate which visual representation better supports cross-
view temporal alignment. To this end, this work aims to address the following
research question:

Research Question: How effectively can multi-view sports user-generated
videos be temporally synchronized using only visual representations extracted from
tracked objects, without relying on timestamps, audio, sensor metadata, or camera
calibration?

Considering what was introduced before and in order to answer the formulated
research question, we present the main and specific objectives defined for this dis-
sertation.

Main Objective: develop and evaluate a vision-based framework for estimating
the temporal offset between pairs of multi-view sports UGVs using visual represen-
tations extracted from tracked objects. The proposed approach detects and tracks
relevant sports objects, represents their trajectories as tracklets, retrieves candidate
cross-video correspondences through embedding similarity, and estimates the final
offset by identifying temporally coherent matches. The study also evaluates how the
choice of visual representation and the difference between camera viewpoints affect
synchronization accuracy.

To achieve this, the following specific objectives are defined:

e Collaboratively build custom datasets of multi-view UGVs recorded during

sports events for fine-tuning and evaluation.

e Build an annotated validation set with ground-truth synchronization offset to
provide a set of video pairs with manually annotated offset, across different

sports, to enable the quantitative evaluation of the synchronization.

e Adapt existing deep learning-based multi-object tracking techniques to specif-
ically track sports objects (e.g. player in the field, the ball) in user-generated

videos.
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e Propose an approach for pairwise comparison of tracklets across frame sets
to identify overlapping scenes by implementing embedding-based similarity

search for matching visual features.

1.2 Main Contributions and Dissertation Organiza-
tion

Given the research questions and objectives presented above, the main contributions

of this dissertation are as follows.

1. The proposal of Track-UGV-Sync, a timestamp-free synchronization frame-
work designed to estimate the temporal offset between pairs of multi-view
sports UGVs using only visual information extracted from each visual content,
without relying on timestamps, sensor metadata, audio signals, or camera cal-

ibration |Alencar and de Freitas 2026al.

2. A custom adapted object tracking algorithm, named MOT-UGV. It is used
to detect and track objects of interest (e.g., players, ball) in sports UGVs.
MOT-UGYV stage combines open-vocabulary object detection (YOLO-World)
with a tracking by detection method (StrongSORT) to generate tracklets that
represent the movement of relevant objects in the scene [Alencar and de Freitas
2025, |Alencar et al. 2025|. These tracklets are then used as the basis for
the synchronization process, reducing the need for exhaustive frame-by-frame

comparison.

3. Beyond proposing a synchronization pipeline, this research presents a com-
parative analysis of visual representations for cross-view temporal alignment.
This is done by investigating which type of visual representation better sup-
ports the synchronization of multi-view sports UGVs. In particular, it com-
pares identity-specialized RelD embeddings, originally produced by the track-

ing model, with holistic self-supervised Vision Transformer representations.

4. The proposed framework introduces a tracklet-matching and offset estimation

procedure based on visual similarity, temporal coherence, and RANSAC-based
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inlier voting. This strategy improves the robustness of the synchronization
process by reducing the influence of low-quality matches and outliers, allow-
ing the final offset to be selected from the most temporally consistent visual

Correspondences.

. This dissertation contributes to the creation and organization of UGV sport
datasets. They are UVY (i.e., a dataset of YouTube sports User-generated
videos for MOT evaluation [Alencar and de Freitas 2026b|), MUVY (i.e.,
YouTube Multi-view User-generated Videos [Pessoa et al. 2026a|) and MUVS
(i.e., YouTube Multi-view User-generated Video and Sensor data |[Pessoa et al.
2026b|). These datasets are not only used as input data, but they also define
the experimental conditions under which the comparison of visual representa-
tions is performed, since they reproduce the uncontrolled viewpoints, framings
and recording conditions that characterize user-generated content. In addition,
this work introduces UGV-Sync, a custom annotated evaluation dataset com-
posed of UGV pairs with manually defined ground-truth offsets. UGV-Sync
is what makes the central comparison of this dissertation measurable, because
without annotated offsets the alignment produced by each representation could
only be inspected qualitatively, and metrics such as MAE and Acc@r could

not be computed.

. This research also introduces the UGV-Sync Studio, a visual inspection and an-
notation tool created to support the analysis of video synchronization results.
The tool allows video pairs to be displayed side by side, together with their
estimated or annotated offset, making it possible to visually inspect the be-
havior of the proposed framework pipeline. Beyond inspection, the UGV-Sync
Studio is the instrument through which the ground-truth offsets of UGV-Sync
are validated and refined by frame-by-frame comparison. This role is not only
operational, since the reliability of the annotated offsets bounds the validity
of every metric reported in this dissertation. Tolerance-based metrics such as
Acc@] and Acc@3 would not be meaningful if the ground truth itself carried
an error of a few frames, and the tool is what makes this level of annotation

accuracy possible.
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7. Finally, this work provides an empirical analysis of the main challenges in-
volved in the synchronization of multi-view sports UGVs, especially under
different-view and far-view conditions. The analysis helps to identify the re-
maining limitations of the proposed approach and motivates future directions

based on scene-level semantic representations and cross-view synchronization.

It is important mention how these contributions relate to each other, since they
are not independent claims of the same nature. The central scientific claim of this
dissertation is empirical and comparative, namely that holistic self-supervised rep-
resentations support the cross-view temporal alignment of sports UGVs better than
identity-specialized RelD embeddings, and that the failure of the latter is repre-
sentational rather than algorithmic. A claim of this type cannot be sustained by
the proposed framework alone, because it depends on being measured under con-
ditions that reproduce the phenomenon under study. The datasets described in
contribution 5 define these conditions, the annotated offsets of UGV-Sync make
the comparison quantifiable, and the UGV-Sync Studio described in contribution
6 supports the reliability of these annotations. To the best of our knowledge, no
publicly available benchmark provides ground-truth temporal offsets for multi-view
sports user-generated videos under these viewpoint conditions. In this sense, con-
tributions 5 and 6 are not parallel results placed beside the main conclusion, but
the conditions under which this conclusion becomes verifiable. These contributions
were consolidated through the publications listed in Section [7.2] and are detailed
throughout Chapters [3] to [0

This dissertation is organized as follows. Chapter [2| presents the theoretical
background, covering the deep learning models used to automatically extract vi-
sual features through multi-object tracking, as well as general concepts about video
synchronization and similarity metrics. Chapter [3| describes the problem and the
challenges of synchronizing UGVs, presents the proposed framework, and reviews
related work on multi-object tracking, vision-based synchronization and multi-view
UGV datasets. Chapter [4] describes the adopted methodology, Chapter [5] the ex-
periments carried out to validate the proposal, and Chapter [] the analysis of their
results. Finally, Chapter [7] presents the final considerations and the future work

directions.



Chapter 2

Theoretical Background

This chapter provides a theoretical background that is the basis for the framework
proposed in this research. The sections are structured to provide a comprehensive

overview of the main concepts and subject that guided this research.

2.1 Multi-View User-Generated Videos and its Syn-
chronization

Videos can be considered generalizations of image data in which a temporal compo-
nent is inherent to a sequence of images. So, they comprise spatio-temporal data.
Each frame in a video is an image, and therefore a video receives a sequence of
images in time [Aggarwal 2018|. They can vary in length, quality and format, es-
pecially when recorded by consumer devices such as smartphones, digital cameras,
and tablets [Guggenberger 2023|. In the context of this dissertation, the term video
refers to a recording of an event made with a mobile device, which is often shared
online.

User-Generated Videos (UGVs) are recordings made by individuals, usually with
personal mobile devices, like smartphones. These videos are characterized by their
diversity in terms of quality, viewing angle and stability, reflecting the variety of
devices and perspectives of the users who capture them [Naab and Sehl 2017]. They
are often captured at events such as concerts, sports matches and among others,
providing multiple perspectives of the same event. They are often shaky, blurry,

contain fast movement, or exhibit compression artifacts, which makes matching of
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features across frames challenging |Guggenberger 2023].

In the context of sporting events, such as a football match in a stadium, multiple
users can record videos simultaneously from different angles around the field. This
scenario leads to the concept of Multi-Camera Views or Multi-View Videos,
where multiple videos are captured by different users positioned in different loca-

tions. When combined, these UGVs provide a more comprehensive understanding of

the event, enabling analysis of the scenes from various perspectives [Olagoke et al.|

2020|. Figure illustrates a typical multi-view scenario, where multiple users, po-
sitioned in different parts of a stadium, record video simultaneously. The existence
of multi-view videos enables the application of synchronization techniques that com-

bine these different points of view into a single timeline, providing a complete and

integrated view of the recorded scene |[Hosain et al. 2024].

camera_C1

ﬂ camera_C2

® ]

ﬂ - @ REC
——

camera_C3

ﬂ camera_C4

Figure 2.1: An illustration of the multi-camera view setup within a sports stadium,

where 4 users record videos from different perspectives.

Overlap refers to fragments where multi-view videos capture a common scene/ac-
tion in the same period of time. Identifying these overlapping segments is a part of

the synchronization process, as they contain common content that can be used to
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align videos temporally. Efficient visual-based synchronization relies on detecting
these overlaps, which should include portions of the same visual scene with similar
visual cues. Meanwhile, offset is the time difference between the start points of two
recordings. This offset should be taken into account and adjusted so that the videos

can be aligned closely on a common timeline |[Guggenberger 2023|.

2.1.1 Video Synchronization

Video synchronization involves aligning multi-view videos on a common timeline so
that their contents are matched both spatially and temporally. Whitehead et al.
2005| defined the frame-based synchronization problem as: given k different video
sequences that overlap in time, identify a frame from each sequence that refers to
the same point in time. For each video sequence i, the function T;(f) maps an inte-
gral frame number f from sequence 7 to universal time. Thus, the synchronization
equality can be expressed as finding the frame numbers (f1, fo, ..., fi) in a way that
Ti(f1) = To(f2) = ... = Te(fx) [Whitehead et al. 2005].

However, due to possible minute variations in camera start times and variations
in frame rates, perfect integral synchronization does not always exist. In this case,
Whitehead et al. 2005 proposes searching for a set of frames whose pairwise dif-
ferences with respect to synchronization equality are minimized. It is argued that
if the restriction of integral frame numbers is removed, the time function of the
frame maps real frame values (integral and non-integral) to a point in time. In this
case, there will always be a set of real frame numbers such that the synchronization
equality is satisfied [Liu et al. 2024].

In his PhD thesis, (Guggenberger 2023| highlighted a set of applications and use
cases that can benefit from the ability to generate a synchronized set of event record-
ings. Event reconstruction is an application example, which makes it possible to
create a comprehensive view by merging multiple recordings, useful for complete
videos of concerts, sporting events, player performance analysis, and other appli-
cations. Mashup creation is another example, where the best video tracks from
various sources are selected to improve the final video content [Wu et al. 2015]. Ad-
ditionally, 3D scene reconstruction from synchronized videos from different angles

provides a detailed 3D perspective of the event, which is relevant for virtual reality
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and forensic analysis [Wang et al. 2016|Liu et al. 2024].

Other use cases include detecting key moments by analyzing the number of
simultaneous recordings, creating dynamic videos by switching between different
perspectives, and identifying clusters of related recordings to facilitate the manage-
ment of large volumes of data. The collection and enhancement of personal and
semi-professional footage, such as interviews, also benefit from synchronization. In
addition, coordinated productions involving multiple recording devices demonstrate
how synchronization can create comprehensive event videos. Professional produc-
tions, such as music videos made from fan footage, also use crowd-sourced video

synchronization to create high-quality content |Guggenberger 2023|.

2.1.1.a. Video Synchronization Challenges

Synchronizing user-generated videos presents several challenges. First, the hetero-
geneous devices used by users vary in recording capabilities, configurations, and
formats, which complicates the alignment process. Different devices have different
frame rates and resolutions, and the recording quality can vary significantly de-
pending on the device and recording conditions. This, along with the variability
of the content, is also a challenge, as differences in audio and video quality, frame
rates, and recording conditions make synchronization complex. In addition, manual
synchronization of large data sets is laborious and impractical, requiring effective
automated solutions |Guggenberger 2023|.

Due to the variability of devices, one of the main challenges is clock drift (i.e.
offset), which refers to variations in the accuracy of recording times between devices.
This drift can cause a gradual divergence in the recordings over time, making accu-
rate synchronization difficult. In addition, metadata such as timestamps (date and
time information) are often inaccurate or nonexistent, making it difficult to rely on

them for synchronization |Guggenberger 2023,|Whitehead et al. 2005].

2.1.1.b. Synchronization Methods

Manual video synchronization involves detailed analysis of audio and video content
to identify similar moments and sort them, often using video editing tools. However,

this process becomes impractical for large volumes of data, thus requiring automa-
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tion. Automatic methods use timestamps or electronic signals to sort recordings,
but suffer from the inaccuracy of device clocks and do not guarantee continuous
synchronization throughout the recording, especially those recorded by end-user de-
vices.

Audio-based methods, such as audio fingerprinting, offer robustness to noise
and compression and are widely used due to the low directionality of microphones,
which makes it easier to record a common dominant audio source at an event.
Alternative methods use audio feature vectors such as onsets, chromas, and mel-
frequency coefficients (MFCCs). There are also visual-based methods, which often
face prohibitive restrictions and only work in controlled environments, requiring fixed
camera settings, static camera views and large continuous overlaps |Guggenberger
2023|.

Some methods use local feature tracking and alignment of their trajectories
[Whitehead et al. 2005|[Brito et al. 2011], while others employ image brightness
changes, phase correlation, static camera flashes, spatial gradients or video finger-
prints. However, many of these methods are proof-of-concept and lack comprehen-

sive evaluation, and are far from real-world applicability |[Guggenberger 2023|.

2.2 Video Feature Extraction

Considered as one of the main research topics in computer vision, Video Understand-
ing aims to extract and interpret visual features to have meaningful information
from video sequences [Wang et al. 2024|. With the growth of online video platforms
and the increasing prevalence of cameras integrated in mobile devices (hand-held
devices), such as smartphones, the demand for automatic video analysis methods
has increased considerably |Tang et al. 2023|. Deep learning techniques proved
to be effective in this context, providing robust and accurate solutions for various
tasks, such as the automatic detection of objects in a video and the analysis of their
temporal evolution [Wang et al. 2024].

The tasks related to this include classifying videos, recognizing actions, track-
ing object, captioning, and answering questions about the content of videos. In

sporting events, deep learning techniques can be applied to the analysis of athlete
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performance, reviewing plays/actions, and automatically generating highlight clips,
among others [Zhao et al. 2023|. Such applications can face significant challenges,
such as scalability for processing large volumes of data, integrating multiple modal-
ities (video, audio, text) for comprehensive analysis [Tang et al. 2023|. The main
approaches include convolutional neural networks (CNNs) and Visual Transformer-
based models (ViT) dosovitskiy2020ViT. In this work, these approaches are used
to obtain the visual representations that are presented and compared in the follow-
ing subsections: CNN features, re-identification (RelD) embeddings, which are a

CNN-based representation, and self-supervised Vision Transformer features.

2.2.1 Convolutional Neural Network

Since the baseline DL-based techniques reviewed in this work are mainly Convolu-
tional Neural Network (CNNs), this subsection has an overview of such approach.
CNN is a class of deep learning models especially designed to process data with a
grid structure, such as the frames of videos (i.e., images), whose main advantage is
its ability to preserve the spatial structure of the data throughout its layers. It is
mainly used in computer vision for image classification and object detection |Ag-
garwal 2018|, which extracts visual information from data, enabling the model to
identify patterns in order to make automated decisions in various tasks, such as
image classification [Krizhevsky et al. 2012], segmentation, object detection and
tracking |Girshick et al. 2014].

As partially illustrated in Figure [2.6[a), the main components of CNNs are the
convolutional layers, which represent hidden feature maps that encode various types
of shapes in the image [Aggarwal 2018|. The kernel filters are used to extract vi-
sual features from the input image, such as edges, textures and shapes; the pooling
layers are responsible for reducing the dimensionality of the feature maps; the acti-
vation layers enable the models to learn complex patterns extracted by the previous
components; the fully connected layers are responsible for combining the extracted
features to carry out the classification [Krizhevsky et al. 2012].

CNNs have proven effective in video processing, as they facilitate the extraction
of visual features from individual frames [Tang et al. 2023|. This process is impor-

tant for the automatic analysis of image sequences, allowing the model to extract
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key visual features and relate them across frames. These features can include edges,
contours, and patterns that are consistent over time and can thus be used to identify
and track moving objects, for example [Russell and Norvig 2020)].

As a result of their advantages, CNNs have been applied in object detection and
tracking techniques in recent years. In detection, CNN is used to identify objects in
cach frame and provide their locations [Ren et al. 2016, Redmon 2016|. In object
tracking, CNNs help correlate objects across different frames, enabling tracking of
their movements over time |[Bewley et al. 2016, Nasseri et al. 2021]. A common
application of these CNN-based features is the extraction of appearance descriptors
used to recognize the same object across frames, known as re-identification (RelD)

embeddings, which are presented in the next subsection [Zhou et al. 2022].

2.2.2 Re-ldentification Embeddings

Re-Identification (RelD) is the task of recognizing the same object across differ-
ent frames or even different cameras. To perform this task, RelD models extract
appearance feature vectors, here called RelD embeddings, from the image crop of
each detected object. These embeddings are used to determine whether two detec-
tions correspond to the same object by comparing their vector-space distances. To
produce vectors with this property, RelD models are usually trained with metric
learning, where the objective is to keep the embeddings of the same identity close in
the vector space and the embeddings of different identities far from each other |Zhou
et al. 2022].

An example of such model is OSNet [Zhou et al. 2022|, an Omni-Scale Net-
work designed to learn discriminative identity features at different scales. Its main
building block, the Omni-Scale block, combines several convolutional streams with
different receptive field sizes and fuses them via a unified aggregation gate that
weights each scale based on the input. In this research the OSNet-AIN variant
(osnet_ain_x1_0) is used, which adds instance-normalisation layers to OSNet to
make the embeddings more robust across different domains (Figure 2.2). OSNet-
AIN is used as the appearance feature extractor inside the StrongSORT tracker,
described in Section 2.3.2]
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Figure 2.2: OSNet-AIN architecture used as the RelD feature extractor: a 256 x 128

object crop is processed through stages convi-convb into a 512-dimensional L2-

normalized embedding |[Zhou et al. 2022].

Figure [2.2 shows how this extractor is integrated into the tracking pipeline and
how an image crop is processed within the network. Each object detected and
tracked in the UGV frames is cropped and resized to 256 x 128, and then used as
the OSNet-AIN input. The crop passes through the convolutional stages (convi

to convb), where spatial resolution is progressively reduced while the number of

channels increases [Zhou et al. 2022|. After a global average pooling and a fully

connected layer, the network produces a 512-dimensional appearance embedding,
L2-normalized, for each tracked object. This is the vector that is later used to
compare detections and, in our framework, to match tracklets between different

views.
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2.2.3 Vision Transformers and Self-Supervised Representa-

tions

In addition to the CNN-based representations presented above, another family of
models used for visual representation feature extraction is the Vision Transformer
(ViT) |Dosovitskiy 2020|. Unlike CNNs, which extract features in a local and hierar-
chical way through convolutions, the ViT divides the input image into patches and
processes them with a self-attention mechanism [Vaswani et al. 2018|. In this way,
the model can relate distant regions of the image since the first layers, capturing a
more global context of the scene.

A relevant property of transformer-based models appears when they are trained
in a self-supervised way, that is, without using class labels. The DINO method
|Caron et al. 2021] showed that ViT trained with self-supervision develops emer-
gent semantic properties, such as information related to the segmentation of objects,
which is less evident in CNNs trained with supervision. The DINOv2 model (as illus-
trated in Figure extends this idea by providing general-purpose visual features,
trained without explicit supervision on a large amount of data, that can be used in
different tasks and domains without specific fine-tuning [Oquab et al. 2023].

In practice, the [CLS| token produced by the ViT serves as a global image de-
scriptor, encoding the entire scene into a single feature vector. In this work, these
features are called as holistic, because they represent the image as a whole and not
as a set of local parts. For this reason, self-supervised features tend to be more
robust to changes of viewpoint, illumination and scale [Oquab et al. 2023|, which
are common problems in user-generated videos recorded from different positions.
This characteristic is particularly relevant for the cross-view scenario treated in this
research, and motivates the comparison between identity-specialized RelD embed-
dings and holistic self-supervised embeddings.

Figure [2.3]illustrates how these holistic features are obtained in this work. Start-
ing from the UGV frames, the tracking stage provides the tracked objects as bound-
ing boxes; each detection is then cropped and passed to the DINOv2 model, which
returns a single 768-dimensional embedding that semantically describes the whole
crop. Unlike OSNet-AIN, which is trained with identity supervision, DINOv2 is

trained in a self-supervised manner and encodes global semantic structure rather
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than instance identity:.

Figure 2.3: DINOv2 (ViT-B/14) Architecture: each input image is cropped (5%
padding), resized to 224 x 224 and split into 256 patches; the Transformer encoder

processes them and the [CLS| token is taken as a 768-dimensional, L2-normalized

holistic embedding of the crop. IIOquab et al. 2023||.
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2.3 Multi-Object Tracking (MOT)

The task of tracking an object (i.e. entities or distinct things present in an envi-
ronment that can be seen or touched), that is, Multi-Object Tracking (MOT), plays
a fundamental role in understanding video content and, consequently, in describ-

ing scenes. Currently, deep learning-based techniques have been applied in object

detection and tracking |Russell and Norvig 2020|. These techniques, which are spe-

cialized in detecting, segmenting, and tracking multiple objects in videos, are gain-
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ing significant attention due to their academic and commercial potential [Luo et al.
2021|. They facilitate the automation of video content understanding, making them

appealing across various areas of application, such as sports video analysis [Ran-

gasamy et al. 2020,|Held et al. 2023,Zhao et al. 2023, analysis of multiple videos

using tracking-based information to handle temporal video synchronization [White-

head et al. 2005, Brito et al. 2011|, action recognition |Alencar et al. 2022|, video

summarization, among others [Du et al. 2023, Nguyen et al. 2024]

Thus, there are various MOT approaches, and according to Meinhardt et al.|

2022], these approaches can be categorized into four different paradigms: tracking-by-
detection, tracking-by-regression, tracking-by-segmentation, and tracking-by-attention.

Due to the advances in deep learning-based object detection approaches, Tracking-

by-Detection has become the most explored paradigm [Wojke et al. 2017, Du et al.|
2023|. As illustrated in Figure the process for this paradigm begins by detecting

the objects of interest. Subsequently, for tracking, a unique identifier is assigned to
the object. This detection is propagated throughout the video using a model that
maintains an association of the object’s location in subsequent frames |[Athar et al.
2023].
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Figure 2.4: General workflow of a tracking-by-detection paradigm, as StrongSORT,
broken down into five main stages: (I) Object Detection, (II) RelD, (III) Data
Association, (IV) Motion Prediction, and (V) Track Management.

Figure presents a general workflow of a tracking-by-detection algorithm,
which is the base for most modern object tracking systems. The process is di-

vided into five main stages. First, object detection is performed using a model such
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as YOLOvVS, which provides bounding boxes and embeddings for each object in the
frame. Then, re-identification (RelD) is applied to match the same objects across
frames using visual appearance features; these features are usually extracted with
a CNN-based embedding network. In the next stage, data association is performed

by comparing the detected objects and existing tracks using a cost matrix and the

Hungarian algorithm |[Kuhn 1955]. After that, the motion prediction step updates
and predicts the location of the object using a Kalman Filter [Kalman 1960|. Fi-

nally, track management handles initialization, update, or deletion of object tracks,

generating the final output as a set of tracklets.

2.3.1 YOLO-World: An Open-Vocabulary Object Detector

Object Detection is present in the process of MOT techniques, especially the tracking-

by-detection ones. In their book, Russell and Norvig 2020 affirm that the main goal

of object detection models is to search for different objects in a given image, report
what the class is for each object found, and also return where each object is in the
environment, through a bounding box around the detected object. In summary, the
model uses a variation of a Convolutional Neural Network as a backbone to extract

the visual feature, which divides the image input into smaller regions and then pre-

dicts the bounding boxes for each object detected, similar to what is illustrated in

Figure [2.5]

Bounding Boxes
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referee 0.72
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Figure 2.5: General overview of an CNN-based object detection process.

To carry out the object detection process, there are some state-of-the-art solu-

tions available in the literature. The You Only Look Once (YOLO) model [Redmon!
2016|, is an example of a solution. And its series of improved versions (Yolovl to
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v8), build upon the success of its previous version, have established themselves as
efficient and practical tools [Hussain 2024]. Most of these versions (including the
latest one) have their pre-trained weights publicly available, and were trained us-
ing the MS COCO dataset, a large-scale object detection dataset, with 1.5 million
object instances among 80 object categories |[Lin et al. 2014]. Therefore, all these
pre-trained models are specialized in detecting and classifying only known objects

within these categories.

2.3.1.a. YOLO-World

Considering what was mentioned above about the models trained on the MS COCO
dataset, YOLO-World (2024), an Open-Vocabulary Object Detector, was introduced
by (Cheng et al. 2024/ to mitigate the limitation of previous object detection models,
which is the reliance on predefined and fixed object categories, that restricts their
applicability in open-world scenarios. This approach extends the YOLOvS8 architec-
ture with open-vocabulary detection capabilities through vision-language modeling
and pre-training on large-scale datasets such as CLIP, enabling the detection of new
objects beyond the training categories |Cheng et al. 2024|. As illustrated in Fig-
ure (b), YOLO-World consists of two main input branches: one for the visual
domain and the other for the language domain.

