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Resumo

Silva, Paulo Vitor. Direcionamento Automatico da Atencao em Videos de
Realidade Virtual. Goiania, 2026. 59p. Dissertacao de Mestrado. Programa de
P6s-Graduagdo em Ciéncia da Computagdo (PPGCC), Instituto de Informdtica
(INF), Universidade Federal de Goids (UFQG).

A natureza omnidirecional dos videos em Realidade Virtual (RV) 360° proporciona aos
usudrios uma experiéncia altamente imersiva, mas também cria desafios relacionados a
atencdo e a orientacdo, uma vez que elementos importantes da cena podem passar des-
percebidos. Esta dissertacao investiga mecanismos automatizados de direcionamento de
atengcdo em videos imersivos de RV 360° por meio da integragdo de Processamento de
Linguagem Natural, Visdo Computacional e efeitos visuais adaptativos. A pesquisa €
composta por trés estudos interconectados. O primeiro explora o uso de roteiros em lin-
guagem natural, detec¢io de objetos e segmentacao para o direcionamento automatizado
da atencdo. O segundo introduz o Focus360, uma arquitetura que combina interpretacdo
de roteiros, detec¢do de objetos, rastreamento de objetos e efeitos visuais para aumen-
tar a robustez do direcionamento de atencdo. O terceiro avalia diferentes arquiteturas de
deteccao e rastreamento de objetos utilizando métricas quantitativas e avaliacdes quali-
tativas. Os resultados demonstram a viabilidade de converter descricoes em linguagem
natural em pistas visuais de aten¢do e evidenciam o potencial da combinacao de técnicas
de visdo computacional e efeitos visuais adaptativos para apoiar a orientagdao dos usudrios
em ambientes imersivos. Esta dissertacdo contribui para o desenvolvimento de sistemas

inteligentes de direcionamento de atencdo para experiéncias em RV 360°.

Palavras—chave
Videos 360°, Realidade Virtual, Orientacdo de Atencao, Aprendizado Profundo.



Abstract

Silva, Paulo Vitor. Automated Attention Guidance in Virtual Reality Videos.
Goiania, 2026. 59p. MSc. Dissertation. Programa de P6s-Graduagdo em Ciéncia
da Computacdo (PPGCC), Instituto de Informatica (INF), Universidade Federal
de Goias (UFG).

The omnidirectional nature of 360° Virtual Reality (VR) videos offers users a highly im-
mersive experience but also creates challenges related to attention and orientation, as im-
portant scene elements may be overlooked. This dissertation investigates automated atten-
tion guidance in immersive 360° VR videos through the integration of Natural Language
Processing, Computer Vision, and adaptive visual effects. The research comprises three
interconnected studies. The first explores the use of natural language video roadmaps, ob-
ject detection, and segmentation for automated attention guidance. The second introduces
Focus360, an architecture that combines roadmap interpretation, object detection, object
tracking, and visual effects to improve guidance robustness. The third evaluates different
object detection and tracking architectures using quantitative metrics and qualitative as-
sessments. The results demonstrate the feasibility of converting natural language descrip-
tions into visual attention cues and highlight the potential of combining computer vision
techniques and adaptive visual effects to support user orientation in immersive environ-
ments. This dissertation contributes to the development of intelligent attention guidance

systems for 360° VR experiences.

Keywords
360° Videos, Virtual Reality, Attention Guidance, Deep Learning.
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CHAPTER 1

Introduction

The rapid evolution of Virtual Reality (VR) technologies has transformed how
users interact with digital content, enabling increasingly immersive experiences across
domains such as entertainment, education and tourism [10, 17, 4]. Among the differ-
ent forms of immersive media, 360° videos have become one of the most accessible and
widespread formats, allowing users to freely explore virtual environments through omni-
directional visual content. Unlike traditional videos, where the camera framing explicitly
controls the viewer’s focus, 360° VR videos provide complete freedom of observation,
creating a stronger sense of presence and immersion.

Although this freedom is one of the main advantages of immersive media, it
also introduces a significant challenge. Since users can freely direct their gaze toward
any region of the environment, they may fail to observe elements that are relevant to the
narrative, educational content, or intended experience. As a consequence, important infor-
mation may be overlooked, narrative continuity may be disrupted, and the effectiveness
of the immersive experience may be reduced [2, 11]. This challenge has motivated exten-
sive research on attention guidance mechanisms capable of directing users toward specific
regions of interest while preserving immersion.

Several techniques have been proposed to guide attention in immersive environ-
ments. Existing approaches commonly employ visual cues such as arrows, blur effects,
color manipulation, darkening effects, and other visual stimuli designed to attract the
user’s focus toward specific targets [19, 3, 20]. Although these techniques have demon-
strated promising results, they are often manually designed and require content creators to
explicitly define both the regions of interest and the mechanisms used to attract attention.
As the production of immersive content continues to grow, the development of automated
attention guidance systems becomes increasingly important to reduce authoring effort and
enable scalable solutions.