Figure (a) illustrates the stages in the YOLOvS architecture, starting with the
image input (ideally hight = 640 x width = 640 x channels = 3), which is processed
by a sequence of convolutional layers in the backbone. This backbone successively
applies Conv blocks (with a 3x3 kernel, stride 2 and padding 1) to reduce the
resolution and increase the depth of the representations, followed by C2f blocks
that refine these features through multiple internal convolutions with shortcut-type
connections. Throughout these processing, the spatial resolution of the image is
reduced from 320x320 to 20x20, while the depth of the channels is progressively
increased. At the end of the backbone, the SPPF (Spatial Pyramid Pooling Fast)
structure adds multiscale context, expanding the network’s field of view without
compromising computational efficiency. After this stage, the activation maps are
passed on to the detection head, which generates embeddings of objects with their

respective positions and classes [Jocher et al. 2023]. However, standard YOLOvS8
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Figure 2.6: Overview of the YOLO-World architecture. (a) YOLOv8 backbone in-
tegrated to it for visual feature extraction |Jocher et al. 2023|. (b) Open-vocabulary
detection pipeline combining image multi-scale features with CLIP-based text em-

beddings to infer the bounding boxes and labels [Cheng et al. 2024].

models are limited to closed-set detection, recognizing only object classes seen during
training.

YOLO-World addresses this by incorporating CLIP-based text embeddings and
a contrastive learning framework, allowing the model to generalize to unseen classes
during inference. Figure [2.6| (b) illustrates the YOLO-World processing flow, where
the image input is processed by a YOLOvS8-based backbone that extracts multi-scale
feature representations. Simultaneously, the textual labels (e.g., "player", "ball",
"referee") are encoded using a CLIP-based text encoder to generate semantic em-
beddings. These two streams are then integrated through the Visual-Language PAN
module, which performs cross-modal fusion between visual and textual features. Fol-

lowing this fusion, the Text Contrastive Head further aligns the modalities by com-
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puting similarity scores, and the fused features are passed to the YOLOvS8 detection
head. Instead of relying on predefined class output, the detection stage generates

region embeddings that are then matched against the text embeddings using the

Region-Text Matching module [Cheng et al. 2024].

2.3.2 StrongSORT: A tracking-by-detection approach

A tracking-by-detection model well-established in the literature is StrongSORT
et al. 2023|, an improved version of DeepSORT [Wojke et al. 2017|, which was
build on top of SORT (Simple Online and Realtime Tracking) |[Bewley et al. 2016],

a classic method that predicts the current position based on the target object’s
position in the previous frame and matches the detection bounding boxes with the
predicted position, all these relying on Kalman Filter and Hungarian Algorithm
methods (Figure . StrongSORT was introduced with the aim of improving the

tracking performance in crowded scenes and reducing the frequency of ID switches

in real-time tracking task [Li et al. 2024].
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Figure 2.7: General overview of the processes in tracking-by-detection approach:
object detection, Re-identification, data association, motion prediction, array of

tracks.

Figure [2.7] shows an overview of the StrongSORT approach. It starts by de-
tecting objects in each video frame using a YOLO-based model (e.g., YOLOvT).
Each detected object is then represented by local appearance features, extracted by
a CNN-based network (i.e., BoT+ResNet50). These features help match objects

across consecutive frames. The data association step uses the Hungarian algorithm
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to link the detections to existing tracklets. An optimized Kalman filter (NSA ver-
sion) predicts the next position of each object, and track management updates the
states based on new detections and predictions. As a result, the algorithm produces
a set of updated tracklets that represent object trajectories over time.

One of the main improvements of StrongSORT is the adoption of a more robust
detector and an advanced visual feature extractor, the BoT model, a Batch Nor-
malization Neck (BNNeck), which makes the model more effective at discriminating
between similar objects. In addition, the exponential moving average (EMA) is used
as a new update process strategy to increase the accuracy of associations over time.
These improvements make this technique one of the most precise trackers in bench-
marks like MOT17 and MOT20, achieving great results in terms of identification

consistency and detection accuracy [Du et al. 2023].

2.3.3 MOT Evaluation

For a given MOT approach, metrics and datasets are required to evaluate its perfor-
mance quantitatively. In this way, evaluation metrics are used to provide a means for
fair quantitative comparison. The Multi-Object Tracking performance can be eval-
uated by metrics that have been introduced in the literature. Furthermore, since
many approaches to MOT employ the tracking-by-detection strategy, they often
measure both detection and tracking performance. For this reason, object detection

metrics are also adopted in MOT approaches |[Luo et al. 2021].

2.3.3.a. Quantitative Evaluation Metrics

Detection accuracy can be evaluated using Precision and Recall, two state-of-the-
art metrics that balance false positives and false negatives. In addition, Multiple
Object Detection Precision (MODP) measures the precision of predicted detections
by calculating the percentage of correctly detected objects among the total objects
in the ground truth annotations. |[Luo et al. 2021].

Now, for the evaluation of tracking prediction, precision can be assessed using
the Identity F1-Score (IDF1), which measures the accuracy of tracking identities
by combining precision and recall for object identities |Ristani and Solera 2016].

Multiple Object Tracking Accuracy (MOTA) is an SOTA metric used to quan-
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tify the accuracy of MOT results by relating false positives, false negatives, and
identity switches, providing a comprehensive measure of overall tracking perfor-
mance |[Bernardin and Stiefelhagen 2008|. Another metric used for MOT evaluation
is HOTA (Higher Order Tracking Accuracy), a combination of detection score (DetA
- Detection Accuracy) and association score (AssA - Association Accuracy), which
balances the effects of performing accurate detection and association into a single
unified metric |Luiten et al. 2021]. All the code for the implementation of these
metrics and others can be found in the TrackEval framework, a public codebase

repository |Luiten and Hoffhues 2020].

2.3.3.b. Datasets & Benchmarks

According to [Huang et al. 2024], the most recent tracking algorithms focus mainly
on pedestrians or vehicle tracking. These algorithms have made significant progress
in public benchmarks, such as MOT16 |[Milan et al. 2016], MOTS [Voigtlaender
et al. 2019|, and MOT20 [Dendorfer et al. 2020]. However, these algorithms face
challenges in datasets specifically designed for sports scenarios [Huang et al. 2024].
Therefore, the application of object tracking in sports videos can contribute to the
demands of automatic sports analysis, such as tactical and statistical analysis of

athlete movement |Zhao et al. 2023|.

2.4 Similarity Metrics Calculation for Visual Fea-
tures

The comparison of visual features extracted from images is part of different processes
available in methods of various areas of computer vision. In order to tell whether
these visual features are similar or not the literature uses metrics, which are respon-
sible for quantifying how similar or different the characteristics of two images are
in terms of their numerical representation, known as feature vectors |[Mahendran
and Vedaldi 2015,[Peng et al. 2020]. Metrics that perform this task have been used
in various computer vision applications, such as object recognition, multiple object
tracking [Peng et al. 2020], and video synchronization |Boizard et al. 2023|. In this

work, three main metrics (Euclidean Distance, Cosine Similarity and Mean Squared
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Error) were selected as the point-to-point base metrics for comparing feature vec-
tors, especially due to their use in works that aims to synchronize videos based on
frame-level visual features [Mei et al. 2023|. In addition, a sequence alignment
method, and a strategy to select the most reliable matches are also considered, as
detailed at the end of this section.

The Euclidean distance has been used in a variety of image retrieval-based ap-
plications, such as pattern recognition, image search, representation and clustering,
as it provides a direct measure of how different two vectors of features extracted from
images are [Lowe 2004,|Wang et al. 2014, Varior et al. 2016]. It is used to measure
the similarity between these features vectors by calculating the square root of the
sum of squared differences between the corresponding coordinates of two vectors.
For example, given two vectors of trajectory features traj; and traj,, the Euclidean
distance formula is represented in the Equation 2.1 The smaller EucD(traji, trajs)

is, the more similar the two vectors of features are.

n

EucD(trajy, trajs) = Z(ﬁ“aju — trajy)* (2.1)

i=1

However, Cosine Similarity is applied in information retrieval and pattern
recognition tasks, especially when the magnitude of the vectors is not relevant. This
metric measures the angle between two vectors, ignoring their magnitudes [Yu et al.
2016, Peng et al. 2020, Boizard et al. 2023|. It is calculated as the cosine of the angle
between the vectors, resulting in 1 when the vectors are identical (same direction)

and 0 when they are orthogonal (no similarity). This metric is calculated as shown
in Equation [2.2]

, , , , trajy - trajs
CosineSim(traj,, trajs) = TerajMtraga] (2.2)

Finally, the third metric is Mlean Squared Error (MSE), which is particu-

larly useful in similarity analysis when quantifying the absolute error between two
extracted tracklet features. In this case, the interpretation of the result will be sim-
ilar to that of the first metric, where the smaller the similarity score is, the more
similar the features are. As shown in the equation [2.3] this metric quantifies the
mean squared difference between the values of the two trajectories, and is a metric

that is sensitive to large differences between values [Mei et al. 2023].
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n

1
MSE(traj,,trajs) = — Z(t'f’aju — trajy)? (2.3)
n

=1
2.4.1 Sequence Alignment Method

The metrics presented above compare two feature vectors in a point-to-point way,
that is, the RelD-based features from one specific frame of a tracklet is compared
directly with the RelD-based features of another tracklet. However, the synchroniza-
tion of videos is not only a problem of finding the most similar pair of frames, but of
finding a temporal alignment that is consistent along the sequence. In other words,
if a frame of the first video corresponds to a frame of the second video, the following
frames should also keep this correspondence. This makes the synchronization closer
to a sequence alignment problem than to a pure similarity search.

For this reason, the Dynamic Time Warping (DTW) algorithm [Sakoe and Chiba
1978] is also considered in this work. The DTW compares two sequences of vectors
and finds the alignment that minimizes the total distance between them, allowing
small temporal distortions, for example when the objects move with slightly different
speeds in each video. In this way, the DTW captures the temporal structure of the
tracklet trajectory, and not only the similarity of RelD-based features of a isolated
frame. A faster approximated version, FastDTW [Salvador and Chan 2007, can be
used to reduce computational cost.

When two videos are compared, many pairs of tracklets are obtained, and each
pair produces a similarity value and a possible correspondence. Not all of these pairs
are reliable: some of them can present a low distance by appearance coincidence,
behaving as outliers. For this reason, a strategy to select the most reliable matches
is necessary, instead of trusting a single closest pair or a simple average of all of
them.

A classical strategy for this kind of problem is the consensus based on RANSAC
|[Fischler and Bolles 1981, which keeps the candidates that are supported by the
agreement of the largest number of other candidates, being robust to the presence
of outliers. This idea of robust selection of the closest and most consistent matches
has also been used in works of visual-based video synchronization [Whitehead et al.

2005, Brito et al. 2011].
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Track-UGV-Sync Overview

This chapter introduces the general overview of the problem for synchronizing user-
generated videos using only visual features and presents the proposed framework
designed to mitigate this problem, which was defined based on the related work

discussed later in the chapter.

3.1 Problem Overview and Proposed Framework

The number of people using their mobile devices to record videos during large public
events, such as sports matches, concerts, or festivals, has increased. During these
events, multiple users often capture videos from different perspectives and then share
them on online platforms, such as YouTube, resulting in a rich but unsynchronized
collection of multi-view user-generated videos. The temporal alignment of these
videos can enable multi-perspective analysis, allowing, for example, multi-angle re-
plays, video editing, mashup creation, or other applications that aim to provide a
comprehensive understanding of the captured event.

However, synchronizing videos recorded from different perspectives, often with-
out temporal references such as timestamps, is a significant challenge. Traditional
synchronization methods that rely on audio-visual tracks or manual alignment are
either impractical or unfeasible for processing Multi-View UGVs, given the scale
and variability of such content. Since synchronization can be performed using vi-
sual features extracted from video frames, and since these video collections often

lack reliable timestamps generated from device clocks, this work proposes a frame-

36
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work for synchronizing UGVs using visual information extracted from tracklets by
deep learning-based techniques, without relying on timestamp information.

A tracklet is defined as a sequence of object detections across consecutive video
frames, where each detection is associated with the same tracked object ID. It repre-
sents the trajectory of a detected object within a segment of a video. These tracklets
are formed by associating object detections in consecutive frames using a tracking
algorithm, ensuring that each detected object maintains a consistent track ID over
time.

However, the visual features used to describe these tracklets are not all equivalent
for the synchronization task. The RelD embeddings produced by the MOT are
optimized to discriminate identity, that is, to decide if two image crops are the same
object, which is not the same objective of finding the same temporal moment of
the event observed from different views. For this reason, this work does not assume
a single representation as given. The same synchronization pipeline is instantiated
with two different visual representations, which are then compared under identical
conditions.

The first one is the identity-specialized RelD embedding produced by the tracker
itself (OSNet-AIN), which is taken as the baseline representation, since it is what a
tracking-based pipeline provides. The second one is a self-supervised representation
extracted by a ViT-based model (i.e., DINOv2), which is not trained for identity
but for general visual correspondence. The experiments reported later show that
the holistic representation is at least as accurate as the RelD one in every recording
condition, so DINOv2 is adopted as the default representation of the framework,
and OSNet-AIN is kept as the comparison baseline. It is important to note that this
choice is fixed and made offline. The framework does not select the representation
per video pair and, in particular, it does not require any prior knowledge about how
the two cameras were positioned. The recording conditions formalized in Definition [

are used only to stratify the experimental analysis, never as an input of the method.

3.1.1 Mathematical Formalization of the Problem

Before presenting the detailed formulation of the synchronization framework, we

give a formal mathematical foundation for the main concepts. This formalization
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provides the theoretical basis for the proposed approach and supports the analysis
of its properties.
To formalize the problem, we define the fundamental concepts about video, user-

generated video (UGV), temporal overlap, and offset as follows.

Definition 1 (Video). A video V is a finite sequence of frames V= {f1, fa, ..., fr},
where f, € RE*WXC js an image at the discrete time instant t, with height H, width
W, and C' color channels. The temporal duration of the video is 7(V)) = F/T, where
T is the frame rate (fps) and F is the total number of frames.

Definition 2 (User-Generated Video - UGV). A User-Generated Video (UGV) is a
video V' captured by a consumer mobile device (usually, a smartphone) in an uncon-
trolled environment, by a non-professional user. Typical characteristics include, but
are not limited to, variations in illumination, camera motion, compression artifacts,

recording quality and the absence of reliable synchronization metadata.

Definition 3 (Temporal Overlap). Given two videos Vi and Vs, we define the tem-
poral overlap interval O C R as the set of time instants t for which both videos have

a frame representing the same real-world event. Formally:
O ={t|3f" e Wi, {1 € Vi, such that £ = £},
where = denotes semantic and temporal correspondence between frames.

Definition 4 (Temporal Offset). The temporal offset § between two videos Vi and
Vo is the difference between their recording start times on a universal clock. If tq

and ty are the start times, then:
0 =t; —to.

Consequently, for the videos to be synchronized, frame ft(l) must correspond to frame
fﬁ)&. The unit of 6 can be expressed in seconds or, more commonly, in number of

frames.

[Non-Empty Overlap Assumption| This work addresses the problem of estimating
the offset between two videos that do record a common portion of the same event,

that is, it assumes O # ). Deciding whether two arbitrary videos overlap at all is
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a distinct problem, of detection rather than estimation, and it is out of the scope
of this dissertation. The framework always returns an offset for the pair it receives,
and it does not include a rejection criterion: applied to a non-overlapping pair, it
would still report the most consistent hypothesis found, which would be spurious.
Accordingly, every pair of the evaluation sets was built so that the two views share
a common temporal window, as described in Subsection [6.3.1]

[Frame-Rate Normalization| Expressing § in number of frames is only well defined
when both videos share the same frame rate T'. This is not the case for raw UGVs
because consumer devices record with different nominal frame rates and frequently
produce variable frame rate streams, so the physical duration of one frame is not the
same in V; and V5. Therefore, before any processing, every video is re-encoded to
a common constant frame rate (CFR) 7™, and both the estimated and the ground-
truth offsets are always expressed in this single reference. Under this condition, the

conversion between frames and physical time is direct:

J

5sec = T
T*

0 = round (Jgec - T7) .

In this work T = 30 fps, which is the lowest nominal frame rate observed among
the recording devices of the collection. Normalizing to the lowest nominal rate means
that faster recordings are resampled down, instead of duplicating frames of the slower
ones, which would create frames that were never captured. The conversion is applied
with FFmpeg to every clip of the UGV-Sync set at the moment the evaluation clips
are produced, and it was verified afterwards, so that both videos of a pair are
guaranteed to be CFR at the same rate. This step operates on the video stream
only, and does not depend on any metadata written by the recording device.

The difficulty of synchronizing two UGVs also depends on how far apart the two
cameras are, so the pairs are characterized according to the spatial relation between

the two recordings.

Definition 5 (Viewpoint Relation). Let £(V') € L be the discrete viewpoint label of a
video V', where L = { LEFT, BEHIND LEFT, CENTER, RIGHT, BEHIND RIGHT}
describes the position of the camera relative to the main activity area of the sport,

and let m(V') be the capture position from which V was recorded [Pessoa et al. 2026a).
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The viewpoint relation R(Vy,Va) of a pair is defined as:

(

SV, if (Vi) = £(V2) and m(V1) = 7(V2),

R(Vi,Va) = § DV-near, if ((V1) = €(Va) and w(Vy) # 7(Va),

| DVfar, i (V) # V2).

The labels in £ are the viewpoint categories defined in the MUVY collection,
where they were assigned by human visual inspection of each recording, according
to the position of the camera with respect to the field or, for sports with a less
standardized spatial layout, with respect to the primary activity area observed in
the recording [Pessoa et al. 2026a]. When the two videos of a pair carry the same
label, the pair is inspected once more to decide whether both recordings come from
the same capture position (SV) or from two distinct positions inside the same region
(DV-near). Different labels always indicate a large angular separation, and the pair
is assigned to DV-far.

The proposed framework relies on a fundamental assumption about the nature

of the synchronization problem. We formalize this assumption as follows:

Axiom 1 (Temporal Consistency). For a pair of videos Vi and Vy recording the same
event, there exists a single temporal offset 0* that is valid for the entire duration of
their overlap O. This aziom implies that § is a global constant and not a function
of time, which is a fundamental assumption for any synchronization method that

operates without external temporal references.

From this axiom, we derive the following lemma, which justifies the use of a

consensus-based estimation strategy:

Lema 1 (Consistent Temporal Correspondence). Let P = {(a,b)} be the set of
candidate tracklet pairs, where each pair generates an offset hypothesis dqp. If 0*
18 the true temporal offset, then, for any pair of tracklets that represent the same
overlapping object or event, the generated hypothesis will be within a tolerance A of

0*. Formally:
V(a,b) € P* (correct correspondences), |dap — 0| < A,

where P* C P denotes the set of correct tracklet correspondences.
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Proof. The proof follows directly from Axiom 1 and the definition of a tracklet as a
temporally-ordered sequence of object detections. If a tracklet in V; and one in V5
correspond to the same physical object or event, then the time difference between
their corresponding frames must be constant and equal to the global offset 6*, up to
small estimation errors introduced by the tracking and feature extraction processes.

These errors are captured by the tolerance parameter A. O

We now state and prove the central theoretical result that justifies the RANSAC-

based consensus strategy employed in the proposed framework.

Theorem 1 (Offset Estimation by Consensus). Given a set of offset hypotheses
H = {dup | (a,b) € P}, where a fraction r > 0.5 of the hypotheses are inliers (that
is, they satisfy Lemma 1), the consensus voting strateqy (RANSAC) that selects
the offset 95, with the largest number of inliers within the tolerance A will correctly

estimate the true offset 6*.

Proof. Let H;, C H be the subset of inlier hypotheses. By hypothesis, |H,| > |H|/2.
By Lemma 1, all hypotheses in H;, are within A of §*. Therefore, the neighborhood
N (0%, A) contains more than |#H|/2 hypotheses.

Now consider any other offset ¢’ # 6*. By definition, the inlier hypotheses are
not in the neighborhood of §’, unless ¢’ is also within A of ¢*, which would imply
that 0" and ¢* are indistinguishable at the chosen tolerance. In the general case, the
maximum number of hypotheses that can be in N'(¢’, A) is bounded by the number
of outlier hypotheses, which is |H| — |Hi| < |H]/2.

Therefore, N (6%, A) contains more hypotheses than the neighborhood of any
other offset. The RANSAC voting strategy, which selects the offset with the highest

inlier count, will consequently select 6*. ]

Corollary 1 (RANSAC Success Condition). If the fraction of inliers r = |Hn|/|H|
1s greater than 0.5, Theorem 1 gquarantees that the RANSAC-based estimation strat-
eqy can identify the correct offset 6*. In practical terms, this condition implies that
the magjority of tracklet correspondences must be temporally consistent for the esti-
mation to be successful. The probability of RANSAC success increases exponentially

with the fraction of inliers.
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Beyond correctness, the proposed framework offers a significant computational
advantage over existing exhaustive search methods. We formalize this advantage as

follows:

Proposition 1 (Complexity Reduction). The proposed algorithm reduces the com-
plezity of the search for the temporal offset from O(Fy x Fy) to O(Ty X Ty), where F;
18 the number of frames in video i, and T} is the number of significant tracklets in
video i. Since T; < F; in typical scenarios (empirically, T; < 0.1 X F;), the reduction

in the search space is substantial.

Proof. An exhaustive frame-level search would compare every frame from video V;
with every frame from video V, to find the best temporal alignment, resulting in
F} x F;, pairwise comparisons.

The proposed method, however, operates at the tracklet level. It first filters the
data to retain only significant tracklets (those with duration > m frames, as defined
in Equation 3.3). The core matching step, which constitutes the computational
bottleneck, compares each significant tracklet from V; with each significant tracklet
from V5, resulting in T} x T5 pairwise comparisons.

As tracklets are far less numerous than total frames (the "significant trajectories"
filter discards short, fragmented, and irrelevant tracklets), we have T; < Fj;, and
consequently O(T} x Ty) < O(F; x Fy). The empirical reduction factor is reported
in Section 6.4. |

3.1.2 Problem Formulation

Let V; and V5 be two UGVs of the same sports event, recorded from different per-
spectives by independent mobile devices, without shared timestamps or audio cues.
Each video V; contains F; frames, where F; can range from hundreds to thousands
depending on the duration and frame rate of the video. The goal of timestamp-free

synchronization is to find a temporal offset § such that:

0= fi—fs, (3.1)

where f € V; and f; € V, are frames that correspond to the same real-world

instant. Once ¢ is estimated, the overlapping fragments can be extracted from both
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videos aligned on a common timeline.
To estimate § without timestamps, the framework relies on the trajectories of the
objects that are tracked in each video. For each video Vj, the multi-object tracker

(i.e., MOT-UGV [Alencar and de Freitas 2025|) produces a set of tracklets:

T, = {traji1,trajia, ..., trajin, }, traj;, = (t, bt)tefi,k’ (3.2)
where n; is the number of tracklets in video i, F;j is the set of frames in which
object k is tracked, and b, is its bounding box at frame t.

Instead of comparing all frames of one video against all frames of the other, the
framework first keeps only the most significant trajectories, that is, the tracklets

that are tracked for at least a minimum number of frames m:

Ty ={trajix €Ty : |Fixl >m}. (3.3)

It is worth to mention that this selection is an important point of the proposed frame-
work, because the frame-level comparison is performed only inside the trajectories
that are kept. In this way, the search is reduced from O(Fy x F) to O(|Ty| x |T3]),
which is much smaller in practice.

For each detection of a significant tracklet, a visual feature vector is extracted

from the object image crop through an embedding function ¢:

el = o(Li(t, b)) € RY, ¢ € { posNet-AIN; PDINOV2 4 (3.4)

where I;(t, b;) is the image crop of the object at frame ¢. In this work, ¢ is treated as
a replaceable visual representation: it can be the identity-specialized RelD encoder
YosNet-AIN, already obtained during tracking, or the self-supervised ViT encoder
wpINOv2, Which produces a single descriptor of its input through the [CLS] token.
In the context of ppiNove, the holistic term refers to what the descriptor encodes,
and not to the spatial extent of what it sees. The two encoders differ in their training
objective. OSNet-AIN is trained with identity supervision, so any visual evidence
that does not help to discriminate one identity from another, in particular the back-
ground and the surrounding context, is treated as nuisance and is suppressed by
the objective itself. DINOv2 is trained in a self-supervised way, without identity
labels, and its [CLS] token aggregates all patch tokens of the input through global
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self-attention. As a consequence, it retains the scene content, the pose and the
spatial arrangement that fall inside the crop region, instead of only the cues that
identify the object. The crop is also slightly expanded by a fixed padding margin
before the extraction, which controls how much surrounding context enters the de-
scriptor. Each tracklet is then represented by its ordered sequence of embeddings
€k = (ef”“)

)

)tG.Fi,k '

Following a retrieval-like setup |Guo et al. 2026|, the significant trajectories of V5
are used as the index and the trajectories of V; as queries. Not every pair of trajecto-
ries is compared; a candidate pair is only formed when both tracklets carry the same
object class label ¢, which prevents, for example, a tracklet of the ball from being
matched against a tracklet of a player. The detector adopted in Stage I is open-
vocabulary and is driven by a flat set of natural language prompts C, defined for the
sports domain of this work as C = { "person playing", "audience", "sports ball"},
where "audience" acts only as a suppression prompt and its detections are discarded
before tracking. These class labels is an index into a flat, task-defined prompt vocab-
ulary, with no hierarchy or formal semantics between the prompts. In this context,
c is simply the index of the prompt that the detector assigned to the object, prop-
agated by the tracker to every detection of the tracklet. The constraint is therefore
a plain equality test ¢, = ¢, over a task-defined vocabulary, adopted as a filter to
reduce spurious correspondences.