Recent advances in Artificial Intelligence have created new opportunities for
addressing this problem. Open-vocabulary object detection models are capable of locating
objects based on natural language descriptions, segmentation and tracking models can

maintain object localization throughout video sequences, and Large Language Models
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(LLMs) can interpret textual instructions and transform them into structured information.
The integration of these technologies enables the development of intelligent systems
capable of automatically identifying relevant elements within immersive scenes and
dynamically guiding users’ attention toward them.

Despite these advances, several challenges remain open. First, attention guidance
systems must be capable of understanding high-level descriptions of the content and
converting them into actionable representations. Second, objects described in natural
language must be accurately detected and reliably tracked throughout the video. Third,
attention guidance mechanisms must remain effective even when users are looking in
directions opposite to the intended target. Finally, the relative effectiveness of different
object detection and tracking architectures for automated attention guidance in immersive
environments remains largely unexplored.

This dissertation investigates the problem of automated attention guidance in
360° Virtual Reality videos through the integration of Natural Language Processing, Com-
puter Vision, and adaptive visual effects. The central hypothesis of this work is that the
combination of natural language understanding, open-vocabulary object detection, object
tracking, and adaptive visual effects can provide an effective mechanism for automatically
directing users’ attention toward relevant elements in immersive environments.

The general objective of this dissertation is to investigate and develop auto-
mated attention guidance mechanisms for immersive 360° Virtual Reality videos.

To achieve this objective, the following specific objectives are defined:

* Transform natural language descriptions of video roadmaps into structured repre-
sentations of regions of interest;

* Automatically identify target objects in immersive scenes using open-vocabulary
object detection techniques;

* Track relevant objects throughout video sequences using segmentation-based track-
ing approaches;

* Develop visual attention guidance mechanisms capable of directing user focus
without compromising immersion;

* Evaluate different object detection architectures for automated attention guidance
tasks;

» Evaluate different object tracking architectures and analyze their suitability for
immersive environments;

* Investigate the effectiveness of integrating these components into a complete auto-

mated attention guidance pipeline.

To address these objectives, this dissertation is organized around three intercon-

nected studies that progressively investigate different aspects of the proposed problem.
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The first study explores the feasibility of automatically guiding user attention
through the integration of video scripts and deep learning models [16]. The proposed
approach employs Grounding DINO [9] for object detection and Segment Anything
Model (SAM) [13] for object segmentation, using a vignette effect to highlight target
elements described in a predefined script. This initial investigation demonstrates the
viability of combining natural language descriptions with computer vision techniques to
automatically identify and emphasize relevant objects in immersive environments.

The second study builds upon the limitations identified in the first investigation.
In particular, it addresses scenarios in which users are significantly disoriented or looking
in directions opposite to the intended target. To overcome these limitations, a more
comprehensive attention guidance system named Focus360 is proposed [14]. The new
architecture incorporates Llama 3 [5] for prompt processing, SAM 2 [13] for object
tracking, and a combination of visual effects including Blur, Fade to Gray, Radial
Darkening, and Halo Darkening. This evolution results in a more robust and adaptable
mechanism for directing user attention under challenging viewing conditions.

The third study investigates the computational vision components responsible
for object detection and tracking [15]. While the previous studies relied on specific
models, the impact of alternative architectures remained largely unexplored. Therefore,
this work performs a systematic evaluation of multiple object detection and object
tracking models within the proposed attention guidance pipeline. The analysis combines
quantitative metrics and qualitative assessments conducted through a Multimodal Large
Language Model acting as a judge, enabling the identification of the most effective model
combinations for immersive attention guidance applications.

Together, these three studies provide a comprehensive investigation of automated
attention guidance mechanisms for immersive VR videos. The research progresses from
an initial proof-of-concept implementation to the development of a complete attention
guidance system and culminates in a systematic comparative evaluation of its core com-
putational vision components. By integrating advances in Natural Language Processing,
Computer Vision, and immersive media technologies, this dissertation contributes to the
development of intelligent systems capable of improving user engagement, comprehen-
sion, and narrative coherence in immersive virtual environments.

Dissertation structure:

* Chapter 2: Related Works presents the theoretical background and related litera-
ture concerning attention guidance in virtual reality environments, open-vocabulary
object detection, and object tracking techniques.

* Chapter 3: Attention Guidance through Video Script: A Case Study of Object
Focusing on 360° VR Video Tours presents the first study conducted in this re-

search. This work investigates the feasibility of automatically guiding user attention
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through the integration of video scripts, object detection, and object segmentation
techniques. The study was published as a short paper in SVR °24: Proceedings of the
26th Symposium on Virtual and Augmented Reality (SVR 2024) and was awarded
best paper in the short paper category.