Given two tracklets traj; , and trajs, that satisfy this constraint, their similarity
S(trajiq, trajsp) is computed from the embedding sequences, either as the minimum
point-to-point Euclidean distance between their frames or through Dynamic Time
Warping (DTW), which compares the tracklets as temporal sequences instead of
isolated frames. The pair of most similar frames (¢3,¢5) of a matched tracklet pair

provides a candidate offset hypothesis:

Sap =17 — t5. (3.5)

Since a single tracklet pair can produce an incorrect temporal hypothesis, the
final offset is not estimated from one match alone. Instead, the framework adopts a
RANSAC-inspired consensus strategy over the set of offset hypotheses generated by

the most reliable tracklet correspondences. Let P denote the set of candidate tracklet
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pairs, where each pair (a,b) € P produces an offset hypothesis d,, and an associated
visual feature distance d, ;. From this set, the top-K pairs with the smallest feature
distances are selected as anchor hypotheses, forming the set of hypothesis Hx.

The final synchronization offset is then selected as:

oF = argglhlgq}i ‘{ (CL, b) . |6a,b — 5h| < A }‘, (36)

where A is a tolerance in frames and the selected 0* is the hypothesis supported
by the largest number of consistent tracklet pairs (inliers). Ties are broken by the
smallest mean feature distance among the inliers, and, when no consensus is found,
the framework falls back to the best-match or the median offset, in this order.

It is important to note that this is not the same as an unconstrained retrieval
problem, such as the one solved by RAG |Lewis et al. 2020| or VLM-based ap-
proaches |Guo et al. 2026|, where each query is matched independently. In the
synchronization problem, the matches must respect a temporal relation: the same
offset 0* must hold across the entire sequence of overlapping frames, imposing a
temporal-coherence constraint on the selected matches. This estimated ¢* finally
defines the set of scenes that overlaps between the two videos.

In this context, synchronization is the process of finding sets of frames, one from
each input unsynchronized video, such that the similarity score among the Frame-
level visual representation features of each set of tracklets is higher, indicating the
detection of an overlapping scene based on the estimated offset.

Figure presents the process as a workflow-oriented block diagram, highlight-
ing the method’s modular structure, its connections, and the complete workflow
from start to finish. Each block represents a process in the pipeline: from multi-
object tracking using MOT-UGV [Alencar and de Freitas 2025|, through tracklet
embedding and similarity computation, to offset estimation and overlap detection.

In summary, each process works as follows:

e Stage I - MOT-UGV-based Pre-processing.

1. The deep learning-based multi-object tracker (MOT-UGV) is applied to

the two input videos.
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Stage I - MOT-UGYV Based Pre-Processing

T1 = [traj,1, traji,z, ..., traji,n),

Vi1 Tracklets

V1 L .
E j (1) MOT-UGV:

(2) Tracklet (3) Significant
VzE (YOLO-World + Embedding fracklets + Relb ;(SJSNET) Trajectory —
2 e StrongSORT) Vi1 Tracklets Extraction Selection

‘—7{2 = [trajz,1, trajz,z, ..., trajz,m}/ IR e ;
10nly significant traj are kept.;

+ The frame comparisonis |
! restricted to their frames: |
| O(TixT2)<<O(F1xF2) |

Stage II — Global Semantic Features and Offset Estimation

« [ ] 1 | (8) Ovelap Detection (7) Offset (6) ANN-Based (5) Best-Representation (4) Query-Index
! HEE| Temporal coherence: single & € Estimation <Similatiry Computation < Embedding < Setup: <«
for the whole sequence RANSAC inlier voting—s §* Euclidean Distance / DTW-Norm  DINOV2 holistic features (ViT, [CLS])) ~ Vi=Queries, V>=index
m | Visual Semantic Logical Representation:
H [OSNet (RelD from Stage 1) or 1
Synchronzed Fragments i DINOV2 (VIiT, holistic)] P .

Figure 3.1: Diagram workflow of the proposed framework for synchronizing multi-
view UGVs. In Stage I, both videos are tracked by MOT-UGV (1) and only the most
significant trajectories are selected (3). In Stage II, the significant trajectories of V5
are used as the index and those of V; as queries (4); a best visual representation
is extracted (5); the similarity is computed to find the most semantically similar
frame pairs (6); the temporal offset is estimated by RANSAC inlier voting (7); and
the overlap detection enforces a single offset over the whole sequence, producing the

synchronized fragments (8).

2. As a result of (1), a set of tracklets together with the ReID (OSNet-
AIN) appearance embeddings of the tracked objects from each video is

returned.

3. From these tracklets, only the most significant trajectories are selected
(Equation . This is the point that reinforces the idea that this pro-
posed approach does not compare all frames of one video against all
frames of the other to find the offset. In this case, frame-level compari-

son is performed only for frames that belong to the selected trajectories.
e Stage II — Global Semantic Features and Offset Estimation.

4. The significant trajectories of V5 are used as the index and the trajecto-

ries of V] as queries, in a retrieval-like setup.

5. A visual representation is extracted for the frames of these trajectories

with a DINOv2-based approach. Both representations receive the same
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input, the image crop delimited by the bounding box of the tracked ob-
ject, what distinguishes them is not the extent of the input but what
each descriptor retains from it: the RelD embedding keeps what dis-
criminates identity, while the DINOv2 descriptor summarizes the visual
content of the whole input region. The same step is also instantiated
with the ReID (OSNet-AIN) embeddings obtained in Stage I, which is
the baseline condition used in the comparison (Equation .

6. The similarity between the trajectories is computed (Euclidean distance
and DTW) to find the best correlation pairs, that is, the frames of the

trajectories that are the most similar semantically.

7. A RANSAC inlier voting is applied over the offset hypotheses of these
pairs to obtain the best offset ¢* (Equation .

8. The overlap detection applies the temporal relation that characterizes
the synchronization problem. Differently from a VLM-based retrieval
|Guo et al. 2026, where each query is matched independently, here the
estimated offset must be the same for the whole sequence of frames,

which imposes a temporal-coherence constraint over the matches.

9. The result is the set of synchronized fragments between the two videos.

3.2 Related Work

This section lists the main works that are strongly related to the objective proposed
in this research. It is divided into three main topics: Video Synchronization Based

on Visual Features, Multi-Object Tracking Algorithms, and Evaluation Datasets.

3.2.1 Video Synchronization Based on Visual Features

This sub-section provides a chronological overview of the works most closely related
to the synchronization of multi-view user-generated videos using multi-object track-
ing. The following tables list these works, beginning with those that are not deep
learning-based (Table followed by the ones based on Deep Learning models
(Table , summarizing the main characteristics of the proposed methods.
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In summary, existing visual-based synchronization methods demonstrate that
temporal alignment can be estimated from video content without relying exclusively
on timestamps or sensor information. However, most approaches use global frame
representations [Yin et al. 2022, Zhang and Chan 2022, Boizard et al. 2023, Liu
et al. 2024|, predefined temporal search intervals [Shin and Molybog 2025|, or
controlled recording conditions [Whitehead et al. 2005, Meyer et al. 2008 Brito et al.
2011). Moreover, the literature provides limited investigation of object-centered
representations and of how substantial viewpoint differences affect synchronization

in real multi-view sports UGVs.

Classical Visual Synchronization Methods

Most of the works listed in Table propose synchronization methods that rely
heavily on background subtraction and frame differencing techniques. While these
approaches proved effective in controlled environments [Brito et al. 2011 and
were groundbreaking at the time, they often struggled to handle the variability
and complexity introduced by dynamic backgrounds and the lack of timestamps in
UGVs |Guggenberger 2023)|.

As examples of this are the approaches proposed by Whitehead et al. 2005
and Meyer et al. 2008. These are considered baselines for trajectory-based video
synchronization, focusing on extracting tracklet-based visual features using classic
object tracking techniques, such as the KLT tracker and SIFT. However, they were
designed for videos that have been recorded under certain restrictions, such as the
fact that the objects being tracked (where, in most cases, only a single object is
tracked) should not have movements similar to a pendulum [Whitehead et al. 2005],
which suggests that the object cannot leave and enter the scene again. This cannot
be guaranteed for user-generated sports videos, which are the focus of this work.

As research in video synchronization advances, more advanced techniques have
emerged, incorporating multiple object tracking (MOT) capabilities and leveraging
sensor data, as seen in the work of Brito et al. 2011/ and (Gaddam et al. 2018. These
methods exemplify a transition towards more dynamic and context-aware synchro-
nization, using multi-object trajectories and external sensors to improve alignment

accuracy |[Gaddam et al. 2018|. However, they still face challenges related to adapt-
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Table 3.1: Summary of works about visual-based video synchronization and its

relation to UGVs and MOT features.

‘ Classical Visual Synchronization Methods ‘

‘ Title & Reference UGV | MOT Sync Method ‘
Temporal Synchronization of Video Se- X v Method: KLT Tracker, consensus match-
quences in Theory and in Practice [White- ing.
head et al. 2005| Evaluation: Real-world, synthetic.

Focus: Stationary cameras.

Subframe Temporal Alignment of Non- X v Method: SIFT detector, KLT algorithm.
Stationary Cameras |[Meyer et al. 2008| Focus: Trajectory and time matching.
Temporal Synchronization  of  Non- X v Method: WSL tracker, 3D projection.
Overlapping Videos Using Known Object Focus: Temporal relationships using high-
Motion |Brito et al. 2011| dimensional space.
Camera Synchronization for Panoramic X v Method: Hardware-based trigger, sensor
Videos |Gaddam et al. 2018| tracking.
Focus: Sports analysis, timestamp info
used.
Multimodal ~Alignment of Videos To- v X Method: SIFT, image retrieval.
ward  Multimodal Data  Synchroniza- Dataset: Jiku Mobile.

tion |Guggenberger 2023|

ability and scalability, particularly in the presence of content that is constantly

becoming more diverse and unpredictable, such as the ones seen in UGVs.

Deep Learning-Based Sync Methods

With the recent introduction of Deep Learning models, the field has seen significant
advances, offering more robust and adaptable solutions for video synchronization.
The works listed in Table exemplify these changes, employing, for example, con-
volutional neural networks and unsupervised learning techniques to achieve synchro-
nization without explicitly relying on temporal data [Boizard et al. 2023|. However,
there are works such as Nazare et al. 2018, which combine visual information, in
this case the trajectories of detected objects, with sensor data extracted from ex-
ternal hardware to achieve synchronization, but this forces the system to rely on
timestamp information to align the data that will be combined.

Most of the works listed in Table use deep learning approaches to visual
feature extraction, such as Transformer-based architectures and pose estimation

networks [Yin et al. 2022, Liu et al. 2024]. Even with their advances, these mod-
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Table 3.2: Summary of works about DIL-based approaches applied to video synchro-
nization and its relation to UGVs and MOT features.

‘ Deep Learning-Based Sync Methods ‘

‘ Title & Reference UGV ‘ MOT Sync Method ‘
Content-Based Multi-Camera Video Align- X v Method: Accelerometer data, Faster R-
ment using Accelerometer Data |Nazare CNN, mean-shift tracking.
et al. 2018| Focus: Align tracklets with accelerometer

signals.
Self-Supervised Human Pose Based Multi- X X Method: SeSyn-Net, HRNet (key points).
Camera Video Synchronization |Yin et al. Focus: Feature embedding.
2022]

7Single—Frame—Based Deep View Synchro- X X Method: FCN-7, content and motion flow
nization for Unsynchronized Multicamera matching.

Surveillance [Zhang and Chan 2022] Focus: DNN-based models, image corre-
spondence.

Deep Learning-Based Stereo Camera Multi- X X Method: CNN-Siamese, Triplet Loss.

Video Synchronization |Boizard et al. Focus: Matching matrix, delay estimation.

2023|

7Learning Domain-Adaptive  Landmark X v Method: Unsupervised learning, matrix di-
Detection-Based  Self-Supervised ~ Video agonal similarity.

Synchronization  for  Remote  Sensing Focus: Temporal offsets, synthetic datasets.
Panorama |[Mei et al. 2023|
Advancing Video Synchronization with Frac- X X Method: Transformer, InSynFormer model.
tional Frame Analysis: Introducing a Novel Focus: HRNet, IFID dataset, intra-frame
Dataset and Model |Liu et al. 2024| alignment.
Beyond Audio and Pose: A General-Purpose X X Method: Self-supervised video embeddings
Framework for Video Synchronization |Shin (CARL, InternVideo2), per-frame similarity
and Molybog 2025 matrix, CNN-based offset classifier.
Focus: General-purpose sync, pose/audio-
independent. CMU Panoptic.

ern methods maintain a conceptual connection to previous approaches, as they are
still based on the fundamental idea of aligning videos by matching visual features
extracted from sequences of frames |Zhang and Chan 2022, Mei et al. 2023|, which
underscores their effectiveness.

Despite these advances, it is important to note that none of these deep learning-
based methods explicitly addresses the challenges presented in UGVs. Their focus
remains primarily on controlled or synthetic datasets |[Mei et al. 2023|. Among the
works mentioned in this subsection, only Guggenberger 2023| specifically addresses
UGV synchronization, highlighting the importance of tailoring synchronization tech-

niques to the unique characteristics of such videos. However, despite recognizing the
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potential of deep learning-based approaches, his proposed method relies entirely on
classic image retrieval solutions, such as SIFT. This suggests a gap between the
potential benefits of deep learning techniques and their application to UGV chal-
lenges |Guggenberger 2023|.

More recent work also moves toward replacing task-specific features with general-
purpose representations |[Shin and Molybog 2025|. Instead of relying on human
pose or audio, the authors evaluate self-supervised video embedding models, such
as CARL and InternVideo2, feeding a similarity matrix into a classifier to predict
the synchronization offset. This is the closest work to the representation question
raised in this research, since it explicitly compares different families of visual repre-
sentations for the synchronization task.

However, it still operates at the level of the whole frame and is evaluated on
controlled multi-view datasets, such as NTU RGB+D and CMU Panoptic, with-
out addressing the challenges of user-generated videos or exploring object-centric
tracklet features, which are the focus of this work. It is also worth noting that the
same authors report that general-purpose VLMs perform no better than a naive
guess on precise temporal alignment, which is consistent with the idea that UGVs
synchronization requires temporal coherence rather than independent semantic re-
trieval [Shin and Molybog 2025|.

To conclude, while traditional methods provide a foundation, they may not have
fully exploited the capabilities of the proposed techniques to deal with the chal-
lenges present, especially in UGVs. Moreover, all these methods take the visual
representation as a fixed choice and align the videos by matching features extracted
exclusively from the whole frames, without questioning which kind of representa-
tion is more suitable for the cross-view alignment of videos. This research seeks to
contribute to this gap not only by integrating a deep learning-based multi-object
tracking approach to explore the features of multi-view UGVs, but also by investi-
gating which visual representation better supports this alignment. This is why it was
necessary to survey the state of the art of deep learning-based models for tracking
multiple objects, since the tracking stage is what produces one of the representations

under investigation.
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3.2.2 Deep Learning-Based Multi-Object Tracking Algorithms

Table [3.3] presents a chronological overview of key works on multi-object tracking,
highlighting their characteristics in multi-view setups. These works demonstrate the
evolution of deep learning-based multi-object tracking algorithms, which initially
focused on controlled environments where static cameras are used for tasks like
pedestrian tracking, as seen in the MOT16 and MOT20 datasets [Milan et al. 2016],
Dendorfer et al. 2020].

Table 3.3: List of works about multi-object tracking and its relation to multi-view

user-generated videos.

|

Multi-Object Tracking Methods (None UGV-based)

‘ Multi-View ‘ Title & Reference Evaluation Dataset | Approaches

X TrackFormer: Multi-Object | MOT17 and MOTS20 | Tracking-by-attention: —Transformer-based.
Tracking  with Transform- | (pedestrians). Feature extraction: ResNet-50 (CNN). Track
ers [Meinhardt et al. 2022] Prediction: Attention mechanism.

X MOTRv2: Bootstrapping End- | DanceTrack, Tracking-by-detection: MOTR (DETR +
to-End Multi-Object Tracking | BDD100k, and | ResNet-50).Extra object detector: YOLOX.
by Pre-trained Object Detectors | MOT17.
|Zhang et al. 2023|

X StrongSORT: Make DeepSORT | MOT17 and MOT20. | Tracking-by-detection paradigm. Detector:
Great Again |Du et al. 2023| YOLOX-X. Appearance Feature extraction:

BoT + EMA. Prediction: NSA Kalman Fil-
ter.

v Multi-camera Multi-object | DukeMTMCT, Survey of 30 MCMT algorithms. Motion and
Tracking: A Review of Cur- | CityFlow (pedes- | appearance models. Hierarchical techniques
rent Trends and Future Ad- | trian and  vehicle | dominate.
vances |[Amosa et al. 2023 objects).

v Online  Multi-camera  People | 2024 AI City Chal- | MOT: YOLOv8 + OSNet (Re-ID) + Byte-
Tracking with Spatial-temporal | lenge Track 1 (syn- | Track. MTMC: Merges tracklets.
Mechanism and Anchor-feature | thetic scenes).

Hierarchical Clustering |Cherd-
chusakulchai et al. 2024|

v GMT: A Robust Global Asso- | VisionTrack (recorded | Tracking-by-attention: Global MTMC. De-
ciation Model for Multi-Target | by drones). tector: CenterNet. Feature extraction: Re-
Multi-Camera  Tracking |Fan ID (Mask R-CNN). Association: Hungarian
and Zhao 2024| algorithm.

X Iterative Scale-Up ExpansionloU | SportsMOT and | Tracking-by-detection (sports scenarios).
and Deep Features Association | SoccerNet-Tracking Detector: YOLOX + OSNet (Re-ID).Track
for Multi-Object Tracking in | (players). prediction: Expansion IoU.

Sports |[Huang et al. 2024

The use of static cameras is evident in works such as “TrackFormer” and “MOTRv2”,
which introduced innovations in detection-based tracking, using attention mecha-

nisms and adaptive filtering to improve object association between video frames
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[Meinhardt et al. 2022,[Zhang et al. 2023|. Over time, these methods have been ex-
tended to more complex scenarios, such as sports events [Huang et al. 2024|, includ-
ing multi-view camera setups |[Amosa et al. 2023|. Furthermore, all the studies listed
emphasize that MOT is a fundamental task in the field of computer vision [Huang
et al. 2023].

As demand for MOT has increased, particularly for dynamic environments such
as sports and UGVs, new challenges have emerged. According to [Huang et al.
2023, multi-object tracking in sports scenarios presents two main challenges: (1) the
nonlinear movement of players and (2) the similar appearance of athletes on the field.
Thus, MOT for unpredictable environments can present unique challenges. In the
work proposed by Huang et al. 2024, these challenges are addressed by replacing the
Kalman filter with the iterative ExpansionloU technique and deep feature extraction.
Despite these advances, methods like that can still face limitations when applied
to UGVs, where variable capture conditions, such as lighting and camera angles,
introduce additional tracking difficulties.

Furthermore, the application of MOT to multi-view environments has also been
studied |[Amosa et al. 2023, Cherdchusakulchai et al. 2024]. Such approaches require
advanced solutions to address issues such as occlusion, perspective variation, and
temporal synchronization between cameras, because it is assumed that processed
videos are already temporally aligned [Cherdchusakulchai et al. 2024]. Additionally,
the datasets used to evaluate these techniques, such as DukeMTMC and CityFlow,
are composed of video of pedestrians recorded in controlled environments, limiting
the applicability of these methods to more dynamic and complex scenarios.

It is also important to note the type of visual representation on which these
tracking methods are based. To associate detections across frames, modern MOT
pipelines extract appearance embeddings using re-identification (RelD) networks,
such as OSNet [Zhou et al. 2022|, which is also the case of the sports-oriented
methods listed above [Cherdchusakulchai et al. 2024, Huang et al. 2024]. These
embeddings are optimized to discriminate the identity of each object, that is, to
distinguish one athlete from another even when they look similar.

However, the cross-view synchronization of UGVs does not require identifying

who the object is, but rather recognizing that two videos are observing the same
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moment of the scene from different viewpoints. This distinction motivates us to
contrast identity-specialized RelD embeddings with a different family of representa-
tions. The holistic and visual semantic-logical features produced by self-supervised
Vision Transformers [Dosovitskiy 2020|, such as DINO [Caron et al. 2021] and DI-
NOv2 [Oquab et al. 2023|, which are trained without identity labels and tend to

capture the global semantic content of the image [Shin and Molybog 2025|.

3.2.3 Evaluation Datasets

Table presents a list of related works that use datasets composed of multiple
videos for evaluating multi-object tracking or synchronization methods, with an
emphasis on those that use user-generated videos (UGVs) and multi-view perspec-
tives. The works are ordered chronologically, starting with those that explicitly use
UGV, followed by those that do not. Most of these studies are applied to the vali-
dation MOT models for single-view scenarios, where none of these are UGV-based
and they have no sensor data. There are also those that were created to be used as
ground-truth for the task of synchronizing UGVs |[Guggenberger et al. 2015].

The first work listed |Cricri et al. 2013| explores multimodal analysis to classify
sport genres in UGV videos recorded with mobile devices. Although the dataset
includes Multi-View UGVs and sensor data, such as accelerometers, the focus is
primarily on video classification rather than video synchronization or multi-object
tracking, which limits its applicability to the context of this research.

Similarly, the work of |Guggenberger et al. 2015| offers a set of multi-view UGVs
recorded at public concerts, and can be used to evaluate video synchronization
approach once it was manually annotated for such task. Although useful for video
synchronization, the dataset lacks the object-feature annotations needed to evaluate
tracking algorithms specifically. Furthermore, Bailer et al. 2015 and [Perera et al.
2020|introduce a dataset for benchmarking and multi-view applications, but combine
content generated by professionals and users.

In contrast, works such as |[Ristani and Solera 2016, |Dendorter et al. 2020, and
Tanaka et al. 2022| focus explicitly on multi-object tracking, but do not use user-
generated videos. These studies use static cameras and controlled environments,

which differ from the context of UGV. The latest published work combines GPS-
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Table 3.4: Summary of works that introduce a dataset to MOT or Synchronization

evaluation and its relation to Multi-View UGVs.

Datasets for Multi-Object Tracking (MOT) and Video Synchronization in UGVs
UGV Title & Reference Perspectivd Sensor Data | MOT Work Description

v Multi-sensor fusion for sport genre | Multi-View v X Combines data from mobile video recordings and sensor
classification of user-generated mobile data (e.g., accelerometer). The application focuses on
videos lm video classification using SVM-based techniques.

v A Synchronization Ground Truth | Multi-View v X Includes user-generated videos at events, aligned manu-
for the Jiku Mobile Video Dataset ally by audio samples for synchronization. The applica-
IGuggcnbcrgcr et al. 2015] tion is for benchmarking and algorithm development.

v Multi-sensor Concert Recording | Multi-View v X Combines professional and UGC concert recordings.
Dataset Including Professional and Synchronization is performed using both audio and vi-
User-generated Content w sual cues for multi-view video synchronization research.

X Performance Measures and a Data Set | Multi-View X v Outdoor multi-view videos with bounding boxes and
for Multi-Target Multi Camera Track- unique IDs for tracking. Used to benchmark tracking
ing 'm algorithms in multi-camera setups.

X A Multiviewpoint Outdoor Dataset for | Multi-View X X Multi-view outdoor human actions, including YouTube-
Human Action Recognition sourced videos, annotated with action labels and bound-
Iml ing boxes for training action recognition models.

X MOT20: A Benchmark for Multi- | Single-View X v Crowded scene videos annotated for object detection
object Tracking in Crowded Scenes and tracking with bounding boxes and unique IDs across
'm frames for benchmarking tracking algorithms.

X MultiSports: A Multi-Person  Video | Multi-View X v Sports actions with multiple players annotated with
Dataset of Spatio-Temporally Local- bounding boxes and action labels. Used for action de-
ized Sports Actions 'm tection and tracking in sports scenarios.

X Updating a Dataset of Labeled Objects | Single-View X v Includes object IDs and bounding boxes for tracking,
on Raw Video Sequences with Unique with manual correction for evaluating tracking consis-
Object IDs 'm tency across frames.

X SoccerTrack: A Dataset and Track- | Single-View X v Fish-eye videos with player positions and bounding
ing Algorithm for Soccer with Fish-Eye boxes. Focuses on tracking under distortion with val-
'm idation using GNSS alignment and YOLOV5 detection.

generated data with object detections to track players in soccer videos, but is limited

to a single view and does not address the challenge of multiple UGV perspectives,

as it is based on official broadcast videos [Scott et al. 2022).




Chapter 4

Methodology

This chapter describes the methodology used to achieve the objectives mentioned
in Section From the formulation of the problem, the methodological procedures
are structured into three main processes: (i) data collection and data generation;
(ii) model selection and implementation of multi-object tracking algorithms; and
(iii) operation, monitoring and maintenance of the feature processing, so that we

have the tracklet-based UGV synchronization.