Chapter 4: Focus360: Guiding User Attention in Immersive Videos for VR
presents the second study developed in this dissertation. Building upon the limi-
tations identified in the previous investigation, this work introduces a more com-
prehensive attention guidance system based on object tracking and multiple visual
effects. This work was published as a demonstration in the 2025 IEEE Conference
on Virtual Reality and 3D User Interfaces Abstracts and Workshops (VRW) (IEEE
VR 2025).

Chapter 5: Automated Attention Guidance in Virtual Reality Videos presents
the third study conducted in this research. This work performs a systematic evalu-
ation of multiple object detection and object tracking architectures within the pro-
posed attention guidance pipeline, identifying the most effective combinations for
immersive virtual reality environments. This work was published as a full paper in
SVR °25: Proceedings of the 27th Symposium on Virtual and Augmented Reality
(SVR 2025).

Chapter 6: Conclusion and Future Work summarizes the main findings obtained
throughout the three studies, discusses the overall contributions of this dissertation,

highlights its limitations, and presents directions for future research.



CHAPTER 2

Related Works

2.1 Attention Guidance in Virtual Reality

Attention guidance refers to the process of directing a user’s focus toward
relevant elements within a visual scene. In immersive Virtual Reality (VR) environments,
this task becomes particularly challenging due to the omnidirectional nature of the
experience, which allows users to freely explore the surrounding environment. While this
freedom contributes to a stronger sense of presence and immersion, it also increases the
likelihood that users may overlook important narrative elements, educational content, or
points of interest [2, 11].

Several studies have investigated mechanisms for guiding user attention in im-
mersive environments through the use of visual cues. Wallgriin et al. [19] evaluated three
different guidance mechanisms, namely arrows, butterflies, and radar indicators, in educa-
tional VR tours. Their results demonstrated that all guidance mechanisms improved user
performance compared to scenarios without guidance, with arrow-based cues achieving
the highest user preference.

Danieau et al. [3] investigated the effectiveness of different visual effects for di-
recting user attention in 360° videos, including fade-to-black, blur, desaturation and defor-
mation, as shown in Figure 2.1. Their study showed that gradual visual modifications can
successfully attract user attention, although directing users toward regions outside their
current field of view remains challenging. Similarly, Woodworth et al. [20] conducted a
comprehensive evaluation of nine visual guidance and restoration cues, analyzing their
effectiveness in both directing attention and recovering user focus after distraction events.

Hillaire et al. [6] proposed the use of depth-of-field effects and camera motion
adaptations inspired by human visual perception. Their results indicated that dynamically
adapting visual effects according to the user’s focus point can improve the overall
immersive experience.

Although these approaches have demonstrated promising results, most of them
rely on manually defined regions of interest and handcrafted guidance strategies. Con-

sequently, their applicability becomes limited when dealing with large volumes of im-
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Figure 2.1: The four effects proposed by Danieau et al. to guide the attention to the
explosion. a) fade-to-black, b) blur, c) desaturation and d) deformation.

mersive content, motivating the development of automated attention guidance systems

capable of identifying relevant elements without human intervention.

2.2 Open-Vocabulary Object Detection

The automation of attention guidance requires the capability to identify objects
of interest based on high-level semantic descriptions. Traditional object detection models
are constrained to predefined categories learned during training, limiting their applicabil-
ity in dynamic environments where the target objects may vary according to the content
and user objectives.

Recent advances in open-vocabulary object detection have addressed this limi-
tation by enabling object localization through natural language descriptions. Among the
most influential approaches is Grounding DINO [9], which extends the DINO object de-
tector through the integration of visual and textual representations. The model employs
a feature enhancement module, language-guided query selection, and a cross-modality
decoder to align image regions with arbitrary textual descriptions as illustrated in Figure.
2.2. Due to its strong zero-shot performance, Grounding DINO has become one of the
most widely adopted models for phrase grounding and text-guided object detection.

Another important approach is OWLv2 [12], which adopts a data-centric strategy
based on large-scale multimodal pretraining. Built upon the CLIP architecture, OWLv2
supports both text-guided and image-guided object detection through a shared multimodal
embedding space. Its self-training strategy enables improved generalization to unseen

categories, making it particularly suitable for open-world scenarios.
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Figure 2.2: Grounding DINO Architecture, extracted from [9].

More recently, Cheng et al. [1] proposed YOLO-World, an extension of the
YOLO architecture designed for open-vocabulary object detection. By incorporating
vision-language representations through the RepVL-PAN module, YOLO-World com-
bines the flexibility of text-guided detection with the efficiency traditionally associated
with YOLO-based models, enabling real-time performance while maintaining competi-
tive detection accuracy.