4.1 Research Overview

Before going into the methodological procedures for the experimental part of this
work, it is important to highlight the scientific nature of this research. Based on the
objectives defined before and also on the designed experiments, this work is mainly
characterized as applied research, focusing on the practical application of deep
learning-based multi-object tracking techniques used to extract visual features to
synchronize user-generated videos.

Given this context, this work has a descriptive methodology that aims to de-
scribe how visual tracking features extracted from the deep learning-based model
can be used in a visual-based synchronization framework. In this context, this
work aims to apply theoretical knowledge to develop a framework that is able to
synchronize UGVs using tracklet features extracted by MOT-based approaches, es-
pecially adapted for multi-view videos captured simultaneously at sports events,

without relying on timestamp. To this end, the same pipeline is instantiated with

o6
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two visual representations that are compared under identical conditions: the Re-ID
embeddings extracted by the MOT model (OSNet-AIN), taken as the baseline, and
self-supervised embeddings extracted by a ViT-based model (DINOv2), adopted as
the default representation of the framework. This choice is fixed offline and does
not depend on the recording condition of the pair, which is used only to stratify the
analysis. A more detailed analysis of the behavior of each representation is presented
in the results chapter.

In this context, this research is an applied experimental study, combining quanti-
tative evaluation with qualitative error analysis, to evaluate the proposed framework.
The quantitative approach involves numerical and statistical analysis of the defined
metrics to evaluate the performance of the object tracking-based synchronization
frameworks. The qualitative approach focuses on understanding and interpreting
the performance of deep learning-based MOT techniques when applied to UGV

synchronization.

4.2 Methodological Procedures

The development of a deep learning-based framework requires experiments through-
out the development process. Starting from the problem formulation, the methodol-
ogy begins with data collection and management (Figure |4.1{- I), followed by model
selection and its optimization (Figure - II), ending with the application and
decision-making process (Figure 4.1|- III).

The methodological procedures of this work, illustrated in Figure are an
adaptation of the one indicated by Russell and Norvig 2020 to be used in machine
learning-based project. More details of each of the three main processes are given

in the following subsections.
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Problem Formuation
(Chapter 3)
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Figure 4.1: Applied Research: general Overview of the processes present in
the methodology adopted for synchronizing user-generated videos based on deep

learning-based MOT techniques.

4.2.1 Data Collection and Dataset Construction

Once the problem is defined and detailed, the first main process followed in the
proposed methodology is the data collection, its assessment, and management, where
the idea is to have a custom set of data that follows the characteristics defined for
multi-view user-generated videos, that is, the building of a dataset of multi-view
user-generated videos from sport events, with overlapping scenes captured from
different angles by different users. Taking into account this and also the analysis
made in subsection [3.2.3] the overall procedures defined for this phase of the research

are illustrated in Figure [4.2]

DATASETS
s oo \l‘n“ SEARCH FOR SORTS UGV m . Organize the YOLOWarlk iDbjeqt Deseation Modal]

found videos into a

structure readable s ol b -
by the scripts. J S E o
(At &
e =~ ) DATA
. STRUCTURED
[55! Frame Extraction [=3)Metadata Extraction
J

Mobile
Cameras — &° and Annotation
Multi-View UGV Recordings in a (a) Custom Data Source (b)Public Data Source

Same Event

Figure 4.2: Overview of the processes present in the data collection and dataset

construction phase. (I) Data Generation, (II) Data Collection, (III) Pre-Processing.
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The data generation process is the phase of recording videos by users present in
a sports environment, such as a soccer stadium (Figure - I). In the context of
this research, this process was carried out both by unknown users who made their
videos public via YouTube’s Creative Commons category, and by members of the
SWPERFI project (including the author of this dissertation) in partnership with
Motorola Mobility’s Lab312 research group, who collected the data collaboratively.

The data is then collected (Figures - II) from their respective sources, ei-
ther by extracting (via USB-cable) the videos recorded with devices provided for
collaborative recording (Custom Data Source) or by extracting the videos found on
YouTube (using the public YouTube Data API accessed via a Python script). In
the pre-processing phase (Figure - III), this data is structured according to a
standard to facilitate its manipulation and management through the relationship
between the media file and its metadata.

Still in phase III, the annotation process is carried out, combining automatic
pre-annotation with systematic manual review, so that the resulting files follow the
standard MOT format and remain compatible with the tracking evaluation tools.
The criteria used to decide whether a recording qualifies for these datasets, to confirm
that two recordings belong to the same event, and to discard unsuitable material
are presented in Subsection [5.1.1] together with the detailed construction workflow

of each dataset.

4.2.2 Datasets and their Role in the Experimental Design

Because the proposed framework is training-free, the experimental design of this
work does not follow the usual partition into training, validation and test sets. No
component of the pipeline is trained or fine-tuned on any of the data described here:
the detector, the tracker and the two visual encoders are used with publicly available
pre-trained weights, exactly as distributed. Consequently, none of the datasets was
used as training data, and all of them play an evaluation role. What must be
distinguished instead is which decisions were taken by looking at which data, which
is what this subsection makes explicit.

Four collections are used, with distinct purposes:

e UVY: asingle-view MOT benchmark of sports UGVs, with frame-level bound-
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ing box and identity annotations. It supports the adaptation and the evalu-
ation of the tracking pipeline of Stage I, reported in [Alencar and de Freitas
2025, and is not used in any synchronization experiment. The StrongSORT
parameters and the detection threshold were adjusted on this benchmark and
on the public MOT17/MOT20 sequences, that is, on data disjoint from the

pairs used to report synchronization results.

e MUVY: the multi-view UGV collection from which a subset of 63 pairs was
drawn. This is the manually annotated core of the evaluation, and the only

subset whose ground-truth offset comes entirely from human annotation.

e MUYVS: a multi-view collection recorded with sensor timestamp information,
from which 468 additional pairs were derived. Here the reference offset follows
from the timestamp-based correspondence between fragments, corrected by
manual inspection whenever needed, which makes this subset an independent

and much larger source of reference offsets, obtained by a different mechanism

from the MUVY.

The MUVY-derived 63 pairs and MUVS-derived 468 pairs are unified into a
single evaluation manifest, UGV-Sync, with 531 pairs, sharing the same schema,

the same offset sign convention and the same normalized frame rate (Remark 3.1.1)).

Experimental Protocol and Scope of the Analyses

Three groups of decisions must be separated, since they were taken at different mo-
ments and on different data. The first group concerns the tracking pipeline of
Stage I. The class prompt set, the detection confidence threshold and the Strong-
SORT parameters were established before the synchronization experiments, on the
MOT benchmarks mentioned above, and were kept fixed and identical for every pair
reported in this work. They were never adjusted per sport, per viewpoint condition
or per pair. The second group concerns the comparison between the two visual
representations. Both representations are evaluated over the same pairs, with the
same tracklets, the same significance filter, the same similarity strategies and the

same offset estimators. Nothing is tuned in favour of either one, so this comparison
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is internally controlled and its conclusion does not depend on a choice made on the
data.

The third group concerns configuration choices that were resolved by in-
specting results, namely the crop padding margin of the DINOv2 extraction and
the offset estimator among best-match, median and RANSAC. These were decided
by observing performance on the same pairs that are later used to report the fi-
nal numbers. There is no held-out partition in this work: the evaluation set is
small, manually annotated, and splitting it would leave too few pairs per sport and
per viewpoint condition for the stratified analysis to be meaningful. This is stated
plainly rather than presented as a validation procedure. The comparison between
OSNet-AIN and DINOv2 holds under every configuration examined, including ev-
ery padding value and every estimator, which is why it is the claim the dissertation
defends.

Finally, the scope of the evaluation changed substantially after the qualifica-
tion exam. At that time, the quantitative evaluation relied on a small set of
annotated pairs and a single visual representation. The following elements are
post-qualification additions: the expansion of the manually annotated derived
from MUVY; the derivation of 468 further pairs from MUVS and their unification
into UGV-Sync; the introduction of the DINOv2 representation and of the con-
trolled comparison against OSNet-AIN; the DTW-based sequence alignment and
the RANSAC consensus estimator;

4.2.3 Ground-truth synchronization dataset

In addition to the general dataset construction described above, a specific ground-
truth synchronization dataset was built to support the quantitative evaluation and
visual validation of the proposed synchronization framework. This was necessary be-
cause, at the time of the qualification exam, there was no unified annotated set with
frame-level temporal offsets that could be directly used to measure synchronization
error in the context of the problem of this work.

To build this validation set, two complementary sources were used. The first is

composed of manually selected pairs from the MUVY dataset]] which were trimmed

Thttps://swperfi-project.github.io/Pages-dev /MuvyDataset-page/
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into short overlapping segments of approximately 15 to 20 seconds. Each pair con-
tains a common scene recorded from different points of view (as illustrated in Figure
4.3). A ground-truth temporal offset between views was manually annotated and
organized according to their recording conditions, that is, same-view (SV), different-
view near (DV-near) and different-view far (DV-far), following the same definition

presented in Subsection [3.1.2]

(cam_03_S01, cam_03_S01_trim) (cam_02_AGO1, cam_01_AGO1) (N2EC140214, N2ER0S0188)

Figure 4.3: Synchronized frame pairs from the UGV sports evaluation set, with
bounding-box annotations produced by the MOT pipeline. Each column shows the
temporally aligned frames from two views at the manually annotated ground-truth

offset.

The second source consists of video fragments extracted from the MUVS dataset?]
which contain sensor timestamp information. In this case, the initial temporal re-
lationship between cameras is obtained from the timestamp-based synchronization
available in the dataset, while the residual cross-camera offset provided in the MUV'S
annotations is used to define the final ground-truth offset for each generated pair.

The construction and validation of this dataset were supported by a custom
inspection tool, UGV-Sync Studio. This tool allows the annotator to browse the
selected pairs, visualize both videos side by side, switch between the raw clips and
the tracking outputs, inspect the estimated offsets produced by the framework, and
adjust the reference offset when needed. The currently selected manual offset can be

written back to the connected manifest file by updating the offset and offset_sec

https:/ /swperfi-project.github.io /Pages-dev/MuvsDataset-page /
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columns. This makes the tool useful not only for visualization but also for validating
and refining the ground-truth annotations used in the experiments.

As illustrated in Figure[4.3] for each selected pair, the annotator verifies whether
the frames from 1} and the frame from V5 correspond to the same visual event
at the annotated offset (e.g., a specific player action or ball position). Pairs for
which no reliable common anchor could be visually identified were excluded from

the quantitative evaluation.

Annotation Protocol and Reliability

The annotation carried out here is of a different nature from the frame-level object
annotation described earlier. What is annotated is not a region or a class, but a
single temporal correspondence per pair. The annotator identifies one frame f; € V}
and one frame f; € V5 that depict the same real-world instant, and the ground-truth
offset follows directly as 0 = f; — f5. Only this anchor correspondence is annotated,
not every frame of the pair. This is sufficient because of the temporal consistency
assumption (Axiom 1): if a single offset holds over the whole overlap, one correctly
identified correspondence determines the alignment of the entire sequence. The
annotator nevertheless verifies the anchor by playing both clips under the selected
offset in UGV-Sync Studio, so the correspondence is confirmed over a window rather
than on an isolated frame.

The annotation guidelines follow those already established for the MUVY and
MUVS collections, including the viewpoint labelling scheme and the criteria for
considering that two recordings correspond to the same sporting moment. The
anchor is chosen on a visually unambiguous event, such as a ball contact, a landing,
or a clearly identifiable player action, visible in both views. Pairs for which no such
anchor could be reliably identified were excluded, as described above. Occlusion
received no specific treatment at this stage: an occluded athlete simply makes a
candidate anchor unusable, and the annotator selects a different instant in the same
pair, since a single valid correspondence is enough.

The reliability of these annotations has limits that must be stated. The annota-
tion was carried out by the Vision-Al group, a small team of researchers from the

ALGOX/SWPERFI project, familiar with the collections and with the synchroniza-
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tion task, and each pair was reviewed visually before being accepted. However, no
pair was independently annotated by more than one person, so no inter-annotator
agreement was computed, and no annotation error rate was estimated, as this would
require a doubly annotated subset that was not produced. The precision of an in-
dividual annotation is bounded by the visual granularity of the anchor event: fast
actions allow the two views to be aligned within a few frames, while slower or
partially occluded actions leave a wider margin of uncertainty. This is one reason
why results are reported not only as the mean absolute error but also as accuracy
within a tolerance 7, which absorbs annotation uncertainty of a few frames instead
of penalizing it as method error. Establishing the reliability of the reference offsets
quantitatively, through double annotation of a subset, remains an open point for

future work.

4.2.4 Selection and Implementation of DL-based Models for
MOT

This phase of the work involved researching the state-of-the-art deep learning-based
object tracking techniques available in the literature for implementation and repro-
duction. Following the analysis made in subsection [3.2.2] priority was given to those
models whose method of object tracking is strongly related to the context of this
research, in addition to their ability to deal with multiple objects simultaneously.

Another condition considered to select models is the support they have from
the community of researchers and developers, which facilitates resolving possible
difficulties during the implementation and adaptation phase. It is worth mentioning
that, at the time of its conception, the aim of the research was not to train a
new MOT model; once the goal is to validate the use of trajectory features for
synchronizing UGVs, which is why pre-trained models with available weights and
configuration files were utilized for reproducibility.

One of the objectives of this research is to adapt the selected tracking model to
address the specific challenges encountered in sports UGVs (as discussed in Section
2.1). Additionally, the model will be adapted to detect and track only objects of
interest, such as players on the field and a sports ball. This involves customizing

the object detection phase to accurately identify these objects in each frame and
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assigning unique IDs to maintain object identity across frames.

4.2.5 Operation: UGV Sync Based on Visual Features

As described in subsection [3.1.2] this phase is the core of the processing pipeline,
where the visual features of the videos are processed to detect sets of overlapping
frames based on similarity calculations among their features. At this stage of the
framework, it is assumed that the object tracking model to extract trajectory infor-
mation has already been implemented and adapted (subsection . As a result,
a set of adjusted video tracklets (tracklet embeddings) is generated for the video
synchronization process.

Tracklet Output Format: For each processed frame ¢, the pipeline writes one
line per tracked object to a MOT-format text file, extended with the 512-dimensional

appearance embedding e; ;:

é, idj, =, y, w, h, 1, ¢j, 1/, €1, €2, ..., €512 (4.1)
MOT ;t,andard RelD embedding

where (x,y, w, h) is the bounding box in pixel coordinates, ¢; is the class index, and
the final 512 values are the OSNet-AIN appearance embedding. This extended for-
mat preserves full compatibility with standard MOT evaluation tools while enabling
downstream tracklet-based similarity computation.

The operation phase is organized in two stages. The first one is a MOT-based
pre-processing, and the second one is responsible for the best representation of the
embeddings and for the offset estimation. The formal definition of the synchroniza-
tion problem and all the equations used in this process are presented in Section [3.1.2]

so the description here is focused on the methodological steps of the framework.

Stage I: MOT-based Pre-processing

In the first stage, the MOT-UGV approach is applied to the two input videos in
order to obtain their tracklets. After that, only the most significant trajectories
of each video are selected. This selection is an important design decision of the
framework, because it means that the approach does not perform a frame-by-frame

comparison over the entire duration of the videos to find the offset.
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The comparison is performed only for the frames that belong to the trajecto-
ries that are semantically closest between the two videos, which reduces the search
space and the computational cost. The pipeline integrates three components: an
open-vocabulary object detector (YOLO-World), a tracking-by-detection algorithm
(StrongSORT') and a RelD backbone, all adapted to the specific challenges of sports
UGVs |Alencar and de Freitas 2025].

Object Detection: YOLO-World Adaptation: standard object detectors
trained on MS-COCO |Lin et al. 2014] are limited to fixed class sets, which pre-
vents them from distinguishing sport-specific roles such as players on the field from
audience members in the stands. To address this, the framework adopts YOLO-
World/L [Cheng et al. 2024], an open-vocabulary detector that supports arbitrary
class prompts via CLIP-based text embeddings at inference time.

The input prompt configured for sports UGV analysis contains the following ob-
ject classes: "person playing" (active players and referees on the field); "sports
ball" (ball detection for ball-sports events) and "audience" (configured as a dummy
suppression class to filter crowd detections, which are subsequently removed from
the tracking input).

A critical adaptation concerns the detection confidence threshold. YOLO-World
returns significantly lower confidence scores for classes outside its COCO pre-training
distribution |[Roboflow-Team 2024]. Standard thresholds (e.g., 0.25) would suppress
most valid detections in this domain. After systematic evaluation, a threshold of
e = 0.005 was adopted, combined with Non-Maximum Suppression at loU = 0.45
to control false positives.

Tracking and RelD: StrongSORT with OSNet-AIN: detection outputs
are passed to StrongSORT [Du et al. 2023|, a tracking-by-detection algorithm that
combines a Kalman filter for motion prediction with a RelD network for appearance-
based data association. to ensure robustness under different conditions, a series of
iterative fine-tuning experiments was then performed, adjusting key StrongSORT
parameters to address specific limitations observed in the baseline. Modifications
included reducing the max_age parameter to avoid outdated identity persistence in
dynamic scenarios, increasing max_dist to allow greater flexibility in appearance-

based associations under occlusion, and increasing the n_init parameter to ensure
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greater robustness before confirming tracks.

The ReID backbone was upgraded from the default OSNet-x0.25 to OSNet-
AIN x1.0, which incorporates Aggregated Instance Normalization (AIN) that im-
proves feature discrimination across domains, a relevant property when processing
UGVs with heterogeneous recording conditions such as varying illumination, motion
blur, and resolution. Collectively, these adaptations were designed to systemati-
cally explore the trade-offs bamong detection recall, identity consistency, and ro-
bustness across both benchmark datasets and he context of user-generated sports

videos [Alencar and de Freitas 2025].

Stage II: Visual-Representation Embedding and Offset Estimation

In the second stage, the trajectories of the second video are used as indices, and the
trajectories of the first video are used as queries. The framework predicts the best
offset using two complementary visual representations, according to the recording
condition of the videos. For same-view (SV) and different-view near (DV-near) pairs,
the Re-ID features extracted by the MOT model (OSNet-AIN) are used. For cross-
view pairs, that is, different-view far (DV-far), a DINOv2-based approach is used to
extract holistic embeddings from the frames of the closest trajectories, since these
embeddings are more robust to large viewpoint changes. A more detailed discussion
about the behavior of each representation is presented in the results and analysis
chapter.

From the selected representation, the similarity between the trajectories is cal-
culated to find the best correspondence pairs, that is, the frames of the trajectories
that are semantically similar. For this, two complementary similarity strategies are
used: the Euclidean distance (Equation , which compares the feature vectors
point to point, and a sequence-alignment strategy based on Dynamic Time Warp-
ing (DTW-Norm), which compares the trajectories as temporal sequences instead
of isolated frames. In both cases, smaller values indicate that the objects are more
similar. Based on these similarities, the final offset is estimated. Instead of using
only the single best match or a simple average of the offsets, which can be easily
affected by wrong matches, the offset is selected by a RANSAC-style inlier voting
strategy.
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Once the offset is defined, the overlap detection is performed. In this step, the
temporal relation between the videos is applied. The estimated offset must be the
same for the whole sequence of overlapping frames. This temporal consistency con-
straint is what differentiates the proposed approach from a retrieval-based approach
(such as a RAG/VLM pipeline), where each query is matched independently and
without a global temporal coherence. Finally, the output of this process is the

synchronized fragments of the videos.

4.3 Reproducibility

All the code, configuration files and manifests needed to reproduce the experiments
reported in this dissertation are available in a public repository ﬁ The repository is
organized so that each reported experiment corresponds to an executable entry point
rather than to a description in prose, and it contains: the implementation of the two
pipeline stages; the batch evaluation scripts that produce the reported metrics; the
evaluation manifests of the UGV-Sync set, including the reference offset, the frame
rate, the viewpoint label and the sport of every pair; the scripts that generate the
MUVS-derived pairs and that verify the frame-rate normalization; the UGV-Sync
Studio inspection tool; and the analysis scripts that produce the tables and figures
of the results chapter.

Two aspects deserve explicit mention. First, every model used is public and pre-
trained, and the exact checkpoints and versions are declared in the repository, so
no training step needs to be reproduced. Second, the evaluation pipeline writes one
result file per pair, containing the estimated offset of each condition, the matched
tracklet pairs and the resulting error, which means that the reported aggregate
numbers can be recomputed from the stored per-pair outputs without re-running
the pipeline. The video files themselves are distributed through the dataset pages
of the MUVY and MUVS collections, under their respective licenses, and are not
duplicated in the repository; the manifests reference them by relative path. Details
of the environment, the dependency versions and the execution order of the scripts

are documented in the repository.

3https://github.com /eltonalencar90/track-ugv-sync
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Framework Setup and Experiments

This chapter describes the implementation and evaluation stages carried out to sup-
port and validate the proposed framework for synchronizing user-generated videos
(UGVs) through deep learning-based object tracking features. The chapter is struc-
tured into two parts: (i) preliminary setup and data preparation stages, including
dataset construction and MOT model integration; and (ii) experiments designed
to validate specific components of the framework, such as feature-based similarity
metrics and offset estimation.

Additionally, this chapter also introduces the experiments that were carried out
after the qualification exam, which focused on the multi-view case, including the
comparison of visual representations for cross-view synchronization, the construc-
tion of a ground-truth evaluation set, and an error analysis to characterize the
conditions in which the framework has more difficulty. Before these experiments,
a dedicated section consolidates the models, the development environment and the

computational resources used.

5.1 UGV Dataset Preparation

Given the context of applying automated methods to process user-generated videos,
which often differ from the recording patterns of professionals, and the analysis
of the lack of datasets composed of such videos, the procedures described in this
section focus on preparing customized datasets of user-generated videos. These

datasets serve as the foundation for the experiments and evaluations carried out in

69
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subsequent sections of the framework. The goal was to construct datasets that reflect
the diversity and challenges of real UGVs, including varying quality, resolution, and
camera positions.

Figure summarizes the steps conducted for each created dataset. Each pro-
cedure follows a structured workflow that involves data acquisition, annotation,
and organization stages, adapted to the specific goals of the evaluation (single-view

MOT, multi-view events, or multi-view with sensors).

Experiment I: YouTube UGV for MOT Experiment II: Multi-View YouTube UGV Experiment lll: Multi-View with Sensors

’ Search UGV sport videos on YouTube ‘ ’ Search UGV sport videos on YouTube ‘ ’ Record sports event with mobile devices ‘
¥ v

Select the multi-view events and create playlists ’ Collect sensor data (gyro, accel, GPS) ‘
L7 v

Download videos and extract frames+metadata Download videos and extract frames+metadata ’ Extract/Transfer data using Python + adb ‘
v v v

Annotate objects (YOLO-World + manual check) Annotate objects (YOLO-World + manual check) ’ Data structuring: video + metadata folders ‘
v v v

’ Data structuring ‘ ’ Data structuring by event/camera/view ‘ ’ Match sensor logs to video timestamps ‘

Figure 5.1: Workflow of the three dataset creation: (I) YouTube UGV for MOT,
(IT) Multi-View YouTube UGV, and (III) Multi-View with Sensors.

5.1.1 Inclusion Criteria and Selection Procedure

Before describing each construction workflow, this subsection states the criteria used
to decide whether a recording qualifies for these datasets, how two recordings were
confirmed to belong to the same event, and what was discarded.

Operational criteria for a UGV. Definition 2 characterizes a UGV concep-
tually, but that definition is not directly observable in a video file retrieved from an
online platform. In practice, a recording was accepted as a UGV when it satisfied
all of the following observable conditions: it was published on a non-institutional
channel, that is, not by a broadcaster, a league or a club media department; it con-
sists of a single continuous handheld shot, without cuts between cameras, replays,
slow motion or editing typical of broadcast production; it contains no production
graphics, such as score overlays, station logos or lower thirds; and the vantage point
is one accessible to a spectator, from the stands or the sideline, rather than a ded-

icated camera position. Camera motion, framing instability, exposure changes and
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compression artifacts were not treated as defects, since they are precisely the char-
acteristics the datasets are meant to preserve. The recordings of the third collection
(Subsection are UGVs by construction, since they were captured with hand-
held consumer devices by non-professional operators under spectator conditions;
the only controlled aspect is the prior allocation of recording positions, adopted to
guarantee simultaneous multi-view coverage, and this is stated explicitly rather than
presented as uncontrolled capture.

Verifying that two recordings belong to the same event. No meta-
data was used for this purpose, since upload dates, titles and descriptions of user-
generated content are unreliable and frequently absent. For the multi-view collection
built from online sources, candidate recordings were first grouped by event through
targeted searches and playlist organization, and each candidate group was then con-
firmed by visual inspection. A group was accepted only when the recordings agreed
on multiple independent cues observable in the images themselves: the same venue
and field markings, the same team uniforms, the same identifiable athletes, weather
conditions, and a consistent progression of the action across views. Recordings
whose correspondence could not be established beyond doubt through these cues
were not grouped. For the third collection, the correspondence is guaranteed by the
acquisition protocol itself, as all devices recorded the same session simultaneously.