These developments have significantly expanded the applicability of object
detection systems, making it possible to identify arbitrary objects described through

natural language, a fundamental requirement for automated attention guidance pipelines.

2.3 Object Tracking and Video Segmentation

After identifying the target object, attention guidance systems must maintain its
localization throughout the video sequence. This requirement makes object tracking and
video segmentation fundamental components of automated attention guidance systems.

The Segment Anything Model (SAM) proposed by Kirillov et al. [8] represented
a major advance in image segmentation by introducing a foundation model capable
of segmenting arbitrary objects through prompts such as points, masks, and bounding

boxes. Trained on a large-scale dataset containing billions of segmentation masks, SAM
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demonstrated remarkable generalization capabilities and established a new paradigm for
prompt-based segmentation.

Building upon SAM, Ravi et al. [13] introduced SAM 2, extending the original
framework to support video processing and object tracking. Through the incorporation
of memory mechanisms and temporal attention modules, SAM 2 enables the propagation
of object masks across video frames while preserving segmentation quality. The overall
architecture of SAM 2 is illustrated in Fig. 2.3.

=4
\ 3 v _, memory —  mask decoder
i\ \Lg; encoder attention 4 + 4
TSP prompt encoder
+ t +

mask points box

Figure 2.3: SAM 2 architecture, extracted from [13].

memory _ memory
encoder bank

Several extensions have been proposed to improve specific aspects of SAM-
based tracking. HQ-SAM 2 extends the original architecture by introducing mechanisms
designed to generate higher-quality segmentation masks and finer object boundaries [7].
EfficientTAM [21] focuses on reducing computational complexity, enabling efficient
object tracking while maintaining competitive performance. DAM4SAM [18] introduces
memory management strategies aimed at improving robustness in challenging scenarios
involving distractors and long-term tracking.

Together, these approaches provide a diverse set of alternatives for object track-
ing and video segmentation, each offering different trade-offs between segmentation qual-
ity, tracking robustness, and computational efficiency.

2.4 Research Gap and Motivation

The literature demonstrates significant advances in both attention guidance
mechanisms and computer vision techniques for object detection and tracking. Existing
studies have shown that visual cues can effectively direct user attention in immersive
environments, while recent developments in Artificial Intelligence have enabled robust
open-vocabulary object detection and video object tracking.

However, most attention guidance approaches still rely on manually specified
regions of interest and handcrafted authoring processes. Conversely, research on object
detection and tracking has largely focused on visual understanding tasks without explicitly

addressing the problem of attention guidance in immersive environments.
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Furthermore, despite the availability of multiple open-vocabulary detection and
tracking architectures, their suitability for automated attention guidance in 360° VR
videos remains largely unexplored. In particular, there is a lack of studies investigating
how natural language descriptions can be transformed into complete attention guidance
pipelines capable of automatically identifying, tracking, and highlighting relevant objects
throughout immersive experiences.

To address these limitations, this dissertation investigates the integration of
Natural Language Processing, open-vocabulary object detection, object tracking, and
adaptive visual effects into automated attention guidance systems for immersive 360° VR
videos. The following chapters present three interconnected studies that progressively

explore, refine, and evaluate different aspects of this problem.



CHAPTER 3
Study I: Attention Guidance through Video
Script: A Case Study of Object Focusing on 360°
VR Video Tours (SVR 2024)

This chapter presents the first study conducted within this dissertation, originally
published as a short paper in the 26th Symposium on Virtual and Augmented Reality
(SVR 2024), where it received the Best Short Paper Award. The goal of this study
was to investigate the feasibility of automatically guiding user attention in immersive
360° Virtual Reality videos through the integration of natural language descriptions and
computer vision techniques.

As discussed in Chapter 2, existing attention guidance approaches typically rely
on manually specified regions of interest and handcrafted guidance mechanisms. While
effective, these approaches require content creators to explicitly define both the target
elements and the visual cues used to attract user attention. The increasing availability of
large-scale vision-language models creates new opportunities for automating this process.

The central hypothesis investigated in this study is that textual descriptions of a
video’s narrative can be used to automatically identify relevant objects within immersive
scenes and subsequently guide user attention toward them. To evaluate this hypothesis,
an attention guidance pipeline was developed by combining an open-vocabulary object
detector with an object segmentation model and a visual highlighting mechanism.

This study constitutes the first step toward the development of automated atten-
tion guidance systems for immersive environments. Rather than focusing on the compari-
son of different architectures, the objective was to demonstrate the viability of integrating
natural language descriptions, object detection, and object segmentation into a unified
pipeline capable of directing user attention to relevant regions of interest.

The following sections describe the proposed methodology, experimental setup,
obtained results, and the limitations identified during this initial investigation, which

motivated the developments presented in the subsequent studies.
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3.1 Material and Methods

3.1.1 Case Study

To evaluate the proposed approach, a 360° video tour of the University of
Reading campus was selected as a case study. The video contains both indoor and outdoor
environments and allows users to freely explore the scene while being transported through
different locations on campus, as shown in Figure 3.1. Throughout the tour, there might

be more than one region of interest that the user’s attention should be directed.

Figure 3.1: Examples of different environments present in the 360° virtual tour used in
this study.

The proposed pipeline uses these textual descriptions as guidance information
to automatically identify and highlight the corresponding objects within the immersive

scene.

3.1.2 Attention Guidance Pipeline

The proposed attention guidance pipeline establishes a connection between the
narrative content of the video and the visual elements present in the scene. Instead of
manually defining regions of interest, the system uses textual descriptions extracted from
the video roadmap to automatically identify relevant objects and generate visual cues that
attract the user’s attention.

The workflow consists of three main stages. First, a textual description associated

with a specific moment of the video is provided as input together with the corresponding
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video frame. Next, an open-vocabulary object detection model locates the object refer-
enced in the description. Finally, the detected object is segmented and a visual highlight-
ing effect is applied to emphasize the target region within the immersive environment.

Figure 3.2 illustrates the complete workflow adopted in this study.

input frame t

scriptat moment t

...Look at the professor...

v

Object Detection

4

Object Segmentation

Vignette Applying

Figure 3.2: Overview of the proposed attention guidance pipeline.

Given a textual description extracted from the roadmap, the object detector iden-
tifies the most relevant region within the scene. The resulting bounding box is subse-
quently used as a prompt for the segmentation model. Finally, the generated segmentation
mask is used to apply a visual highlighting effect that directs the user’s attention toward

the target object.

3.1.3 Object Detection

The object detection stage is responsible for locating the object described in the
roadmap within the current video frame. This study employs Grounding DINO as the
detection model. As discussed in Chapter 2, Grounding DINO is an open-vocabulary ob-

ject detector capable of localizing arbitrary objects through natural language descriptions.
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This capability makes it particularly suitable for attention guidance applications, where
the target objects vary according to the narrative context.

For each frame, the textual description and image are provided as input to the
model. The bounding box associated with the highest-confidence prediction is selected as

the target region of interest and forwarded to the segmentation stage.

3.1.4 Object Segmentation

After object localization, the selected bounding box is used as a prompt for
object segmentation. The Segment Anything Model (SAM) is employed to generate a
pixel-level representation of the detected object. SAM receives both the image and the
bounding box coordinates returned by Grounding DINO and produces a segmentation
mask corresponding to the target object. The resulting mask provides a more accurate
representation of the region of interest than a simple bounding box and enables the

application of localized visual effects.

3.1.5 Vignette Applying

The final stage of the pipeline consists of applying a visual effect that directs
the user’s attention toward the segmented object. A vignette effect was selected due to its
simplicity and low visual intrusiveness. The effect darkens regions outside the segmented
area while preserving the visibility of the target object. By reducing the visual saliency of
the surrounding environment, the vignette effect encourages users to focus on the region

indicated by the roadmap.

3.2 Results

Object detection using Grounding Dino was made using zero-shot with a box-
threshold equals 0.3 and text-threshold equals 0.25, as recommended by the authors.
Although the model may return different bounding boxes, only the one with the highest
confidence is considered. It was used the checkpoint ViT-H of the SAM model for object
segmentation and the zero shot approach was followed.

On Figures 3.3 and 3.4 are shown two moments (1 and 2) from scenes at Reading
University, presenting the cafe-lounge and the museum, respectively. According to the
video script, at moment (1) in Figure 3.3, attention should be on “The cafe-lounge,” and
at moment (2), on “The cars between the trees.” Similarly, for Figure 3.4, attention should
be on “The sculpture of a person on the right side” at moment (1), and on “The sculpture
of a centaur on the left side” at moment (2). Object detection and segmentation were

successfully performed for both scenes, as shown in Figures 3.3 (1-b), 3.3 (2-b), and 3.4
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Figure 3.3: Different moments of the scene showing cafe-lounge on the video tour. It is
defined on video script to “Look at the cafe lounge” on moment (1) and “Look
at the cars between the trees” on moment (2). (a) The original frame of the
video. (b) The object described on the script detected and segmented. (c) The
target object with the vignette effect applied.

(1-b). The vignette effect effectively directed attention to the respective target elements,
as seen in Figures 3.3 (1-¢), 3.3 (2-¢), and 3.4 (1-c). However, in Figure 3.4 (2-b), SAM
failed to correctly segment the sculpture of the centaur, resulting in the vignette effect

partially obscuring the target element.