Filtering and exclusions. No minimum resolution, duration or bitrate was
imposed as an admission threshold, because filtering by technical quality would
remove exactly the recordings that make the UGV setting difficult and would bias
the datasets toward the easiest cases. The observed heterogeneity is therefore a
deliberate property: resolutions range from 640 x 360 to 1920 x 1080, frame rates
from approximately 25 to 30 fps, and durations from a few seconds to a little over
two minutes. Recordings were nevertheless discarded when they did not contain
the content the datasets require, namely: highlight compilations and replay-only
clips, since they violate the single continuous shot condition and have no coherent
timeline; screen recordings of broadcast material, since the capture device is not the
recording device; footage showing only the audience, the venue or pre-game activity,
without athlete action. For the multi-view collections, a further exclusion applies at

the pair level: a candidate pair was discarded when the two recordings were found
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to derive from the same original upload, and when no common visual anchor could

be identified between the views, as described in Subsection [£.2.3

5.1.2 1. Collecting and Annotating YouTube UGVs

During the literature review, no dataset was found that corresponded to what was
intended for the experiments to evaluate the proposed framework, that is, unofficial
recordings of sports matches (e.g. videos recorded by mobile devices). In fact, most
of the main public benchmarks, such as MOT16, MOTS, MOT20, were created for
pedestrian tracking or vehicle tracking. To conduct the research, we created a new
custom dataset to evaluate object tracking models applied to UGVs.

Following the methodology described in Section[d] Figure[5.2] presents an overview
of the five-stage workflow used to construct the UVY dataset: (1) video collection
and filtering, (2) pre-processing and frame extraction, (3) automated annotation

generation and (4) manual review, correction, and (5) quality assurance.

putomted Anvotation | (4) anual Roview (CVAT) | (5) Qualty Assurance

1.Search & Filtering [Sport LGV) . Organize the found videos MOT Annotation with MOT-Ugy | | 1. Fix Bounding Boxes 1. Track ID consistency  **
2. YouTube CC By Licence Only £ into astructure readable by 2. Add missing objects 2. BBox boundary check E

B — . i =
| oo 3. ID-5witch correction 3. Class ID Validation et
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Figure 5.2: Dataset construction pipeline for the UVY dataset. The pipeline illus-
trates the process from video collection, followed by metadata extraction and frame
extraction, automated annotation using YOLO-World and StrongSORT, and man-
ual refinement via CVAT. The resulting dataset is structured in MOT format.

(1) Video Collection and (2) Pre-Processing: videos were collected from
YouTube by executing targeted search queries per sport category (e.g., "grass-
roots soccer match", "amateur volleyball tournament", "artistic gymnastics training
video"). Only videos published under a Creative Commons Attribution license (CC
BY) were considered for inclusion, ensuring legal redistribution.

Video download and metadata (i.e., YouTube video ID, title, source URL, dura-

tion, frame rate, and resolution) extraction were automated using a Python script
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based on yt-dlpff) an open-source command-line tool and Python library designed
to download audiovisual content and retrieve metadata from YouTube. The selec-
tion criteria required that the videos contain actual gameplay or athlete activity;
highlight reels, replay-only clips, and screen recordings were excluded. After collec-
tion, frames were extracted at each video’s native frame rate using FFmpeg 6.0 and
OpenCV.

(3)Automated Annotation with YOLO-World + StrongSORT: To au-
tomate and accelerate the annotation process, YOLO-World was integrated into the
pipeline. As already mentioned, this model can detect arbitrary categories from text
prompts. Specifically, we used the "yolo_world/s" variant from the Ultralytics li-
brary with the following configured classes: "person playing", "audience", and
"sports ball". These classes were selected to reflect key actors in sports scenarios
(e.g., players and ball), while "audience" was used as a dummy class to suppress
false positives around the stands or crowd areas.

Inference was applied frame-by-frame using a Python script invoking YOLOWorld.
infer (), filters detections by confidence (set to 0.003) and Non-Maximum Suppres-
sion (0.15), and stores results in standard MOT-style format (<frame_id> <object_-
class_name> <x1> <y1> <x2> <y2>) [Cioppa et al. 2022, Dendorfer et al. 2020].
Bounding boxes and class labels were visually verified for quality control during
manual review. A very low confidence threshold (0.003) was intentionally set be-
cause we noticed that the confidence returned by YOLO-World is significantly lower
when querying for classes outside the COCO dataset [Roboflow-Team 2024

It should be noted that this configuration concerns the annotation of the dataset,
and is not the same one used inside the synchronization framework. The annotation
stage uses the lighter yolo_world/s variant with a very permissive threshold, be-
cause its output is subsequently reviewed and corrected by hand, so favouring recall
over precision reduces the number of missing objects a human has to add. The detec-
tion stage of the framework, described in Subsection uses YOLO-World/L with
e = 0.005 and NMS at IoU = 0.45, since there is no manual correction downstream
and false positives would propagate into the tracklets.

Although YOLO-World provided satisfactory coverage for most of the target ob-

Thttps://github.com /yt-dlp /yt-dlp
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jects, including pseudo-classes such as 'Person playing’, 'Sport Ball’ and ’Audience’,
manual review and correction were necessary for all videos, especially to add missing
detections such as referees or goalkeepers, which were not detected by the model.
(4) Manual Review and Correction via CVAT: Following automated de-
tection, all annotation files were imported into CVAT (Computer Vision Annotation
Tool) for visual inspection. CVAT is an open-source, web-based annotation platform
that provides an interface for efficiently reviewing, correcting, and managing anno-
tations on image and video datasets |Corporation 2023|. The review process was
applied to all frames of each video sequence and addressed the following categories

of annotation error:

1. Inaccurate bounding box dimensions: boxes that under- or over-estimated the
spatial extent of athletes were resized to more accurately capture their body

silhouette.

2. Identity switches: track IDs incorrectly propagated to a different individual in

subsequent frames were corrected.

3. False positive detections: spurious detections caused by crowd elements, ad-

vertising boards, referees’ flags, or graphical overlays were removed.

4. Missed detections: objects not detected by YOLO-World, particularly referees,

goalkeepers, and goal structures, were manually annotated.

These steps allowed for detailed verification and adjustment of the annotations in
a user-friendly interface. Once validated, the corrected annotations were exported in
the standard MOT format to ensure compatibility with the tracking and evaluation
process. This validation phase was needed to address identity switches and false
positives problems, which often occurred due to the low confidence threshold used
during YOLO-World detection. It ensured that the final annotations were accurate
and consistent, especially in challenging visual conditions common in user-generated
content.

(5) Quality Assurance and data structure: After CVAT review, annotation
files were programmatically validated to confirm: (a) all track IDs are consistent

across frames with no gaps longer than 30 frames; (b) bounding box coordinates are
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within image boundaries; (c) class IDs correspond to valid entries in the labels.txt
file. Sequences with remaining systematic errors (e.g., unreliable ball detection in
tennis and cricket due to object speed and motion blur) are flagged in the video -

info.txt metadata file.

5.1.3 II. Structuring Multi-View YouTube UGVs

This second procedure focused on collecting multi-camera user-generated videos of
the same sports event. The objective was to build a dataset that supports synchro-
nization analysis across independently recorded video streams |[Guggenberger 2023)|.
To this end, the previous workflow was used as a baseline resource to select and ex-
tract related content. Videos were searched on YouTube under Creative Commons
license, and playlists were created to group multi-view content for the same event
(Figure [.1)).

Once playlists were defined, videos and metadata were downloaded and organized
by event and camera/view. As in the first dataset created, YOLO-World was used for
automatic object detection, the results being stored in standard annotation formats.
The information was structured following standard object detection benchmarks.
The dataset was structured with subfolders per viewpoint and organized according

to sports category and event.

5.1.4 III. Collecting Multi-View UGVs with Sensor Data

As part of the collaboration between SWPERFI Project (UFAM) and Lab 312
Project (Motorola Mobility at Chicago - IL, USA), a dedicated data collection pro-
cedure was carried out during our visit to Motorola Mobility’s office. The objective
of this workflow was to advance in the creation of a multi-view user-generated video
dataset composed of sensor data, captured simultaneously during various sporting
events. And the motivation for creating this third dataset is the same as the one
mentioned earlier, relating to the challenges and potential of user-generated videos,
especially when applied to the context of multi-view analysis.

In addition, the main difference between this dataset and the other two described
above is that this data collection includes both video recordings and sensor data, such

as gyroscope, accelerometer, magnetometer, and timestamp information, which can
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provide a comprehensive set of data for the context of current video synchronization
research.

It started by planning and identifying suitable sporting events to attend while
on our visit to Chicago. The SWPERFTI researcher members worked closely with
Motorola’s team to configure the mobile devices used for the data collection. These
devices were equipped with a modified version of the camera app that enabled
simultaneous video and sensor data recording.

The modifications to the app were made by Motorola’s camera software devel-
opment team. The APK version was then shared with researchers to install on
the devices used to record the videos. The data collection function was responsible
for starting the reading and storage of sensor data (e.g. gyroscope, accelerometer,
magnetometer, and GPS) while a video was being recorded. To ensure optimal data

capture, the positioning of users around the scene to be recorded was pre-determined

(Figure [5.3(a)).

atase

s, L@

DATA
STRUCTURED

(a) Sport Events in Chicago ->
positioning of users

(b) Multi-view UGV recording process

Figure 5.3: Illustration of the Multi-View UGV Dataset with Sensor Data construc-

tion.

The acquisition protocol was designed to capture simultaneous recordings of
the same event from multiple handheld cameras under real-world conditions. To
facilitate multi-view analysis, priority was given to sports played on structured rect-
angular playing surfaces, such as basketball courts, soccer fields, hockey rinks, and
volleyball courts, where multiple spectators could be spatially distributed around the
scene while maintaining visual access to the ongoing action. Examples of spectator-
operated mobile recordings acquired during live sports events are shown in Figure

E3b)

Before each collection session, the event, spectator positions, and device alloca-
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tion were planned to increase viewpoint diversity and ensure simultaneous coverage
of the same scene. The recordings were performed under natural spectator condi-
tions, without controlling camera motion, framing style, or local illumination, so
that the dataset would preserve realistic variability in handheld video capture.

Once the data collection phase was completed, the next step was to reproduce
the extraction and construction processes, where the video and sensor data were
transferred using custom Python scripts with adb integration. The dataset was then
structured by associating each sensor log file with its corresponding video file and
aligning the timestamps. This dataset offers an enriched source for evaluating video
synchronization approaches based on both visual and motion data.

With all datasets prepared and annotated, the subsequent sections focus on the
application of tracking models and the execution of experiments aimed at validating

the key functionalities of the proposed synchronization framework.

5.2 Timestamp-based Temporal Alignment

Temporal alignment across camera streams was established using the absolute times-
tamps recorded during acquisition (as described inf5.1.4)). Since different devices may
start and stop recording at different times, the processed data were organized based
on overlap periods, defined as time intervals in which at least two cameras were
simultaneously active during the same event. These overlap intervals were identified
from the temporal boundaries of the videos associated with each event and were
used to determine the portions of the recordings that effectively support multi-view
analysis. An example of the timestamp-based temporal alignment pipeline for one
event is shown in Figure [5.4]

To improve the consistency of the processed dataset, only overlap periods longer
than 60 s were retained for downstream processing. These periods define the tempo-
ral basis for the next stages of dataset construction, since they represent intervals in
which multiple viewpoints are available for the same event and can therefore support

camera comparison and selection tasks.
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Figure 5.4: Example of the timestamp-based temporal alignment for one event,

including the overlap point, where at least two cameras were simultaneously active.

5.3 Integration of MOT Algorithms

This section describes the process of integrating state-of-the-art multi-object track-
ing (MOT) algorithms into the proposed framework. Rather than developing track-
ing models from scratch, existing implementations of DeepSORT, StrongSORT, and
TrackFormer were adapted to extract tracklets from UGV datasets created before.
These models were chosen based on published performance, code availability, com-
patibility issues, embedding extraction, computational cost, and strong support from
the community and forums. These selections aimed to evaluate the performance of
such tracking methods in the context of user-generated and multi-camera videos.

The main goal was to establish a functional tracking pipeline capable of generat-
ing tracklets for later use in experiments involving tracklet-based synchronization.
These steps focused on configuring the detection models, adapting scripts for frame-
wise processing, and verifying that the tracking components functioned properly on
custom video inputs.

The execution process was conducted in the Google Colaboratory environment
to mitigate potential problems with Python library versioning and to leverage GPU
support for PyTorch-based models. Each algorithm was tested in separate note-
books, starting with pre-trained weights and adjusting hyperparameters based on
preliminary results to optimize performance for our specific datasets.

Detection models (YOLOv5 and YOLOvT) were applied to each frame of the

videos to generate bounding boxes around the detected objects. The tracking models
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(DeepSORT, StrongSORT) were then used to assign unique identifiers and main-
tain object trajectories across frames. Both detection and tracking models were
iteratively tested with different thresholds and parameters, including confidence
scores and association metrics, to improve tracking accuracy. DeepSORT combine
Kalman filtering to predict object states with the Hungarian algorithm to solve
the assignment problem between predicted tracks and new detections, a strategy
that maintains robust tracking in complex and occluded scenarios. StrongSORT, an
improved version of DeepSORT, incorporates additional features to better handle
occlusions and maintain track consistency. Additionally, TrackFormer, an attention-
based tracking method, was included to explore different paradigms of object track-

ing.

I. Tracking-by-detection: DeepSORT and StrongSORT

To familiarize with object tracking techniques, the DeepSORT algorithm was ini-
tially configured using a Kaggle-Code-Repository guidd?l The detector model was
set up to extract tuples containing bounding box coordinates, confidence scores,
and class labels for each object in a frame. These tuples were passed to DeepSORT,
which the estimation, association, and Tracker ID lifeCycle management. A simi-
lar process was followed for StrongSORT (Subsection . Both implementations
were prepared using instructions from their respective GitHub repositories’] with ex-
ecution carried out in Google Colab to ensure compatibility and GPU support. The
successful processing of sports videos from the created dataset by both DeepSORTE]
and StrongSORT| confirmed the setup, as illustrated in Figure [5.5]

II. Tracking-by-attention: TrackFormer

TrackFormer is an object tracking algorithm that uses the concept of Transformer
models. Its main contribution lies in the application of self-attention to learn
long-range representations and make precise data associations between consecutive

frames. This approach makes it possible to capture contextual dependencies be-

https://www.kaggle.com /code/nityampareek /using-deepsort-object-tracker-with-yolov5
3https://github.com /dyhBUPT /StrongSORT.git

4https://drive.google.com/file/d /109tnrdW1uVRco2rHu2XwqxXkyjxLO8y1/view
Shttps://drive.google.com/file/d /10WrPohUy1PkkB4Zkb7iT20y5X1jG1mjb /view
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Figure 5.5: Confirmation of the successful implementation and adaptation of the

execution script for the baseline tracking-by-detection algorithm, StrongSORT.

tween different objects in the scene, resulting in tracking that is more robust to

occlusions, changes in appearance and the entry of new objects [Meinhardt et al.

2022|. The algorithm was prepared following instructions from its GitHub reposi-
toryf’l A Google Colab notebook was used to configure the code and process sports
videos from the created dataset. Successful processing} as shown in Figure [5.6]

confirmed the setup.

)  smotav_trackformer_and_its_application_to_sport_videos.ipynb 7

Arquivo Editar Ver Inserir Ambiente c a0 Ferramentas Ajuda 1

Figure 5.6: Successful implementation and adaptation of the execution script for

the baseline tracking-by-attention algorithm, TrackFormer.

Shttps://github.com /timmeinhardt /trackformer.git
"https://drive.google.com /file/d/1d1WKbT2T24{Zq71kevvAz5zSDfsG7jjz/view
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5.4 Benchmark Evaluation of MOT-UGV

This section presents the experimental benchmarking of the custom tracking frame-
work that integrates the StrongSORT with the YOLO-World as detector. In addi-
tion to the proposed configurations, we also reproduced the experimental conditions
of the baseline model described by Brostrom 2022, to be used as a reference point
for comparison. The evaluation pipeline follows the MOT Challenge benchmark pro-
tocol, using the official TrackEval toolkit to compute the quantitative evaluation

metrics introduced before (Section 2.3.3):

HOTA: balances detection and association accuracy in a single score.

e IDF1: measures identity preservation across time (higher = better).

MOTA: penalizes missed detections (FN), false positives (FP), and identity
switches (IDSW).

e IDSW: number of times the identity assigned to a tracked object changes

incorrectly.

The evaluation was based on two standard tracking datasets: the MOT20 and
MOT17 datasets, which were the ones used by Du et al. 2023| to evaluate their

results.

e MOT17: Urban surveillance scenes with moderate crowd density and multiple

views per sequence.

e MOT20: Highly crowded scenes with frequent occlusion, ideal for testing

tracking performance in dense environments.

5.4.1 Experimental Setup

In order to have the reference points for comparison, the first experiment of bench-
marking was reproduced for the baseline model introduced by Brostrom 2022. This
setup integrates the YOLOVT object detector with StrongSORT, using the default
OSNet RelD backbone (osnet_x0_25_msmt17.pt), and serves as a reference point

for comparison. All parameters for detection confidence (0.25) and StrongSORT
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tracking hyperparameters (max_age=30, max_dist=0.2, n_init=3) were kept con-

sistent with the original repository configuration |Brostrom 2022].

e Baseline Evaluation (YOLOv7 + StrongSORT): The benchmark was
executed on both MOT17 and MOT20 datasets using YOLOv7 for detection
and OSNet (x0.25) for re-identification. These results act as a baseline to eval-

uate the improvements proposed by integrating YOLO-World and a stronger
RelD backbone.

e Proposed Evaluation (YOLO-World + StrongSORT): To evaluate the
contribution of open-vocabulary detection and stronger appearance model-
ing, the pipeline was re-executed using YOLO-World (versions 1 and m) and
OSNet-AIN. Lower confidence thresholds (e.g., 0.005) were adopted to facili-

tate broader semantic coverage and recall potential of YOLO-World.

Once evaluated the improvement by replacing the Object Detector, the other
benchmark experiments were carried out in iterative rounds of paramenters fine
tuning to refine the configuration (see Table [5.1)) and evaluate the impact of each

adaptation. Four different configurations were tested:

Table 5.1: Configurations for StrongSORT+YOLO-World /L

ID Conf. | ReID Weights | max age | n_init | max dist
EXP-Base 0.005 osnet_x1_0 30 3 0.2
DONE-EXP-Base-RobustReID | 0.005 | osnet_ain_x1_0 30 3 0.2
DONE-EXP-StableID 0.005 | osnet_ain_x1_0 30 4 0.3
EXP-AgeLarger 0.005 | osnet_ain_x1_0 60 2 0.4

Each configuration change aimed to mitigate specific performance limitations:

e Reduction of max age (70 to 30): reduced temporal tolerance to prevent
outdated identity persistence in dynamic crowded scenes (improves IDF1 and
reduces IDSW). A shorter max_age can help the tracker avoid incorrect iden-

tities during occlusions, which improves precision and reduces false positives.

e Increase in max_dist (0.2 to 0.3): allowed more flexibility in appearance

matching, compensating for view variation and occlusion. This tolerance in-
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crease can help match detections across slightly displaced positions caused by

jitter or minor occlusions.

e Switch to osnet ain x1 0: offered superior RelD feature discrimination, es-

pecially relevant in dense scenes like MOT20 or sport scenarios.

e Higher n_init (3 to 4): increased the robustness of confirmed tracks by requir-
ing an object to be seen in four consecutive frames before being confirmed as

a track reduced ID switches and false trajectories..

5.4.2 Models and Architectures

The framework is composed of a detection model, a tracking model, and a visual
representation (embedding) model. The conceptual description of each architec-
ture was presented in Chapter 2l In the following is presented an overview of the

configuration used in the experiments described in this chapter.

e Object detection using YOLO-World: (open-vocabulary, zero-shot), vari-
ants 1 and m, used with text prompts for the classes of interest (e.g., "person

playing", "sports ball", texttt"audience").

e MOT using StrongSORT, a tracking-by-detection paradigma, used to as-

sign and maintain object identities and to produce the tracklets.

e Re-ID representation using OSNet-AIN: osnet_ain_x1_0), producing
appearance embeddings of 512 dimensions, used for same-view and near-view

pairs.

e Holistic representation usign DINOv2: (ViT-B, self-supervised), produc-

ing holistic embeddings of 768 dimensions, used for cross-view pairs.

e Offset estimation based on RANSAC-style inlier voting (number of hypothe-

sesK = 5], frame tolerance A = 10 frames), with a fallback to the best-match.

e Sequence alignment using a DTW-Norm variant, based on FastDTW with

a one-to-one Hungarian assignment between tracklets.
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5.4.3 Computational Resources

The local environment used is the Avell A65 AION laptop, provided by the SW-
PERFT project. This machine is equipped with a 12th generation Intel Core i9-
12900HX processor (2.30 GHz), 64 GB of system memory (63.7 GB usable), and an
NVIDIA GeForce RTX 4060 Laptop GPU with 8 GB of dedicated memory (NVIDIA
driver version 32.0.15, CUDA 11.8), in addition to the integrated Intel UHD Graph-
ics. The operating system is a 64-bit (x64) system. When the Google Colab envi-
ronment was used for the initial configuration of the tracking notebooks, the GPU

made available by the platform at execution time was NVIDIA T4.

5.5 Experiments on Tracklet-Based Synchronization

Following the setup and integration of MOT algorithms, this section focuses on eval-
uating the proposed framework using the generated tracklets. The objective is to
validate whether tracklet-level visual features can be effectively used to estimate the
offset between user-generated videos. The experiments were organized in an incre-
mental way, starting from controlled cases (similarity metric and offset estimation
on simple inputs) and advancing to the multi-view case, the quantitative evalua-
tion against a ground-truth set, an error analysis of the difficult conditions, and a
generalization experiment.

As described in the previous section, the model for extracting visual features,
i.e., extracting the trajectories of the objects tracked in each video, has already been
adapted. So, we only need to validate the proposed tracklet-based synchronization
method. All the experiments in this section describe the experimental design and

conditions, the quantitative results and their discussion are presented in Chapter [6]

I. Similarity Metric Definition

For this first experiment, the goal was to evaluate and select the metric that best
captures the similarity between feature vectors extracted from objects tracked in the
videos. The experiment involved testing three different similarity metrics, Euclidean

distance (Eq. [2.1), Cosine Similarity (Eq. and MSE (Eq. [2.3), to determine

which provided the best performance in identifying corresponding trajectories across
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different videos. These metrics were selected based on previous related works that
highlights their effectiveness in calculating feature similarity in multi-perspective
video scenarios.

Using tracklets extracted by StrongSORT, the features of the tracked objects in
each frame were compared using each metric. A similarity matrix was generated
for each metric and visualized as a heatmap, enabling a detailed analysis of the
differences and correspondences between the tracklets of the videos. To facilitate
the initial process of evaluation of the implemented script, the experiments were

carried out using only two UGVs as input.

I1. Offset Estimation

Once the metric used to calculate similarity had been defined, the next step was
to validate the process of estimating the offset between videos. To do this, an
experiment was planned with the aim of aligning two videos automatically, using as
a basis the features extracted from the objects tracked in each frame of the videos.
Similar to the previous experiment, two UGVs were used as input in order to reduce
the complexity of the initial implementation, which allowed a controlled and detailed
qualitative analysis of the proposed approach.

The experiment begins with the process of extracting tracklets from the input
videos. After extraction, the similarity between these trajectories is calculated,
using the FEuclidean distance as the main metric to compare the features extracted
from each tracked object. From this comparison, a similarity matrix was generated
using the score of the tracklets distances, which was visualized through a heatmap,
highlighting the correspondences between the object trajectories in the two videos.
The result of this matrix was used to identify the most similar tracklets in order to
obtain the list of frames that contain the objects of the similar trajectories.

In the current version of the framework, instead of relying only on the single
most similar frame pair, the final offset is selected by a RANSAC-style inlier voting
over the most similar tracklet pairs, as defined in Section [3.1.2] which makes the
estimation more robust to wrong matches. The offset value is then used to detect the
overlap point, i.e. identifying how long the frames in both videos remained similar

before diverging.
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This offset estimation was first validated in two controlled cases, in order to

reduce the complexity of the initial analysis:

e Same video processed twice (Figure |5.7)): the same video was processed
as the two inputs, so the tracklets and frame features are expected to match

exactly. This setup validates the correct functioning of the similarity metrics

and the overlap detection, and represents the most basic case.

Figure 5.7: Experiment reproduced for the same video: SOURCE_VIDEO1_PATH and
SOURCE_VIDEQ2_PATH received the same video file.

e Second video as a cut of the first (Figure [5.8)): the second video is a
trimmed version of the first one. This case evaluates the robustness of the
overlap detection in a more realistic situation, where Video 2 represents only
part of the content of Video 1, requiring the framework to identify the exact

moment when the common content begins and ends (overlap point).

Video 1

Video 2

Overlap Point

Figure 5.8: Video 2 is a cut of the Video 1. The highlighted part is where both

videos present the same moment.

5.5.1 Ground-Truth Evaluation Set for Quantitative Analysis

To support the quantitative evaluation of the proposed framework, a ground-truth

evaluation dataset was constructed by combining manually annotated MUVY-Sync
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pairs with additional synchronized fragments collected from the MUVS dataset.
The goal of this setup was to obtain a unified set of video pairs with known frame-
level temporal offsets, allowing the predicted offset of each method to be directly
compared against a reference value.

The construction process followed two complementary strategies. First, the
selected and manually annotated pairs from MUVY dataset were preserved as a
controlled benchmark with explicit viewpoint variation, including same-view (SV),
different-view near(DV-near), and different-view far (DV-Far) cases. Second, addi-
tional pairs were collected from MUVS dataset by selecting fragments from differ-
ent cameras that recorded the same event and period (overlap points). For these
MUVS-derived pairs, the timestamp-based alignment provided the nominal tempo-
ral correspondence, while the residual per-camera offsets available in the annotation
files were used to compute the ground-truth offset.

To ensure that the reference offset was valid throughout each generated clip, only
windows fully contained inside a stable temporal interval were accepted. Fragments
with unreliable offset values, insufficient overlap, or transitions between different
offset regions were discarded. All accepted clips were re-encoded to a constant frame
rate, making the frame-based offset consistent across both videos of each pair.

The resulting pairs were written in a common manifest format containing the
video paths, reference frames, ground-truth offset in frames and seconds, FPS, notes,
view class, data source, and sport category. The custom UG-Sync Studio tool was
then used as a visual inspection and validation interface. It allows the annotator to
browse the generated pairs, compare the two videos side by side, inspect the tracking
outputs and evaluation results, and update the reference offset and offset_sec

values when manual correction was needed.

5.5.2 Multi-View Synchronization Experiment: Visual Rep-

resentation

Previous experiments in this work focused on synchronizing videos with similar view-
points, such as trimmed versions of the same source (Figure [5.8) or recordings from
the same physical location. Now, the robustness of the proposed framework were

validated in more challenging scenarios. In this subsection, the set of experiments
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conducted using videos captured from different viewpoints of the same sport event
s presented. These conditions introduce challenges such as partial occlusions, per-
spective distortions, and differences in object visibility and scale, which are common
in user-generated videos.

The main experiment of this phase investigates the visual representation used
for cross-view synchronization. The same synchronization pipeline is kept fixed and
only the embedding model is changed, in a controlled A/B comparison: the Re-ID
embeddings extracted by OSNet-AIN are compared against the holistic embeddings
extracted by DINOv2, over the annotated pairs and stratified by the recording
condition (SV, DV-near, DV-far). In addition, two variants of the pipeline are

compared:

e Standard: nearest-neighbour matching based on the minimum Euclidean dis-

tance between feature vectors.

¢ DTW-Normalized (DTW-Norm): a spatially augmented Dynamic Time
Warping that compares the trajectories as temporal sequences, with a one-to-
one Hungarian assignment between tracklets to avoid the hub-tracklet problem

(one tracklet matching several others).

Pipeline overview. To carry out this experiment, the same pipeline was applied

to each pair:

1. Object Detection and Tracking: videos are processed using an adapted
version of YOLO-World for zero-shot object detection (with class prompts such
as “person playing”, “audience”) followed by an adapted version of StrongSORT
for multi-object tracking |Alencar and de Freitas 2025|. The resulting tracklets

are stored in the MOT format.

2. Tracklet Feature Embedding: each tracklet is transformed into a temporal
sequence of feature vectors. For the cross-view condition, the holistic DINOv2

embeddings are extracted from the frames of the closest trajectories.

3. Tracklet Similarity Calculation: a pairwise similarity is computed between

tracklets of both videos, using the Euclidean distance (Standard) or DTW-
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Norm, which accounts for temporal misalignment and differences in motion

speed. The most representative pairs are visualized via heatmaps.

4. Offset Estimation and Overlap Detection: for the selected pairs, the tem-
poral alignment is estimated by the RANSAC-style inlier voting (offset) and
the overlap duration, applying the temporal consistency constraint described

in Section B.1.21

5. Quantitative Evaluation: the final synchronization offset is compared with
the ground-truth annotations to measure the synchronization error (MAE and

Acc@r).

The quantitative evaluation is performed using a dedicated evaluation module
(batch_sync_eval.py), which compares the estimated offsets from different syn-
chronization strategies, that is, single best tracklet, overlap-based match, frame-
level similarity, and global multi-tracklet (RANSAC) voting, all against the ground
truth. To survive interruptions, the module saves the result of each pair immediately

(per-pair JSON output) and caches the tracking and DINOv2 features.

5.5.3 Error Analysis Experiment

An additional experiment was designed not to improve the synchronization score,
but to understand and characterize the conditions in which the framework has more
difficulty. The motivation is that the average error alone does not explain why the
framework fails in some pairs, which is important for the scientific contribution and
for guiding future work.

This experiment has two complementary parts:

e Stratified error inspection: the synchronization error is analyzed separately
by recording condition (SV, DV-near, DV-far) and by sport, in order to identify

which conditions concentrate the largest errors.

e Embedding separability analysis: for selected pairs, the tracklet embed-
dings of both videos are projected into a low-dimensional space using UMAP
(with cosine metric) and t-SNE, to visually inspect whether the embeddings of

corresponding objects from the two views fall close together or form disjoint
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clouds. This analysis is used to support the hypothesis that the failure in
the DV-far condition is a representational failure (the features do not gener-
alize across large viewpoint changes) rather than an algorithmic failure of the

synchronization method.

The main goal of this experiment is to connect the numerical error with a visual
and interpretable explanation of the behavior of each representation under different

viewpoint conditions.

5.5.4 Generalization Experiment on CMU Panoptic

To evaluate whether the conclusions obtained on the MUVY set generalize to a
controlled multi-view environment, an additional experiment was conducted on the
CMU Panoptic Studio dataset (Pose subset). This dataset provides a large number
of calibrated views of the same scene, which allows the construction of many cross-
view pairs with a known temporal reference. From this dataset, a set of 779 Video
pairs were used.

The same synchronization pipeline and the same evaluation protocol (MAE and
Acc@r) used for the MUVY set were applied here, with the pairs organized according
to the proximity of the camera viewpoints. The purpose of this experiment is to
verify, in a controlled and calibrated setting, whether the behavior observed in the
user-generated multi-view set (in particular, the difficulty under large viewpoint
changes) is also present, and to provide a second, independent point of evaluation
for the proposed framework. All of these experiments were carried out to understand
the limitations of the current implementation and to identify the main challenges
involved in synchronizing UGVs from different perspectives. The analysis of the

results is presented in the following chapter.



Chapter 6

Results

This chapter is divided into two parts. The first presents the development outcomes
that supported the implementation of the proposed framework, including dataset
creation and integration of multi-object tracking models. The second part presents
the results and analysis of the experiments designed to evaluate the effectiveness
of the synchronization method based on visual features extracted from MOT algo-

rithms.

6.1 Development Outcomes

This section presents the results obtained from the implementation and preparatory
steps that were necessary to enable the experimental evaluation. These outcomes
include dataset creation, MOT model integration, and initial validations that guided

the design of the final synchronization method.

6.1.1 Created Datasets and Its Structure

This section will describe the results of the procedures used to create a dataset of
videos with main characteristics of user-generated content and multi-view. In total,
three new datasets were created. The first, UVY, consists of sports videos recorded
by users who were present at the event. The other two, MUVY and MUVS;, are also
composed of videos recorded by users, but only if these videos are multi-view, i.e.
necessarily part of a set of at least two UGVs recorded at the same sporting event.

The following subsections provide more details on the numbers, structures and main

91
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characteristics of each dataset created.

6.1.1.a. UVY: a Dataset of Sport User-Generated Videos from YouTube

As a first result of what was described in Section 5.1 UVY, a Sport User-generated
Videos from YouTube dataset was created to evaluate Multi-Object Tracking tech-
niques applied to sport videos extracted from YouTube. As illustrated in Figure[6.1],
the constructed dataset comprises 20 videos, covering 7 different sports categories
(soccer, basketball, volleyball, tennis, athletics, artgym, and cricket). In total, the
dataset contains 31,961 annotated frames, 128,258 bounding boxes, and 378 anno-
tated tracks, with an average of 4.01 objects per frame. The mean video duration
is 53.3 seconds, with an average frame rate close to 30 fps, which is consistent with
typical consumer-grade recording devices.

Total Videos Total Frames Total Bounding-Boxes Total Tracks

20 31961 128258 378

Count of Baunding-Boxes per Class Count of Videos per Sports Typa

3
s 315504
S peneny -

Figure 6.1: Summary of the total videos and its distribution for the UVY.

Regarding object classes, the distribution is dominated by players (78.7K in-
stances, 61%), followed by referees (31.9K instances, 25%). Minority classes include
goals (7.8k), sports balls (5.7k) and goalkeepers (4.2k), accounting for approximately
14% of the total annotations. From a sports perspective, the dataset is relatively
balanced among team sports, with soccer and basketball contributing 4 videos each,
volleyball and tennis contributing 3 videos each, while athletics (2), artgym (3),
and cricket (1) are less represented. This distribution highlights the strengths and
the limitations of the dataset, where the large number of instances for players and
referees provides a substancial number of annotated examples for model develop-

ment and evaluation. However, the long-tail distribution of minority classes (e.g.,
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sports ball and goalkeeper) may hinder performance for those categories, requiring
balancing strategies such as oversampling or data augmentation.

From a multi-object tracking (MOT) perspective, the dataset provides 378 an-
notated tracks with varying lengths, covering both long continuous tracks (e.g.,
athletics and artgym) and short, fragmented tracks (e.g., basketball and soccer).
This diversity makes it particularly useful for evaluating object re-identification and
occlusion handling in MOT algorithms. Despite the relatively short average dura-
tion of videos, the dataset captures different crowd densities and motion patterns,
offering a valuable benchmark for fine-tuning and validating tracking frameworks in
unconstrained sports environments.

Table shows that the created dataset is comparable in numbers to the other
datasets listed. Compared to the other works listed in the mentioned table, UVY
has a small number of videos with varying resolutions, indicating challenges with
UGVs. In addition, of the two works with sports videos, UVY is the only one with
a variation of more than one type of sport. All the datasets listed in Table are
mainly used to evaluate MOT techniques (see Table [3.3)).

Table 6.1: Comparison among public datasets used to evaluate MOT algorithms
(including UVY)

MOT Dataset

Application

# Videos

Video Duration

Resolutions

Recording Nature

MOT17 (2017)

Pedestrian tracking
(train station,
shopping mall,

crowded street)

42

MAX: 01min25s,
MIN: 15s.

1920x1080 (# 36),

640x480 (# 6).

Pedestrian tracking
(train station,
shopping mall,

crowded street)

1920x1080,
Pedestrian tracking
1920x734,
(train station, MAX: 02min13s, Crowded
MOT20 (2020) 8 1545x1080,
shopping mall, MIN: 17s. environment
1173x880,
crowded street)
1654x1080.
Pedestrian tracking
(train station, MAX: 01min25s, 1920x1080 (# 6), | Crowded

MOTS20 (2020)

shopping mall,

crowded street)

MIN: 15s.

640x480 (# 2).

environment

MOT in sports

Official broadcast

SoccerNet-Track (2022) 100 30s 1920x1080
environments Of soccer.
640x360,
MOT in sports MAX: 02min15s,
UVY Track (Ours) 20 1280x720, Sport UGVs.
environments MIN: 08s.
1920x1080.

Although UVY Track currently has a relatively small number of entries (Table

6.1), its data source, YouTube, is a public platform that is fed daily; this number
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could increase by as much as the number of Creative Commons’ user-generated
videos available on the platform, with the only limitation being that the videos
are sports videos. The video files and their related annotation files are structured
according to the MOT standard formaiﬂ

This version also improves annotation quality, as all bounding boxes were manu-
ally reviewed and corrected in CVAT (Computer Vision Annotation Tool). After the
initial detection phase, all annotated bounding boxes were visually inspected and
corrected as needed, addressing common issues such as inaccurate bounding box
dimensions, identity switches, false positives, and missed detections in challenging
scenes. Figure [6.2]illustrates this process. On the left (1), the initial detection made
by YOLO-World is shown with a suboptimal bounding box size. The image (2)
demonstrates the corrected annotation after manual refinement using CVAT, which
more accurately captures the extent of the athlete’s body, allowing for a more robust
comparison of features.

Finally, the third image (3) in Figure [6.2] shows an example of an ID-switch
issue, where the identity assigned to the athlete is mistakenly transferred to a dif-
ferent person in a subsequent frame. This manual validation process ensures higher
precision and consistency across the dataset, making it more robust for training and

evaluation of tracking algorithms and multi-view video synchronization.

(1) Detection Made by the YOLO-Word [ (2) how it should be (adjusted via CVAT) | (3) Sample with id-switch issue

Figure 6.2: Example of manual annotation refinement using CVAT. (1) Initial de-
tection by YOLO-World; (2) Corrected bounding box via CVAT; (3) Frame with

ID-switch issue where the identity was incorrectly transferred to a different person.

Thttps://docs.cvat.ai/docs/manual /advanced /formats /format-mot /
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It is worth mentioning that the results obtained from the creation of this first
dataset went beyond the files present in the dataset that will be made public. All
scripts created for its construction, as well as the experience gained during its ex-
ecution, are considered successful results obtained from this first dataset. This is
because UVY served as the baseline for creating a second dataset, MUVY, which
consists of Multi-View UGVs selected from YouTube and created collaboratively by
members of the Vision-AI Group, a research sub-group of the SWPERFI Project.

6.1.1.b. Multi-View UGV Custom Datasets

Considering again what was described in Section about workflows 2 and 3, two
new datasets (MUVY and MUVS) were created collaboratively. These are similar in
terms of having at least two user-recorded videos captured at the same event, thus
providing the multi-view feature. However, MUVY (Multi-view User-generated
Videos from YouTube) is composed of UGVs that were selected from YouTube under
the condition of multi-view videos. The MUVS (Multi-view User-Generated Videos
& Sensor Data), on the other hand, consist of videos recorded by the authors of the
dataset (including the author of this work) and also contain metadata collected from
the sensors of the smartphones used to record the videos (including the timestamp).
In the following, more details are given on the current numbers of each of these

datasets, which are still in the expansion phase.

I - MUVY Dataset

MUVY datasetE] was created to be used as a source for multi-perspective analysis
and applications, including video synchronization. Its latest version includes 141
videos recorded in 31 events, totaling 3h15min of content, all published on YouTube
by users. In addition, the dataset comprises videos recorded across 7 types of sports,
adding diversity to the selected content and bringing the application and complexity

closer to a real-world scenario. This information is suummarized in Figure

Zhttps:/ /swperfi-project.github.io/Pages-dev/MuvyDataset-page /
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Events Videos Frames Duration (h)

31 141 333,180 3:15:23

Amount of Events per Sports Amount of Videos per Sports
40

6
= 5 = a0
i . -
5 —; -

3
:
. I [36] HD .
v Yy f.. ad g T g, ! g,
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Figure 6.3: MUVY Stats: summary of the total videos and its distribution.

Beyond its multi-perspective content that can be used to validate video syn-
chronization proposals (which is the case with this research), another result we had
with the creation of MUVY was the acceptance of the paper, titled "Exploring
multi-camera views from user-generated sports videos", which was accepted for pre-
sentation at the 2024 KDMiLe - the Symposium on Knowledge Discovery, Mining,

and Learning, thus reinforcing the contribution of this result to the research com-

munity [Pessoa et al. 2024]. As an illustration, Figure has been added with an

example of how the videos and related files are structured.

IT - MUVS: Motorola’s Custom Dataset

MUV the second Multi-View User-Generated Video dataset was created. As
mentioned before, this specific dataset is different from the others because it is com-
posed of videos and also corresponding files that contain a set of sensor values that
were collected during the recording processes. During data collection experiments,
the research group went to a total of 21 sport events, 340 user-generated videos
were recorded during those events. These videos covered events of 5 sport genres

(basketball, soccer, hockey, volleyball, and tennis), see Figure [6.5]

3https:/ /swperfi-project.github.io/Pages-dev/MuvsDataset-page /
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STRUCTURE OVERVIEW | soccer_event_01
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Figure 6.4: MUVY Structure Overview: each video is accompanied by a video _info

file, an extracted frames directory, and an object annotations file.

Total Events Total Videos Total Sport Genres
Amount of Videos per Sports Amount of Events per Sports
200 2 13
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basketball soccer hockey volleyball tennis basketball soccer tennis hockey volleyball
Sports Sports

Figure 6.5: Summary of the total videos and its distribution for the MUVS Dataset.

The raw data are structured similarly to the MUVY dataset, with the difference
that this dataset includes a directory containing a metadata file (containing the
sensor values) for each video recorded by a specific device. Also note that, as

illustrated in Figure [6.6] for each smartphone used, there will be cases where more
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than one video was recorded at the same event, thus illustrating another difference

from this dataset to MUVY.

raw_video_file.mp4

| SWPERFI_ [ [ [ [ -
LAB_ 312 » » L videos

—

dataset sport_genre event_name cam_id

i

metadata

Figure 6.6: Overview of the Data Structure in MUVS, Motorola’s Custom Dataset.

6.1.2 MOT Technique: StrongSORT & YOLO-World

From the process of selecting and implementing multiple object tracking techniques,
three models were implemented (DeepSORT-2017, TrackFormer-2022 and StrongSORT-
2023) and applied to videos from the dataset described in the previous section. Ini-
tially, the analysis of the preliminary results was entirely qualitative, but in the
future, we intend to evaluate the results by a quantitative analysis of the models
when applied to the UVY dataset.

However, during the processing of the videos selected from the new dataset, and
from a comparative and qualitative analysis of the results observed in the output
videos returned from each model, it was possible to observe that factors such as the
quality of the video, the speed of the objects and the complexity of the scene can
influence the performance of the algorithms, which was already expected, since the
user-generated videos have varied recording conditions.

Moreover, it was observed that only DeepSORT[] and StrongSORT[| were able
to detect the ball, but this was due to the fact that YOLOv5 and YOLOvT7 are
pre-trained models specialized to detect objects such as "sports ball" (Figure .

Yhttps://drive.google.com /file/d/109tnrd W 1uVRco2rHu2XwqxXkyjxLO8y1 /view
Shttps://drive.google.com/file/d /10WrPohUy1PkkB4Zkb7iT20y5X1jG1mjb /view
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(a) DeepSORT Output Video . (b) Trackformer Output Video ' (c) StrongSORT Output Video

Figure 6.7: MOT Implemented - Output Videos: (a) DeepSORT (YOLO-v5), “sports
ball” class detected; (b) TrackFormer result, no ball detected; (c¢) StrongSORT re-
sult, detected the “sports ball” class and improved tracking of multiple objects,

including a person positioned near the goal area.

While TrackFormerﬂ was only able to detect pedestrians/people, due to the

CNN-based model used, which was not specialized to detect objects but rather to

extract features from regions similar to a person [Meinhardt et al. 2022]. This high-

lighted the possibility of adapting tracking-by-detection models (e.g. DeepSORT
and StrongSORT') by replacing the detector model by a model capable of detecting
objects of interest according to the proposed context.

Now, comparing the results between DeepSORT (YOLOv5) and StrongSORT
(YOLOVT7), it was confirmed that the former suffers from the id-switch problem
during the data association process, i.e. for the same detected object, such as the
ball, DeepSORT assigns more than one id (tracklet-ID), as illustrated in Figure
extracted from its output video?. However, this had already been mentioned by the

authors of StrongSORT (an improved version of DeepSORT) [Du et al. 2023|. For

this reason, we decided to continue using StrongSORT as the technique to extract
the trajectories that will be used to synchronize the UGVs.

I. StrongSORT with YOLO-World (2024)

The implemented StrongSORT (YOLOVT) presented promising results that indi-
cated its effectiveness in tracking objects in UGV sports videosﬂ. However, thinking
in the context of calculating similarity between the trajectories of objects detected
in different videos, we observed the necessity of a model that only tracks objects

that are common between the different videos, which means that for sports videos,

Shttps://drive.google.com/file/d /1d1WKbT2T24{fZq71kevvAz5zSDfsGTjjz/view
"https://drive.google.com/file/d /1gLwhI758qYAUF TIsM Asagh7ju7YScEO4 /view
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deepsort_yolovs_video_c4_v5.avi

Figure 6.8: The video processed by DeepSORT presented id switching problems

during the process of data association.

the ideal is to carry out the similarity calculation process only for objects that are
on the field (i.e. “person playing”, “sports ball”, “referee”, “goalkeeper” ), especially
because the chance of these objects of interest appearing in videos recorded from
other angles is greater.

For this reason, a new adapted version of StrongSORT was implemented, where
the detector model has been replaced. Previously, YOLO-v7 was used, now there is
an adapted version where the objects tracked are those detected by YOLO-World,
a zero-shot detector (Section . Figure shows the results side by side, with
the left side showing the result of a video® processed by the version available in
the literature (StrongSORT+YOLOvVT7), and the right side showing the same videﬂ
processed by the adapted version developed in this research (StrongSORT+YOLO-
World). Without requiring model training, this version effectively reduces the num-
ber of tracked objects, focusing mainly on the objects (e.g., "person playing" and
"sports ball") in the field.

Despite this satisfactory result for the context of this work, it is important to

mention that this new version will still have cases in which it detects an object

8https://drive.google.com /file/d/1fAOF3ZhbGOTTSNg17UNW;jjRhhFNpfYh2 /view
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RT and_its_application_to_sport_videos. S proposed_pipeline.ipynb

Figure 6.9: StrongSORT results: on the left side YOLOv7 detecting several people,
including those in the audience; on the right, YOLO-World detecting only people

playing on the court.

that is outside the field of action, such as the case highlighted (yellow) in the image
on the right-hand side of Figure extracted from its output video ﬂ However,
when compared in terms of numbers for this specific case, the number of objects de-
tected by the StrongSORT+YOLO-World is around four times less than the number
detected by the StrongSORT+YOLOvT (literature version).

Objects that can be detected ,i s " e iy Objects that can be detected

Figure 6.10: StrongSORT results: on the left YOLOvVT7 detected an average of 20
objects per frame. On the right, YOLO-World detected about 5 objects per frame,

focusing mainly on those in the field.

Therefore, based on the qualitative analysis presented before, it was decided to go

9https://drive.google.com/file/d/1i4lsk346wC6 K mrNaO3vZwTgBp8GXhS /view
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with StrongSORT+YOLO-World as the deep learning-based multi-object tracking
technique that will be used to extract the visual features required to calculate the
similarity for the frame-level alignment. For the next phase of the research, quanti-
tative metrics will be used to evaluate the performance of the proposed framework

in order to have a qualitative comparison.

6.1.3 MOT-UGV: Quantitative Results

The benchmark results are divided into two parts. First, a comparative analysis be-
tween the proposed tracking algorithm (MOT-UGV [Alencar and de Freitas 2025|)
and the baseline model from Brostrom 2022, which combines YOLOv7 with Strong-
SORT, is presented. This comparison is performed on both MOT17 and MOT20
datasets to validate how the updated detector and RelD backbone affect overall
performance.

The second part then focuses on the results of the experiments aimed at analyzing
the effect of tracking parameter tuning. These experiments are restricted to the
MOT20 dataset, as it better represents crowded scenes with frequent occlusion and
high pedestrian density, challenges that are also present in sports video scenarios.
The goal is to analyze how changes to StrongSORT parameters improve robustness

in dense environments when combined with YOLO-World.

6.1.3.a. Comparison with Baseline Model

According to the metrics summarized in Table [6.2] the proposed model achieves
similar HOTA and IDF1 scores compared to the baseline on MOT17, but increases
the number of false positives (FP) and identity switches (IDSW). This is likely due
to the lower detection threshold (0.005) and the open-vocabulary nature of YOLO-
World, which tends to produce many more detections, some of which may be spurious
or overlapped. Despite this, a key improvement was observed in false negatives
(FN), which dropped from 67.6K to 49k, indicating better recall. This suggests that
YOLO-World is more capable of detecting partially occluded or smaller pedestrians,
but at the cost of introducing noise.

Table presents the results for the benchmark comparison between the pro-

posed and baseline models on MOT20, which has sequences of dense crowd scenar-
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Table 6.2: MOT Benchmark: proposed pipeline compared to the baseline model on
MOT17

Model HOTA IDF1 MOTA IDSW | FP| FN|
YOLOv7 + OSNet (x0.25) 35.04 3872 3421 722 5,161 67,583
YOLOv7 4+ OSNet-AIN 4040  46.99  39.88 361 4,573 67,623

YOLO-World + OSNet-AIN (Ours) 3490 38.08  32.89 1,254 75,702 49,084

ios. In MOT20, the proposed pipeline achieved a significant performance increase.
HOTA increased from 9.09 to 33.25, and IDF1 increased from 6.23 to 43.79. The
MOTA also improved significantly from 8.58 to 32.46. These are more than three
times higher compared to the baseline.

However, the cost of these achievements was a higher increase in ID switches
(from 2,656 to 10,576). This again reflects the more permissive detection behavior
of YOLO-World under a very low confidence threshold. However, the reduction in
false negatives by more than half (from 1.05M to 508k) demonstrates the strength

of the new detector in covering densely populated scenes.

Table 6.3: MOT Benchmark: proposed pipeline compared to the baseline model on
MOT20

Model HOTA IDF1 MOTA IDSW | FP | FN |
YOLOvT + OSNet (x0.25) 9.09 6.23 8.58 2,656 2,096 1,052,620
YOLOvT7 + OSNet-AIN 1221 11.09 11.71 891 1,421 1,053,454

YOLO-World + OSNet-AIN (Ours)  33.25  43.79  32.46 10,576 115,607 508,860

Although YOLOvT7 combined with StrongSORT achieves competitive results in
MOT17, its performance drops significantly in MOT20. This can be explained by
the fact that MOT20 consists of crowded scenes with occlusion and a high pedes-
trian density per frame. YOLOvV7, although accurate in general contexts, was not
specifically optimized for such challenging conditions, causing detection failures or
missed instances in cluttered environments. This limitation is evident in the higher
false negatives and lower IDF1 scores compared to YOLO-World, which are more
adaptable to complex visual scenarios.