3.3 Discussion

The results demonstrate the feasibility of integrating natural language descrip-
tions, open-vocabulary object detection, and object segmentation into a unified attention
guidance pipeline. The proposed approach successfully transforms narrative descriptions
into visual attention cues, enabling the automatic identification and highlighting of rele-
vant objects within immersive scenes.

One of the main contributions of this study is the demonstration that video
roadmaps can serve as an effective source of semantic information for attention guidance.
Instead of manually specifying regions of interest, content creators can define attention
targets through natural language descriptions that are automatically interpreted by the
system. The combination of Grounding DINO and SAM proved capable of identifying
and segmenting objects described in the roadmap, generating visual cues that emphasize
relevant elements of the scene.

The experiments conducted on a 360° virtual tour further demonstrate that recent
advances in vision-language models can be leveraged to automate important stages of

the attention guidance process. By integrating object detection, segmentation, and visual



3.3 Discussion 28

Figure 3.4: Different moments of the scene showing the museum on the video tour. It is
defined in the video script as “Look at the sculpture of a person on the right
side” at moment (1) and “Look at the sculpture of a centaur on the left side”
at moment (2). (a) The original frame of the video. (b) The object described
in the script detected and segmented. (c) The target object with the vignette
effect applied.

highlighting into a single pipeline, the proposed approach provides an initial proof of
concept for automated attention guidance in immersive environments.

However, this study also revealed important limitations. First, the effectiveness
of the visual cue depends directly on the quality of the segmentation masks. Inaccurate
segmentations may reduce the clarity of the highlighted region and consequently affect
the attention guidance process.

More importantly, the exclusive use of a vignette effect proved insufficient in
scenarios where users were significantly disoriented or looking in directions opposite to
the target object. In such situations, darkening the surrounding environment alone was
not always capable of effectively redirecting the user’s attention. While the proposed
pipeline successfully demonstrates the viability of automated attention guidance, these
observations indicate that more sophisticated guidance mechanisms are necessary to
support challenging viewing conditions.

These findings motivated the development of a more comprehensive attention
guidance system capable of maintaining object localization throughout video sequences
and employing multiple complementary visual effects. Chapter 4 presents Focus360,
an enhanced attention guidance architecture designed to address these limitations and

provide more robust user guidance in immersive virtual environments.



CHAPTER 4
Study II: Focus360: Guiding User Attention in
Immersive Videos for VR (IEEE VR 2025)

The first study presented in Chapter 3 demonstrated the feasibility of automati-
cally guiding user attention in immersive 360° VR videos through the integration of nat-
ural language descriptions, open-vocabulary object detection, and object segmentation.
The proposed pipeline successfully identified and highlighted target objects described in
a predefined roadmap using a vignette effect.

However, the experiments also revealed important limitations. In particular, the
vignette effect proved insufficient in situations where users were significantly disoriented
or looking in directions opposite to the intended target. Under such circumstances, large
portions of the visual field became darkened, making it difficult for users to infer where
they should redirect their attention.

These observations motivated the development of a more comprehensive atten-
tion guidance system capable of maintaining object localization throughout video se-
quences and employing more sophisticated visual guidance mechanisms. Rather than
relying on a single visual cue, the new system combines multiple effects designed to
progressively attract user attention while preserving immersion.

To address these challenges, this chapter presents Focus360, a novel attention
guidance architecture originally published as a demonstration paper at the 2025 IEEE
Conference on Virtual Reality and 3D User Interfaces Workshops (IEEE VR 2025).
The proposed system integrates natural language understanding, open-vocabulary object
detection, video object tracking, and adaptive visual effects into a unified framework
capable of automatically directing user attention throughout immersive VR experiences.

Compared to the previous study, Focus360 introduces three major improvements.
First, the natural language roadmap is automatically converted into a structured script
through a Large Language Model. Second, object segmentation is replaced by video ob-
ject tracking, allowing target elements to be continuously monitored throughout temporal
intervals. Finally, a combination of four visual effects—Blur, Fade to Gray, Radial Dark-

ening, and Halo Darkening—is employed to provide a more robust attention guidance
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mechanism.
The following sections describe the proposed architecture, the case study used
for demonstration, and the main contributions of this second stage of the research.

4.1 Materials and Methods

4.1.1 Case Study

The proposed system was demonstrated using a 360° VR video recorded during a
Safari Tour in Kruger National Park, South Africa. The video showcases different animals
while traveling through the park in a vehicle, as shown in Figure 4.1.

A 360° camera was mounted on the top of the vehicle, capturing the complete
surrounding environment and allowing users to freely explore the scene. The video
contains multiple moments in which specific animals become relevant to the narrative

and therefore represent natural candidates for attention guidance.

Figure 4.1: Examples of scenes present in the Safari Tour used for demonstration.
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4.1.2 Focus360 Pipeline

Focus360 receives two inputs: a 360° VR video and a roadmap describing which
elements should attract user attention during specific moments of the experience. The
roadmap is initially processed and converted into a structured representation containing
object descriptions and their corresponding temporal intervals. Subsequently, the system
detects the target object at the beginning of each interval, tracks it throughout the
remaining frames, and applies visual effects designed to guide the user’s attention toward

the object of interest. Figure 4.2 presents an overview of the proposed architecture.

Input

Natural Language Video Roadmap

...From 00:01:12 to 00:01:22 | want

| Prompt Processing |<— the user to pay attention to the

rhino walking in front of the car...

Structured Script

360° VR Video

Object Detection

Object Tracking |- --------------

| Effect Applying

Figure 4.2: Overview of the Focus360 pipeline for automated attention guidance in
immersive videos.

4.1.3 Prompt Processing

The Prompt Processing module is responsible for transforming the roadmap
provided by the content creator into a structured representation that can be interpreted
by the remaining modules of the system. The roadmap is written in natural language
and describes which objects users should pay attention to during different moments of

the video. This information is processed using Llama 3 [5], which extracts the relevant
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information and generates a structured representation containing object descriptions and
their corresponding temporal intervals, as shown in Table 4.1. This process eliminates
the need for manually defining structured annotations and allows attention guidance

instructions to be specified using natural language.

Table 4.1: Structured roadmap returned by Llama 3 model.

Object Description From To

the rhino in front of the car 00:00:26  00:00:33
the rhino behind the car 00:00:41 00:00:48
the deer 00:01:12 00:01:19

the giraffe walking in the jungle 00:01:33  00:01:40
the animal between the trees 00:02:16  00:02:23
the turtle 00:03:03 00:03:10

4.1.4 Object Detection

After obtaining the structured roadmap, the system identifies the target object
at the beginning of each temporal interval. Grounding DINO [9] is employed to locate
the object described by the roadmap. Given an object description and the corresponding
video frame, the model returns the bounding box associated with the detected object. The

resulting bounding box serves as the initialization input for the tracking stage.

4.1.5 Object Tracking

Unlike the first study, which relied on image segmentation independently for
each frame, Focus360 introduces temporal object tracking. The bounding box returned
by Grounding DINO is provided to SAM 2 [13], which generates an object mask and
propagates it throughout the remaining frames of the interval. This capability allows the
system to continuously maintain the localization of the target object without repeatedly
performing object detection. The use of tracking improves temporal consistency and

enables the application of attention guidance effects throughout complete video segments.

4.1.6 Effect Applying

The final stage of the pipeline aims to, through the application of a combination
of visual effects on the frames of the interval, attract the users’ attention to the tracked
object. Four types of visual effect are combined: Blur, Fade to Gray, Radial darkening and
Halo Darkening. The Blur effect is applied to the entire frame, except the radial region
around the element of interest, this effect aims to highlight the object of interest in relation

to the background and other items present nearby in the scene, doing so through the
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difference in sharpness, as shown in 4.3-a. The Fade to Gray effect has radial behavior,
so that the further away from the central point of the object, the lower the saturation
of the pixels present in the image. The main objective is to create a highlight through
contrast between the object of interest and the rest of the image, gradually drawing the
viewer’s attention as the loss of saturation is perceived, as shown in 4.3-b. The Radial
Darkening acts similarly to the Fade to Gray, but applies a darkening to the image that
increases as you move away from the object of interest. The purpose of this effect is
to more objectively guide the user’s attention to the region close to the object in cases
where they may be looking at the complete opposite or regions very far from the desired
element, as shown in 4.3-c. The Halo Darkening effect involves the darkening around
the region of interest. It acts inversely to radial darkening, so that the closer to the center
of the object of interest, the darker the pixels will be. Because of the unaffected region,
the result becomes a thin layer of darkened pixels around the halo formed by the region,
helping to distinguish between the main focus and the regions closest to it, as shown in

4.3-d. The combination of the four visual effects is shown in 4.4.

Figure 4.3: Individual visual effects employed on the combination to direct the users’
attention to the farthest turtle. a) Blur. b) Fade to Gray. c¢) Radial Darkening.
d) Halo Darkening.

4.2 Demonstration

The proposed system was demonstrated using the Safari Tour scenario described
previously. Video processing was performed using an NVIDIA RTX 4090 GPU, while

visualization was conducted through a Meta Quest 3 headset.
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Figure 4.4: The combination of the four visual effects to direct the users’ attention to the
farthest turtle.