These results demonstrate that the integration of YOLO-World/L proposed
model combined OSNet-AIN, improves tracking performance in dense and dynamic

scenes, especially under occlusions. This is a good achievement for sports UGV
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analysis, where multiple players frequently occlude each other and move across the
scene. The results in MOT20 suggest that the proposed approach is better suited to
the challenges highlighted in this investigation about the content of UGVs sports.

6.1.3.b. Tracking Parameter Tuning on MOT20

Table presents a summary of the main metrics obtained for MOT20 for each

configuration:
Table 6.4: StrongSORT parameter tuning on MOT20
Model HOTA MOTA IDF1 IDSW GT IDs IDs
SS_YW_MOT20 4.88 159 205 418 2215 137
SS_YWL_MOT20 19.36 36.93 2173 22888 2215 1170
SS_OSX1_YWL_MOT20  30.66 4224 3901 10985 2215 10596

e The switch to osnet_ain_x1_0 significantly improved identity association,
nearly doubled IDF1 (from 21.7 to 39.0) and reduced the ID switches in half,

confirming the importance of robust RelD and association tuning.

e HOTA increased by more than 11 points, indicating improved joint detection-

association quality.

These improvements demonstrate the effectiveness of both StrongSORT hyper-
parameter tuning and the use of enhanced RelD embeddings. These benchmark
evaluations demonstrate that careful tuning of StrongSORT parameters and replac-
ing the RelD backbone model can significantly improve tracking performance in
crowded scenes. The integration with YOLO-World is especially promising given its
prompt-driven detection flexibility.

According to the StrongSORT paper, their best result on MOT20 using osnet_-
x1_0 was MOTA = 61.3, IDF1 = 80.9, with a HOTA of around 56.1 [Du et al. 2023].
Our best configuration achieved HOTA = 30.66, which is lower than the SOTA by
approximately 15 points. The IDF1 score reached 39.01, a result influenced by the
presence of frequent occlusions between sequences. The MOTA value attained was
42.24, which, while showing improvement compared to our baseline, was penalized

by the high number of false positives resulting from the intentionally low detection
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threshold (0.005). Although the final scores do not yet match the published results
of StrongSORT, this experiment demonstrates that our framework generalizes well
across datasets such as MOT17 and MOT20. It also validates that both the choice
of detection and RelD models, as well as careful tuning of tracking parameters, are

critical in achieving competitive performance in crowded tracking benchmarks.

6.2 MOT-UGV-based Synchronization

After defining the datasets and evaluating multiple object tracking techniques, this
section presents the results obtained from applying the proposed pipeline for UGV
synchronization based on visual features. The main goal of the idea was to extract
tracklets (i.e., partial trajectories of objects across frames) and use them as units of
comparison between videos, based on their visual similarity. This approach aims to
identify potential temporal overlaps between UGVs of the same event.

In summary, based on the analysis of the results obtained from the experiments
carried out to validate the proposed framework, especially the similarity calculation
and offset estimation process, it was observed that the visual features extracted by
MOT-UGV, the proposed tracking algorithm that has as its backbone the YOLO-
World as detector and the data association part based on StrongSORT, were suffi-
cient to indicate the most similar frames between two different videos, thus indicat-
ing a possible overlap point considering the correspondence of the features of each
pairwise frame compared.

The Euclidean distance metric was selected for the matrix similarity process
because it effectively captured the similarity between tracklets and frames, and the
minimum similarity score provided a reliable estimate of the frame offset. The
experiments reproduced for different pairs of videos further validated the robustness
and precision of the framework in scenarios considered as the baseline.

More details about these results and their analysis are available in the following

subsections.
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6.2.1 Chosen Similarity Metric: Euclidean Distance

As described in Section the three metrics tested (Euclidean distance, cosine
similarity, and mean square error) were chosen because the literature had found
works using these metrics to measure the similarity between visual features in video
analysis tasks.

The Euclidean distance heatmap (Figure shows greater variability in the
similarity scores between the tracklets in the two videos, suggesting that this metric
is sensitive to both the direction and magnitude of the feature vectors. In this
experiment, Euclidean distance provided a clear differentiation between tracklets
that represent similar tracklet features and those that do not. This was observed
through the analysis of the high-similarity zones, which are the blue areas that
represent regions where the Fuclidean distance value is lower, meaning the tracklets
are similar. The red zones represent the low-similarity zones, the areas where the

similarity score is higher, indicating dissimilar tracklets.

Tracklet Similarity Between Video 1 and Video 2
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Figure 6.11: Euclidean distances heatmap, illustrating the variation of the pairwise

tracklet comparison.

Based on the analysis of Figure , the BEuclidean distance metric revealed
that certain tracklets from Video 1 have high similarity to corresponding tracklets

from Video 2. For example, with a similarity score = 764.2, tracklet 2 in Video 1
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(Y axis) showed a high similarity to tracklet 11 in Video 2 (X axis) and, following
the ground-truth annotation, these two tracklets have the features of the exact same
object detected in two different videos.

However, the Cosine similarity heatmap (Figure illustrates values that
are consistently close to 1.00. This highlighted the fact that these metrics focus on
the angle distance between the vectors, not capturing the variations in magnitude
(e.g. object size or speed). Consequently, the cosine similarity metric might overlook
magnitude variations that could be useful for more precise tracklet correspondence,
especially in videos where objects vary significantly in scale or distance, which is the

case for the videos available in the datasets created and introduced before.
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Figure 6.12: Cosine Similarity heatmap, illustrating the variation of the pairwise

tracklet comparison. All values very close to 1.00.

And finally, the heat map of the mean square error (MSE) (Figure [6.13)),
although showing some variation similar to that of the first metric, this metric
presented a wide range of values for cases of not similar tracklets. This indicates
that this metric may be sensitive to outliers, as it penalizes large differences between
feature vectors, which can be confirmed by looking at the high values for the most
dissimilar cases. This suggests that the MSE may overestimate the differences when
there are only small variations between the tracked objects. Therefore, Fuclidean

distance emerges as the most suitable choice for this experiment, and it will be used



CHAPTER 6. RESULTS 108

as the primary similarity metric for subsequent stages of the proposed framework.

Tracklet MSE Similarity Between Video 1 and Video 2
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Figure 6.13: Mean Squared Error Values Heatmap, illustrating the variation of the

pairwise tracklet comparison. Less robust in distinguishing fine differences.

6.2.2 Synchronization based on visual feature correspondence

The results obtained from the offset estimation experiments (Subsection [5.5)) were
analyzed to qualitatively verify how precise the script developed is in aligning two
videos, thus evaluating the match conditions for the similarity calculation between

the tracklets extracted from the frames of each video.

6.2.2.a. Similarities Between the Same Video

By analyzing the heatmap returned from the process of calculating the similarity

scores between the trajectories of video 1 and video 2, it was possible to see that
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the conditions implemented in the script for calculating the similarity matrix work
as expected for the easiest case, that is, in which the same video is processed twice,
thus resulting in the process of comparing the same content, highlighting the pairs
with the lowest similarity scores. This resulted in a matrix with a zero diagonal,
indicating the correspondence of the content of the trajectories, as seen in Figure

0. 14
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Figure 6.14: Tracklet Similarity Heatmap: illustrating a diagonal with zero values,

which indicates the exact correspondence among tracklet features.

The result for the subsequent step, which is to estimate the best offset based on
the similarity calculation for the frames that are part of the vectors of the most sim-
ilar tracklets, indicates a correspondence in the pairwise comparison of the features
of a set of frames belonging to the same trajectory, also resulting in a frame-level

correspondence heatmap with the diagonal equal to zero. Figure [6.15] presents this
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zero diagonal observed for the frames belonging to tracklet 26, that is, the frames

where the object 26 appears.
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Figure 6.15: Frame-Level Similarities Heatmap: pairwise comparison among frame-
level features extracted by two video with the same contend, highlighting a diagonal

with zero values.

In addition, Figure[6.16]shows a sample of the correspondence of frames according
to the estimated offset, which for the case described above is zero. This means that
for the set of frames in which the object of tracklet 26 was detected, video 1E| needs
to move zero to overlap its content with video QEL Figure presents a snippet of
the script output that indicates the overlap point based on the estimated offset for

the case where the processed videos have the exact same visual content.

Ohttps://drive.google.com /file/d /18-LR83YoQeoDK70nk TJAW6X ThVZ-6j6Z/view
Hhttps://drive.google.com /file/d /1xs6xgc4SJ6V3xRmxjPqMePFPnEdoWqL9 /view
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%, similarity = find_frame_offset(tracklet 2 video_1, tracklet 2

s(framel,frame2, framel_idx, frame2 idx)

t Estimation Based on the Features of Tracklet 26:
21, Frame in Video 2; 221

Frame 221 from Video 1 Frame 221 from Video 2

Figure 6.16: Offset Estimation Result: pairwise comparison of two overlapped

frames.

6.2.2.b. Offset Estimation for a Fragment of the Same Video

A similar analysis was made for the results obtained from the replication of the
same experiment, but now for two different videos, with the second video (Video ﬂ
) being a fragment cut from the first video (Video 1%). Starting with the analysis of
the similarity heatmap obtained from the tracklet matching process, it was observed
that the script is able to indicate that the objects tracked only in video 1 (the longest
video) are very different from the objects tracked in video 2 (images (a) and (b) of
Figure . Now, considering only the most similar objects (similarity score <
1000), it was confirmed that the script was able to correctly indicate, according to
the ground-truth value, that Tracklet 22 (video 1) is the closest one to Tracklet 3
(similarity score = 260.3), as highlighted in images (c) and (d) of Figure [6.17]

2https://drive.google.com /file/d /I1mXtDi0W3ViP41Q9JRjX65mUI0V LinoJr /view
Bhttps://drive.google.com /file/d /1IEBZIY 2rgJF2pdmd1jFg7YNq18LgbWtFU /view
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Figure 6.17: Tracklet Similarity Heatmap: (a) all tracklets features vector from video
1 pairwise compared to the ones from video 2; (b) objects detected and tracked only
in video 1; (c) tracklet 22 (video 1) is most similar to the tracklet 3 (video 2); (d)
sample of the frame illustrating the object detected for the Tracklet 22 and 3.

The result obtained from the offset estimation process, considering only the
features of the frames belonging to the trajectories mentioned above, was that, with
a Euclidean distance of 298.6, frame 860 (video 1) is the most similar to frame 186

(video 2) (Figure [6.18) from which the estimated offset was 674 (860-186). This

means that the content of Video 2 will overlap from frame 674 of video 1.

Figure 6.18: Side-by-side comparison of the frames that has the lowest similarity

score, detected automatically by the script.
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In addition, by visually analyzing the heatmap returned from the similarity calcu-
lation process for the frames (frame-level correspondence), it was possible to identify
a pattern that indicated the existence of a diagonal starting in a certain region of
the heatmap (Figure[6.19] (a)), which is more evident when we filter out the frames
of the video that are more distant similarly from the frames of video 2 (keeping
only the frames from 674, for example). This diagonal pattern, visible in dark blue

(especially around the middle), suggests that some portions of the two videos align

well, meaning that they likely contain similar features in those frames (Figure m

(b))-

Tremmi VAR

(a) Frame-level pairwise comparison (all frames) (b) Frame-level pairwise comparison (filtered version)

Figure 6.19: Frame-Level Similarity Heatmap highlighting a diagonal pattern indi-

cating the existence of similar features in the frames.

Considering the analysis above, the script was adjusted to created two new frag-
ments of the video ]E| and video 2 |T_5|, respectively, containing the set of frames
that has the lowest similarity score from the pairwise comparison of the frame-level
feature correspondence process, which should indicate the point of overlap detected
based on the visual features from both videos. This can be confirmed by the illus-

tration in Figure [6.20

Mhttps: //drive.google.com /file/d /1moUJonbsH-bfMRSjd5xwZ EA91rYwJX8/view
Bhttps: //drive.google.com/file/d /1Y GBImjUaJet7TEHohszm c¢7mNJSfIC-3A /view
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ath, framel_idx, fra

(a) fragment extracted from video 1 (b) fragment extracted from video 2

Figure 6.20: Synchronized video fragments generated automatically based on the

visual features extracted by the MOT-UGV.

The experiments reproduced for the baseline cases described above confirmed
that the visual features extracted by the proposed MOT-UGV pipeline are sufficient
to indicate the overlapping point when the two videos share the same visual content.
However, these scenarios do not represent the actual problem addressed in this
investigation, in which the two videos are recorded by different users, from different
cameras, and from different viewpoints of the same event. The next section presents
the results obtained when the same pipeline is applied to this harder multi-view,

cross-view condition, and analyzes the challenges that arise from it.

6.3 Multi-View UGV Synchronization

The results presented in Section validated the proposed pipeline in controlled
conditions, where the two processed videos share the same content (the same video
processed twice or a fragment cut from the same video). In those cases, the simi-
larity calculation among the tracklets and the offset estimation worked as expected,
producing a clear correspondence between frames. However, when the same pipeline
was applied to the actual target scenario of this investigation, the problem became
a challenge. In a real multi-view setting, the two UGVs are recorded by different
users, with different devices and from different positions of the stadium, so the same
object appears under different scales, poses, and backgrounds across the two videos.

This difference exposes a limitation of the approach as it was conceived until
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the qualification stage of this master’s research. The synchronization based only on
MOT-UGYV features relies on matching tracklets of the same object across the two
videos, that is, it depends on an intra-class, identity-oriented correspondence, where
the RelD embedding must recognize that “player A in video 1”7 is the same “player
A in video 2.

This assumption holds when the viewpoints are close, but it breaks down when
the cameras are far apart, because the appearance of the same athlete changes
substantially and the ReID embedding, trained for person RelD, was not designed to
be invariant to such large viewpoint changes. This observation motivates a different
hypothesis, described in this section: that cross-view temporal alignment is better
supported by a holistic representation of the scene as a whole rather than an identity-
specific representation of each individual object.

To investigate this, two representations were compared using the same pipeline

and evaluation protocol. Those are:

1. OSNet-AIN |Zhou et al. 2022|, a re-identification embedding that serves as

the baseline and evidences the limitation described above;

2. DINOv2 |Oquab et al. 2023|, a self-supervised ViT embedding that encodes

the frame as an integrated whole.

6.3.1 UGV-Sync: Custom Annotated Dataset

To enable the quantitative evaluation of the proposed framework, UGV-Sync, a cus-
tom multi-view UGV dataset was built by combining the original MUV Y["*| samples
with additional samples selected from MUVS"| dataset. The MUV Y-derived subset
contains 63 video pairs selected (Subsection . Each pair contains two views
of the same event and was trimmed to a short segment of at most 15 to 20 seconds,
keeping the annotation feasible and concentrating the comparison on a temporal
window in which the same action is visible in both views.

The temporal offset of the MUVY subset was manually annotated as ground

truth. For this purpose, a custom annotation and inspection tool was developed to

https:/ /swperfi-project.github.io/Pages-dev/MuvyDataset-page/
Thttps:/ /swperfi-project.github.io /Pages-dev/MuvsDataset-page/
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display the two videos side by side and allow frame-by-frame inspection for align-
ment. In the current version of the evaluation workflow, the web tool, UGV-Sync
Studio, extends this process by also supporting the MUVS-derived pairs, loading
the raw clips, the tracking videos, and the JSON results produced by the evalua-

tion pipeline from a unified folder structure. The tool also allows the annotator to

update the manifest directly when the manually selected offset is corrected during

visual inspection (See Figure [6.21]).

Figure 6.21: Screenshot of the custom UGV-Sync Studio, the tool used to support

the validation of synchronized video pairs.

The MUVS-derived subset was constructed automatically from the MUVS frag-
mentﬁ. For each event and period, the generation script enumerates valid camera
pairs and cuts fixed-length clips from temporally corresponding fragment windows.
The timestamp-based alignment provides the nominal temporal correspondence, and
the per-fragment residual offsets are used to compute the final reference offset. To
avoid ambiguous ground truth, only clips entirely contained inside a stable offset
run are considered. Each accepted pair is written to the same manifest format used
by the MUVY subset.

The final evaluation dataset, therefore, contains both manually annotated MUVY
pairs and timestamp-supported MUVS-derived pairs. The MUVS-derived subset

contains 468 generated pairs, while the MUVY subset contains 63 manually an-

18http://zenodo.org/records /20708683
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notated pairs, resulting in 531 pairs in the unified evaluation manifest. Table

summarizes the composition by source.

Table 6.5: Composition of the UGV-Sync dataset by source.

Source Pairs

MUVS (timestamp-supported pairs) 468
MUVY (manually annotated pairs) 63

Total 531

The evaluation set spans eight sports, with an unbalanced number of pairs per
sport, which reflects the availability of multi-view content for each modality. Ta-

ble reports the number of pairs annotated pairs per sport.

Table 6.6: Composition of the UGV-Sync dataset (513 pairs) per sport.

Sport # Pairs
American football 13
Artistic gymnastics 8
Basketball 127
Cricket 1
Hockey 118
Soccer 142
Tennis 2
Volleyball 120
Total 531

6.3.2 Offset Estimation Strategies

Before comparing the two representations, the strategy used to convert the tracklet-
level similarities into a single offset estimate is recapitulated, since it was refined after
the qualification stage. Up to that point, the offset was obtained from the minimum-
distance match and from a simple average (or median) of the offsets suggested by

the most similar tracklet pairs. However, this consensus was easily pulled away
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from the correct value by low-quality matches, which behave as outliers in the set
of candidate offsets.

To make the consensus more robust, a RANSAC-based voting was adopted.
Instead of averaging the candidate offsets, each confident pair of tracklets proposes
one offset hypothesis, and the hypothesis that gathers the largest number of inliers
within a tolerance of +0 frames is selected as the estimated offset. This makes the
estimation depend on the agreement among several matches rather than on a single
best match, reducing the influence of noise correspondences. In the results that
follow, three strategies for completeness are reported: best match, which takes the
offset of the single lowest-distance tracklet pair; median, which takes the median of
all candidate offsets; and RANSAC, the inlier-voting consensus described above.

For completeness, we report results for three offset estimation strategies in the

experiments that follow:

e Best match: Takes the offset of the single lowest-distance tracklet pair.
e Median: Takes the median of all candidate offsets.

¢ RANSAC: The inlier-voting consensus described above and formalized in

Theorem 1.

Figure 6.22: Synchronization accuracy as a function of the tolerance threshold 7 for
OSNet-AIN and DINOv2, under the best-match and the RANSAC strategies. The
RANSAC strategy consistently improves upon the best-match approach, particularly
for OSNet-AIN, corroborating the theoretical prediction of Theorem 1.

As demonstrated in Figure [6.23] the RANSAC strategy improves the accuracy
of OSNet-AIN at tighter tolerances (Acc@b from 15.87% to 25.40%), corroborating
the theorem’s thesis that consensus among multiple hypotheses is more robust than

relying on a single best match.

Validation of the Matching Strategy

A complementary experiment was carried out to validate which strategy better re-

covers the best offset when matching the tracklet sequences. For this purpose, a
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Figure 6.23: Synchronization accuracy as a function of the tolerance threshold 7 for
OSNet-AIN and DINOv2, under the best-match and the RANSAC strategies. The
RANSAC strategy consistently improves upon the best-match approach, particularly
for OSNet-AIN, corroborating the theoretical prediction of Theorem 1.

smaller and controlled set of 6 annotated pairs was used to compare two matching
strategies.

The first one, referred to as Standard, performs the correspondence through
the ANN-based Euclidean match between tracklet features. The second one, as
called DTW-Norm, aligns the full tracklet sequences temporally using a normalized
Dynamic Time Warping FastDTW [Salvador and Chan 2007]. The normalization
(standardization of the RelD and division of the bounding-box coordinates by the
frame dimensions) is applied so that the bounding-box magnitudes do not dominate
the distance.

Table presents per-pair results in six video pairs (selected from the MUVY-
Sync set) that span soccer, artistic gymnastics, and basketball, under three record-
ing conditions: same-view trimmed clips (SV), different views with small angular
separation (DV-near), and different views with large angular separation (DV-far).

Same-view (SV): The same-view pair (GT =674) is the most controlled sce-
nario: both clips are extracted from the same camera recording and contain 23
and 14 tracklets (> 15 frames), respectively. Both methods recover the exact offset

(MAE = 0), with RANSAC inlier ratios of 0.21 (Standard) and 0.20 (DTW-Norm),
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Table 6.7: Synchronization results on 6 UGV sports evaluation set. GT is the
ground-truth temporal offset in frames (positive = Video 1 leads Video 2). Rec. is
the RANSAC-recommended offset. |M AFE| is the absolute error in frames (lower is
better). IR is the RANSAC inlier ratio.

‘ Standard ‘ DTW-Norm ‘
Pair Sport GT (fr) Scenario Rec. |[MAE| IR Rec. |[MAE| IR
(cam_03_S01, cam_03_S01_trim) Soccer 674 SV 674 0 021 674 0 0.20
(cam_02_AGOl, cam_01_AGOl) Gym 4 DV-near 74 0 0.15 145 71 0.18
(N2EC140214, N2ER090188) Basket 139 DV-near 138 1 024 219 80 0.13
(N2ER090188, N9BA420582) Soccer 65 DV-near 84 19 0.21 48 17 0.20
(cam_01_AGO03, cam_02_AGO03) Gym 181 DV-far 1275 1094 0.13 156 25% 0.17
(cam_02_S01, / cam_04_S01) Soccer —206  DV-far —65 141 0.15 37 243 0.29

based on 62 and 10 matched pairs. The shared embedding space visualized via
UMAP (Figure [6.24}A) confirms the strong representational overlap. The clusters
in cyan (Video 1) and magenta (Video 2) are closely interleaved in the overlay panel,
providing qualitative evidence of the tracklet correspondences that align with the
correct offset estimated.

Different views with small angular distance (DV-near): Three pairs fall
into this category. For the Artistic Gymnastics pair AGO1 (single athlete, close
viewpoints, GT = 74), Standard achieves a perfect estimate (M AE = 0, 26 matched
pairs), while DTW-Norm diverges to MAE = 71 fr. The degradation of DTW-
Norm is attributable to the minimum-length filter applied during the DTW pass,
only 11 tracklets were returned after the 20-frame threshold, reducing the match
pool and increasing sensitivity to noise.

For the basketball pair, Standard again outperforms with MAE = 1 fr. The
UMAP overlay for this pair (Figure C) exhibits inter-video cluster alignment,
consistent with the large match count. For the pair (N2ER090188, N9BA420582),
neither method reaches the exact offset: standard yields MAE = 19 and DTW-
Norm MAE = 17. Both errors correspond to sub-second alignment (<0.7s at
30 fps), which would be acceptable for many broadcast applications, but the under-

lying cause a sparse match pool of 11-15 tracklets limits consensus reliability.
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Figure 6.24: UMAP projections of OSNet-AIN tracklet embeddings for all six UGV
evaluation pairs (tracklets < 15 frames excluded). Cyan = Video 1; magenta —

Video 2.

Different views with large angular distance (DV-far): Both pairs in this
condition expose the principal limitation of MOT-UGV-based synchronization. For
the Gym pair AGO03 (large viewpoint difference, GT = 181), Standard presented a
high (|M AE = 1094, equivalent to ~365s), while DTW-Norm substantially reduced
the gap to MAE = 25 (<1s at 30fps). The improvement of DTW-Norm in this
case is attributable to the spatial trajectory constraint, that is, by jointly considering
feature similarity and bounding-box trajectories, DTW-Norm partially compensates
for the appearance inconsistency that arises when the same athlete is seen from
divergent angles.

Note that the match pool is small (N = 6 for DTW-Norm), so the estimate
is highly uncertain. For the Soccer pair (cam_ 02 S01 / cam_ 04, GT = —206),
both methods fail entirely: Standard presented MAE = 141 and DTW-Norm
MAE = 243. The UMAP overlay for this pair (Figure [6.24/F) justifies this failure
geometrically: the embedding clouds from these two videos occupy largely disjoint
regions of the vector space, confirming that the embedding features returned from

OSNet-AIN (which was trained on pedestrian ReID data) do not generalize across



CHAPTER 6. RESULTS 122

extreme viewpoint changes in multi-player sports scenes, like soccer.

Standard (EuclideanDistance-based) outperforms DTW-Norm in three of the
four SV / DV-near scenarios, benefiting from a larger match pool and lower compu-
tational cost (< 5s per pair on GPU vs. up to 32s for DTW-Norm). The DTW-Norm
is preferable in the DV-far regime, where spatial trajectory continuity partially com-
pensates for appearance inconsistency. In general, Track-UGV-SYNC achieves exact
or near-exact synchronization (<1 sat 30 fps) in four of six pairs (Standard) and
three of six (DTW-Norm). Failure cases are concentrated in the DV-far condition,

where the tracklet embedding space shows minimal inter-video overlap (see Figure

6.24).

6.3.3 Comparison of Visual Representations

The results described in this subsection evaluate the two visual representations anal-
ysis on the 531 annotated pairs , keeping every other component of the pipeline
unchanged. Both conditions share the same detections and the same track identities
produced by MOT-UGYV in Stage I of the framework; only the feature vectors used
to compare the tracklets differ. In the first condition, the 512-dimensional RelD
features extracted by OSNet-AIN during tracking are used. In the second condi-
tion, these features are replaced by the 768-dimensional DINOv2 [CLS] embeddings,
re-extracted from the same tracked crops.

The consolidated synchronization evaluation contains 531 video pairs from the
unified UGV-Sync dataset (Table [6.8)). The reference offset was validated through
frame-level inspection. For the MUVS-derived pairs, sensor timestamps were used
as an initial temporal anchor and subsequently compared with the validated offset.
Thus, the timestamp condition should be interpreted as a sensor-derived baseline
rather than as an independent ground truth. For the comparison between visual
representations, the same detections, tracklets, trajectory filtering, and synchro-
nization pipeline were preserved. Only the embedding representation extracted from
the tracked crops was changed, allowing a controlled comparison between identity-

oriented OSNet-AIN features and self-supervised DINOv2 features.
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Table 6.8: Consolidated synchronization error on the 531 evaluated pairs. MAE is
reported in frames and Acc@b is the percentage of estimates within five frames of

the validated offset.

Condition Estimator MAE Acc@5 (%)
Timestamp-based sensor offset — 46.2 57.1
Best match ~ 142.6 6.2
OSNet-AIN Argmax 65.3 8.5
RANSAC 125.8 7.9
Best match  128.6 9.0
DINOv2 Argmax 54.8 13.7
RANSAC 96.1 13.0

The timestamp-based baseline obtained the best aggregate result, with an MAE
of 46.2 frames and an Acc@5 of 57.1%. This indicates that, when sensor information
is available and sufficiently reliable, it remains more precise than the current visual-
only pipeline, particularly at strict tolerances. The relevance of Track-UGV-Sync
is therefore not that it uniformly surpasses timestamps, but that it can estimate
temporal alignment when timestamps, or any other sensor metadata are unavailable.

Among the visual approaches, DINOv2 consistently outperformed OSNet-AIN
under all three offset estimators. With the Argmax estimator, DINOv2 reduced the
MAE from 65.3 to 54.8 frames and increased Acc@b from 8.5% to 13.7%. Under
RANSAC, the MAE decreased from 125.8 to 96.1 frames, while Acc@5 increased
from 7.9% to 13.0%. These results support the conclusion that self-supervised se-
mantic features are more suitable than identity-oriented RelD features for the eval-
uated cross-view synchronization task.

Figure [6.25| presents the accuracy over increasing tolerance thresholds. The
sensor baseline remains clearly superior at the strictest tolerances. Nevertheless,
DINOvV2 remains above OSNet-AIN for both best-match and RANSAC estimation.
The figure also reveals a relevant estimator trade-off. The Argmax strategy produces
the lowest aggregate MAE, whereas the DINOv2-RANSAC combination becomes
progressively more competitive as the tolerance increases, reaching approximately
53% accuracy at a tolerance of 60 frames, compared with approximately 36% for

OSNet-AIN-RANSAC.
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Synchronization Accuracy vs. Tolerance Threshold
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Figure 6.25: Synchronization accuracy across tolerance thresholds. The timestamp
curve is repeated in both panels because it does not depend on the visual offset

estimator.

A per-sport breakdown analysis showed that the overall gain is not uniform

across modalities. Table[6.9] Figures[6.26] and [6.27] report the MAE and the Acc@5

per sport for the best-match strategy. The most expressive improvement is observed
in artistic gymnastics, where the MAE drops from 106.50 to 4.38 frames and the
Acc@5 increases from 12.50% to 87.50%. Tennis and volleyball also benefit strongly
from DINOv2, with the error reduced to a few frames. On the other hand, American
football and soccer remain challenging for both representations. For soccer in par-
ticular, DINOv2 does not reduce the MAE (it even increases from 89.68 to 107.12
frames), although the median error is reduced by half (from 87 to 44 frames) and
the Acc@5 slightly improves (from 12.00% to 16.00%); this behavior is consistent

with a small number of pairs producing very large errors that inflate the average.
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Table 6.9: Per-sport results on MUVY-Sync set (best-match strategy). MAE in

frames; Acc@5 in percentage. The cricket and hockey pairs are same-view trims

(see Subsection .

Sport # Pairs OSNet MAE OSNet Acc@5 DINOv2 MAE DINOv2 Acc@5
American football 13 198.23 0.00 165.23 7.69
Artistic gymnastics 8 106.50 12.50 4.38 87.50
Basketball 10 79.80 10.00 61.20 30.00
Cricket 1 4.00 100.00 0.00 100.00
Hockey 1 0.00 100.00 0.00 100.00
Soccer 25 89.68 12.00 107.12 16.00
Tennis 2 8.50 50.00 1.00 100.00
Volleyball 3 23.67 66.67 2.67 66.67
Total 63 104.14 15.87 87.03 33.33

MAE (frames)

Mean Absolute Error by Sport — Best Match Estimator
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Figure 6.26: Mean Absolute Error per sport for OSNet-AIN and DINOv2 (best-

match strategy).
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Figure 6.27: Accuracy at a 5-frame tolerance per sport for OSNet-AIN and DINOv2

(best-match strategy).
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6.3.4 Representational Analysis of the Cross-View Failure

To understand why the error concentrates in the different-camera pairs, the embed-
ding spaces of both visual representations were inspected by projecting the tracklet

features of a representative cross-view pair into two dimensions, using PCA, t-SNE

and UMAP [MclInnes et al. 2018|. In each projection, the points are colored in three

ways: by the source video, by the track identity, and by the frame index.

When the points are colored by source video, the OSNet-AIN projection tends
to separate the two videos into distinct regions of the space, that is, the features
carry information about which camera produced them rather than about what is
happening in the scene. With DINOv2, the points from the two videos are more
interleaved, which is consistent with a representation that is more invariant to the
viewpoint and that places visually similar moments close together regardless of the

camera. This is illustrated in Figure [6.28

Embedding space: camera-invariance comparison
OSNet-AIN vs DINOv2

OSNet-AIN OSNet-AIN OSNet-AIN
PCA t-SNE UMAP
L] B video 1 25 . _ a B video 1
ats = video 2 ) = video 2
3 .
0.2 20 -~
& W ¥ " - = -
0.0 ._51' " or 1—-,.;5 104 & .i»—‘
L -
L S RO
et v A sl 5 : -
-0.2 iy a\}}-‘_ . &L' <
P A » - "
-0.4 PR F -5
we s ¥ ,
- -10 ;1
20 0 20 40 60 -0 s 0 5 10 15 20 25
DINOv2 ViT-B/14 DINOv2 ViT-B/14
t-SNE UMAP
06
g s video 1 "‘. s video 1
. video2 20 1 - video 2
\ L% ° *
0.4 s 15 *
o >
i " m - ! i
] 10
0.2 -ss . 0 " = )
?, - . %’ .
g o 5 A ™
o T 3 - RN
0.0 " \ 22 At . ~ N o
L] .
| o » T o
-0.2 - Bl! s
. Sy i
h i
R 24 0w

Figure 6.28: Two-dimensional projection of the tracklet embeddings of a cross-view
pair for OSNet-AIN and DINOv2, coloured by source video. The two videos remain
more separated for OSNet-AIN and more interleaved for DINOv2.

This analysis supports the central interpretation of these results, which is that

the failure observed in the most distant cross-view condition is mainly due to the
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way the visual features are represented (i.e., representational failure) and due to the
algorithm of the proposed workflow. The synchronization procedure is the same in
both conditions and works well whenever the representation places corresponding
moments close together in the embedding space; what changes is the ability of the
representation to remain stable across large viewpoint changes.

OSNet-AIN, specialized in intra-class identity discrimination, was not built for
this, whereas DINOv2, by encoding the frame as a whole through global self-
attention, provides a more visual, semantically rich, and viewpoint-stable description
of the scene. This motivates the idea of comparing videos at the frame level using
scene-level scene signatures, that is, a semantic search over the entire frame rather
than an intra-class match between individual objects, which is identified as the main

direction for future work.

6.3.5 Comparison with VideoSync and Whole-Frame Repre-

sentations

An additional zero-shot benchmark was conducted to compare the proposed object-
centric formulation with whole-frame synchronization approaches. All conditions
were evaluated on the same 531 video pairs and against the same validated ground-
truth offsets. The comparison included CARL, the frame-level representation adopted
by [Shin and Molybog 2025|, and a complementary full-frame DINOv2 ablation. The
latter uses the same ViT-B/14 backbone adopted in Track-UGV-Sync, but extracts
one descriptor from each complete frame. In contrast, the object-centric DINOv2
condition extracts features only from frames belonging to significant tracklets. This
comparison therefore helps separate the effect of the visual backbone from the effect
of representation granularity.

For the whole-frame conditions, two non-trained offset estimators were evaluated:
independent nearest-neighbour matching, denoted as Argmax, and Dynamic Time
Warping (DTW). The trained CNN classifier originally proposed by VideoSync was
not included because its output space was learned for offsets restricted to [—30, +30]
frames [Shin and Molybog 2025|; and would require retraining on the UGV-Sync
dataset.

The overall results demonstrate a strong interaction between representation gran-
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Table 6.10: Overall comparison of object-centric and whole-frame synchronization

conditions on the 531 UGV-Sync pairs.

Representation Unit Estimator MAE | Acc@5 1 Acc@l51 Acc@30 1
DINOv2 Full frame DTW 36.39 49.72 65.54 73.82
VideoSync-CARL  Full frame DTW 36.84 44.82 63.28 73.82
Timestamp Metadata Direct 46.16 57.06 63.28 66.10
DINOv2 Significant tracklets Argmax 54.80 13.75 29.76 46.52
VideoSync-CARL  Full frame Argmax 63.02 20.15 41.24 53.86
OSNet-AIN Significant tracklets Argmax 65.33 8.47 22.03 38.61
DINOv2 Full frame Argmax 100.57 5.27 12.24 25.05

ularity and temporal alignment. Whole-frame DINOv2 with independent Argmax
matching achieved an MAE of 100.57 frames, whereas applying DTW to the same
embeddings reduced the MAE to 36.39 frames and increased Acc@5 from 5.27% to
49.72%. CARL exhibited the same tendency, with its MAE decreasing from 63.02 to
36.84 frames when Argmax was replaced by DTW. Consequently, the improvement
cannot be attributed to whole-frame representations alone. Explicitly enforcing an
ordered temporal path was essential to transform frame-level visual similarities into
reliable offset estimates.

The whole-frame DTW conditions achieved the best aggregate visual results.
However, this result must be interpreted together with the distribution of the view-
point classes. The benchmark contains 402 DV-far pairs, 106 DV-near pairs, and
only 23 same-view pairs. Therefore, the aggregate result is largely determined by

the DV-far condition.

Table 6.11: Best-performing visual conditions by viewpoint class.

View class Representation Estimator MAE | Acc@5 1 Acc@30 T
DV-far VideoSync-CARL full frame DTW 32.51 50.75 75.62
DV-far DINOv2 full frame DTW 33.67 53.73 75.37
DV-near DINOv2 full frame DTW 35.97 37.74 71.70
DV-near DINOvV2 significant tracklets Argmax 39.33 18.87 54.72
SV DINOvV2 significant tracklets RANSAC 14.78 60.87 86.96

For DV-far pairs, CARL-DTW achieved the lowest MAE, while full-frame DINOv2-
DTW obtained the highest strict-tolerance accuracy. These results indicate that
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global scene information becomes particularly important when individual objects
undergo substantial changes in scale, pose, resolution, and background across cam-
eras. Whole-frame descriptors retain the collective configuration of the players, field
or court geometry, camera motion, and the global progression of the sporting action,
which may remain informative even when direct object correspondence is unreliable.

For DV-near pairs, the difference between full-frame and object-centric DINOv2
was smaller. Full-frame DINOv2-DTW achieved an MAE of 35.97 frames, whereas
object-centric DINOv2 reached 39.33 frames. This suggests that significant track-
lets still retain useful correspondence information when viewpoint differences are
moderate, although global context and DTW improve the proportion of predictions
within strict tolerances.

The same-view condition exhibited the opposite behavior. Object-centric DI-
NOv2 combined with RANSAC achieved an MAE of 14.78 frames and an Acc@5
of 60.87%, substantially outperforming all whole-frame conditions. In this scenario,
tracked objects remain visually comparable across videos, and removing background
information reduces ambiguous scene-level matches. The higher RANSAC inlier ra-
tio observed for same-view pairs also indicates that a dominant set of temporally
consistent object correspondences is available. Under large viewpoint differences,
this inlier set becomes sparse, preventing RANSAC from recovering a correct offset
when most candidate matches are already visually inconsistent.

These findings show that neither representation granularity is universally supe-
rior. Object-centric tracklet representations are particularly effective when object
appearance remains comparable, while whole-frame representations combined with
explicit temporal alignment are more robust under large cross-view differences. This
motivates a hybrid formulation in which scene-level D'TW provides a global tempo-
ral hypothesis and significant tracklets are subsequently used to validate or refine
the estimated offset.

Beyond the quantitative comparison above, a qualitative pattern is consistent.
Pairs recorded at approximately the same elevation as the players (i.e., from the
stands or sideline, at a height close to the action itself), consistently yield offsets
closer to the validated ground truth. Figure [6.29|shows a representative example: a

pair recorded from the height of the spectator, where tracked subjects remain large,
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well separated, and visually distinct between both views.

Figure 6.29: Example of a DV-Far UGV pair recorded at the same elevation as the
players (field-level), shown in the UGV-Sync Studio. The bottom panel reports the
per-pair metrics (ground-truth offset=9 and the OSNet-AIN / DINOv2 estimates

under each estimator).

Conversely, Figure[6.30|illustrates an example when a camera is positioned above
the field, at an angle that looks down onto the scene, the framework has more
difficulty distinguishing individual subjects, especially when those subjects share
the same visual appearance (e.g., players wearing the same team uniform). This is
consistent with the representational limitation already identified in this work, which
is regarding the embeddings used for matching being sensitive to appearance, and
a steep, elevated viewpoint reduces the amount of distinctive visual information
available per subject, independently of which embedding (OSNet-AIN or DINOv2)

is used.
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Figure 6.30: Example of a DV-Far UGV pair recorded at an angle that looks down
onto the scene (high-level), shown in the UGV-Sync Studio.

6.3.6 Search Space Reduction

The formal analysis of computational efficiency presented in Proposition 1 (Section
3.1.2) predicted a significant reduction in the search space by operating at the track-
let level rather than the frame level. Here, we provide empirical validation of this
theoretical claim. Table[6.12] quantifies the reduction achieved by the tracklet-based
formulation on the MUVY evaluation set (63 pairs).

Table reports the mean and median number of frames per video, raw and
significant tracklets, and the resulting candidate reduction factors. F'is the number
of frames per video. T, and Ty, are the number of tracklets per video before
and after the significance filter (> 20 frames). The candidate reduction factor is
p = (F1 x Fy)/(Ty xT3), i.e. how many fewer pair hypotheses Stage II enumerates
with respect to a frame-exhaustive search. Wall-clock speed-up is measured on a

subset of 12 timed pairs.
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Table 6.12: Empirical search-space reduction of the tracklet-based formulation on

the MUVY evaluation set.

Quantity Mean Median
Frames per video, F 390.9 361.5
Tracklets per video, Traw 32.6 20.5
Significant tracklets, Ty, 14.4 11.0
Candidate reduction pray (X) 691.6 352.3
Candidate reduction pgg (X) 5702.5 1843.0
Wall-clock speed-up, Standard (x) 93.4 90.5
Wall-clock speed-up, DTW-Norm (x) 39.4 1.7

The results in Table empirically validate Proposition 1. Replacing the ex-
haustive frame-pair search (F} x Fy) with a tracklet-correspondence search (7} x T5)
reduces the number of candidate hypotheses by a median factor of approximately
352x (raw tracklets) and 1843x when only significant tracklets are retained. This
reduction translates directly into computational savings: in wall-clock terms, the de-
ployed Standard variant runs approximately 90x faster than the frame-exhaustive
baseline on the timed subset.

The computational gain comes from candidate reduction, vectorization, and
class/length filtering. However, the total number of elementary feature compar-
isons is not itself reduced, since each tracklet still spans several frames. The key

insight is that the search
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Conclusions

This work presented Track-UGV-Sync, a vision-based framework for the tempo-
ral synchronization of multi-view sports user-generated videos using visual rep-
resentations extracted from tracked objects. Its main scientific contribution lies
in investigating synchronization under uncontrolled recording conditions that ap-
proximate real-world use: independently operated handheld cameras, heterogeneous
viewpoints, occlusions, camera motion, scale variation, repeated uniforms, and the
absence of shared timestamps (sensor metadata). Although previous visual synchro-
nization methods have demonstrated promising results in controlled, synthetic, or
rigorously preprocessed scenarios, these conditions are not jointly addressed in the
literature together with object-centered tracklets, explicit viewpoint analysis, and
real sports UGVs.

The consolidated evaluation on 531 video pairs showed that visual-only synchro-
nization is feasible, although its effectiveness depends strongly on both the visual
representation and the recording condition. Among the object-centered approaches,
DINOvV2 consistently outperformed the identity-oriented OSNet-AIN embeddings.
Using the Argmax estimator, DINOv2 reduced the MAE from 65.3 to 54.8 frames
and increased Acc@b5 from 8.5% to 13.7%. This result indicates that self-supervised
semantic representations are more suitable than RelD features for finding temporal
correspondences across different cameras. The MOT-UGV preprocessing stage also
improved the main tracking metrics over the original YOLOv7-StrongSORT base-
line on MOT20, increasing HOTA from 9.09 to 33.25, IDF1 from 6.23 to 43.79, and
MOTA from 8.58 to 32.46. Nevertheless, the direct relationship between tracking

133
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quality and synchronization error remains to be investigated.

The comparison with whole-frame approaches provided a more nuanced an-
swer regarding representation granularity. Full-frame DINOv2 combined with DTW
achieved the best overall visual result, with an MAE of 36.39 frames and an Acc@5
of 49.72%, closely followed by VideoSync-CARL with DTW. These results show
that global scene information and explicit temporal sequence alignment are partic-
ularly important in far cross-view conditions, where direct object correspondence
becomes unreliable. Conversely, object-centered DINOv2 with RANSAC achieved
the best result in the same-view condition, reaching an MAE of 14.78 frames and
an Acc@5 of 60.87%. Therefore, neither global nor local representations are univer-
sally superior: global features are more robust to large viewpoint changes, whereas
significant tracklets provide more discriminative evidence when object appearance
remains comparable. In addition, the tracklet-based formulation reduces the num-
ber of candidate offset hypotheses by restricting the search to frames belonging to
significant trajectories, rather than exhaustively comparing every frame of one video
with every frame of the other.

These findings define the practical operating range of the proposed framework.
Track-UGV-Sync is most effective when the videos preserve sufficient visual cor-
respondence between tracked objects, while its performance degrades under large
angular differences, severe scale changes, partial visibility, elevated cameras, and
scenes containing visually similar players. The results also show that a larger num-
ber of matched tracklet pairs does not necessarily imply a lower synchronization
error. The quality and temporal discriminability of the correspondences are more
important than their quantity. Although sensor timestamps obtained the best strict-
tolerance accuracy when available, the relevance of the proposed framework is that
it remains applicable when such metadata are missing or unreliable.

Regarding the data used to evaluate these results, they were selected from the
three new UGV-based datasets (i.e., UVY, MUVY, and MUVS) developed in collab-
oration with the ALGOX research group. UVY, the first of these, contributed to the
selection, adaptation, and evaluation of the MOT-UGV. The other two served as a
source for validating and testing the synchronization experiments and the multi-view

analysis, since they contain multiple videos recorded at the same event. UVY and
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MUVY contains videos selected exclusively from YouTube, while MUVS consists
of videos recorded by the authors of the dataset, with the differential of collecting
metadata (sensor data) during the recording process, which includes the timestamp

information. The contribution of these datasets was reinforced by their acceptance

in the literature (see Table [7.1]).

7.1 Future Works

Limitation: The framework currently operates only on video pairs and assumes
that the two input videos contain at least one temporal overlap of the same event.
It was not evaluated in cases where no common scene exists, and therefore it does
not yet include a mechanism for rejecting non-overlapping pairs. The benchmark
also contains several pairs derived from the same events and camera sequences,
which reduces the effective number of independent observations. Furthermore, the
distribution of viewpoint classes is unbalanced, and the relationship between track-
ing errors, track fragmentation, and downstream synchronization accuracy was not
isolated through a controlled ablation.

Future work will prioritize an adaptive synchronization architecture that first
estimates the visual complexity and viewpoint relationship of each input pair. This
preliminary stage could classify the pair as same-view, near cross-view, far cross-
view, or potentially non-overlapping, and then select the most appropriate synchro-
nization strategy. Based on the results obtained here, a promising direction is a
coarse-to-fine ensemble in which full-frame semantic features and DTW first gen-
erate a restricted interval of plausible offsets, while significant object tracklets are
subsequently used to validate and refine the final estimate. Such a formulation would
combine the cross-view robustness of global scene representations with the temporal
precision and reduced hypothesis space of local object-centered features. Additional
directions include detecting the absence of temporal overlap, extending pairwise syn-
chronization to multiple cameras, evaluating the framework on independent events,

and quantitatively relating MOT quality to synchronization performance.
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7.2 Publications, Datasets, and Tools

Most of the results of this dissertation were consolidated through publications,
dataset articles, and supporting tools derived from this research. This section
summarizes the publications and research outputs derived from this dissertation.
The contributions include journal articles, conference papers, public datasets, and
open-source software developed throughout the research. Table summarizes the
publications and submissions resulting from this work. The venue classification and

impact indicators correspond to the information available atE| the time of submission.

Table 7.1: Publications and submissions derived from this dissertation.

Group

Title, reference, and contribution

Venue / Journal and status

Qualis /
Impact

Computer vision

application

Comparative Analysis of Deep Learning-Based Multi-Object Tracking
Approaches Applied to Sports User-Generated Videos [Alencar et al. 2025].
Contribution: Provides a comparative analysis of deep learning-based MOT approaches
applied to sports UGVs, supporting the selection and design of the tracking stage adopted

in this dissertation.

International Conference on
Computer Vision Theory and
Applications (VISAPP), 2025.
Published and presented in

Porto, Portugal.

Qualis A2

Computer vision

application

MOT-UGV: A Deep Learning-Based MOT Approach Applied to Sports
UGVs |Alencar and de Freitas 2025].

Contribution: Presents MOT-UGV, the adapted approach for detecting and tracking
relevant objects in sports UGVs, which constitutes Stage I of Track-UGV-Sync.

International Conference on
Soft Computing and Machine
Intelligence (ISCMI), 2025.
Published and presented in Rio

de Janeiro, Brazil.

IF 3.9 (2024)
CiteScore 12.1
Scopus Q1

Computer vision Track-UGV-SYNC: A Framework for Synchronizing Sports UGVs Using MOT | International Conference on Qualis A2
application Features [Alencar and de Freitas 2026a/. Computer Vision Theory and
Contribution: Introduces the first version of Track-UGV-Sync, using visual features Applications (VISAPP), 2026.
extracted by MOT to estimate the temporal offset between pairs of sports UGVs. Published and presented
remotely.
Dataset Exploring Multi-Camera Views from User-Generated Sports Videos |Pessoa Symposium on Knowledge Qualis B2
ct al. 2024]. Discovery, Mining and Learning
Contribution: Investigates the characteristics of multi-camera and multi-view sports (KDMiLe), 2024.
UGVs and supports the construction and organization of the datasets used throughout this | Published and presented in
dissertation. Belém, Paré, Brazil.
Dataset MUVY: A Multi-View User-Generated Sports Video Dataset |[Pessoa et al. Data in Brief, 2026. Qualis A3
2026a. Published in July 2026.
Contribution: Describes MUVY, a collection of multi-view sports UGVs that provided Associated dataset DOIL:
the basis for the manually annotated synchronization evaluation pairs used in this https://doi.org/10.5281/
dissertation. zenodo. 13883315
Dataset MUVS: A Dataset of Multi-View User-Generated Sports Videos and Sensor Submitted in June 2026 to Data Qualis A3
Data. in Brief.
Contribution: Describes MUVS, which combines multi-view sports UGVs with Associated dataset DOIL:
smartphone sensor data and provides timestamp-based temporal references used in the https://doi.org/10.5281/
construction and validation of UGV-Sync. zenodo . 20708683
Dataset UVY: A Dataset of Sport UGVs from YouTube for Multi-Object Tracking Submitted in July 2026 to Data Qualis A3

Evaluation.
Contribution: Describes UVY, a sports UGV dataset designed to support the
development and evaluation of multi-object tracking approaches under uncontrolled

recording conditions.

in Brief.

Associated dataset DOI:
https://doi.org/10.5281/
zenodo. 21303900

Thttps://sucupira.capes.gov.br /avaliacao-quadrienal /qualis-eventos
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7.2.1 UGV-Sync Studio: Open-source software

As a practical contribution, this work also introduces the UGV-sync Studio, a
visual inspection and annotation tool created to support the analysis of video syn-
chronization results. The tool allows video pairs to be displayed side by side, together
with their estimated or annotated offset, making it possible to visually inspect the
behavior of the proposed framework pipeline (Figure . In addition, it supports
the validation and refinement of ground-truth offsets through frame-by-frame inspec-
tion, helping to ensure the reliability of the annotated synchronization benchmark

used in the experiments.

UBV.SYNC STUDID @

Figure 7.1: UGV-Sync Studio interface for side-by-side inspection across multi-

sports scenarios, offset refinement, and comparison of sync metrics.

The source code, experimental configurations, and public datasets associated
with this dissertation will be available through the https://github.com/eltonalencar90/

track-ugv-sync.git.


https://github.com/eltonalencar90/track-ugv-sync.git
https://github.com/eltonalencar90/track-ugv-sync.git
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