The demonstration showed that Focus360 is capable of automatically inter-
preting roadmap descriptions, identifying relevant objects, maintaining object tracking
throughout temporal intervals, and dynamically applying visual effects to guide user at-
tention.

Compared to the vignette-only approach explored in the previous study, the
combined use of multiple visual effects provides a richer and more adaptable attention
guidance mechanism. The different effects complement each other by simultaneously
increasing object saliency, reducing distractions, and helping users identify the correct

viewing direction.

4.3 Discussion

Focus360 represents an important evolution of the attention guidance pipeline
introduced in the first study. While the previous approach demonstrated the feasibility of
automatically identifying and highlighting objects described through natural language, it
also revealed limitations related to temporal consistency and the effectiveness of a single
visual cue under challenging viewing conditions.

The introduction of SAM 2 enables temporal object tracking, allowing target
objects to be continuously localized throughout complete video intervals. This capability
eliminates the need for repeatedly segmenting objects in isolated frames and provides a
more coherent attention guidance process. Similarly, the adoption of Llama 3 automates

the interpretation of video roadmaps, reducing the amount of manual configuration
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required from content creators and allowing attention targets to be specified directly
through natural language descriptions.

Another important contribution of this study is the replacement of the vignette-
only strategy with a combination of complementary visual effects. Blur, Fade to Gray,
Radial Darkening, and Halo Darkening manipulate visual saliency in different ways,
simultaneously reducing distractions and increasing the prominence of the target object.
As a result, Focus360 provides a more robust attention guidance mechanism capable of
supporting a wider range of viewing conditions than the approach explored in the first
study.

The demonstration conducted using the Safari Tour scenario further illustrates
the feasibility of integrating natural language processing, open-vocabulary object detec-
tion, object tracking, and adaptive visual effects into a unified framework for immersive
attention guidance. Together, these components enable the automatic transformation of
narrative descriptions into visual cues that guide users toward relevant elements within a
360° VR environment.

Despite these improvements, the proposed architecture still relies on a specific
combination of object detection and tracking models. Although Grounding DINO and
SAM 2 demonstrated promising results within the Focus360 pipeline, the relative effec-
tiveness of alternative computer vision architectures remained unexplored. Since the qual-
ity of object localization and tracking directly influences the effectiveness of the generated
visual cues, understanding the strengths and limitations of different detection and tracking
approaches becomes essential for the development of robust automated attention guidance
systems.

This observation motivates the third study presented in Chapter 5, which investi-
gates multiple object detection and tracking architectures through a systematic compara-
tive evaluation, aiming to identify the most suitable combinations for automated attention

guidance in immersive virtual reality environments.



CHAPTER 5
Study III: Automated Attention Guidance in
Virtual Reality Videos (SVR 2025)

The previous studies demonstrated the feasibility of automatically guiding user
attention in immersive 360° VR videos and introduced Focus360, a complete attention
guidance architecture integrating natural language processing, object detection, object
tracking, and adaptive visual effects. While these studies validated the proposed concept
and addressed important limitations of earlier approaches, they relied on specific com-
puter vision models for object detection and tracking.

In particular, Grounding DINO was adopted for object detection and SAM-
based approaches were employed for object segmentation and tracking. Although these
models produced promising results, the impact of alternative architectures on the overall
effectiveness of the attention guidance pipeline remained unexplored.

The quality of object localization and tracking directly influences the quality of
the generated visual cues. Detection failures may prevent the identification of relevant
targets, while tracking errors may compromise the consistency of the attention guidance
process throughout a video sequence. Consequently, understanding the strengths and lim-
itations of different computer vision architectures becomes essential for the development
of robust automated attention guidance systems.

This chapter presents the third and final study conducted in this dissertation,
originally published as a full paper in the 27th Symposium on Virtual and Augmented
Reality (SVR 2025). The objective of this study is to systematically evaluate multiple
open-vocabulary object detection models and object tracking architectures within the
proposed attention guidance pipeline, identifying the most suitable combinations for

immersive VR environments.
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5.1 Materials and Methods

5.1.1 Case Study

To evaluate the proposed approach, the same Safari Tour scenario previously
employed in Focus360 was adopted. The video was recorded in Kruger National Park,
South Africa, using a 360° camera mounted on the top of a vehicle. The resulting
immersive video contains multiple animals appearing under different viewing conditions,
including partial occlusions, large scale variations, and complex backgrounds.

A roadmap was defined to specify which animals should receive attention
during specific intervals of the video (Table 4.1). This roadmap was processed using
the same methodology described in Chapter 4, ensuring consistency across the different

experimental evaluations.

5.1.2 Overview of the Evaluation Pipeline

The proposed evaluation pipeline follows the same overall architecture intro-
duced in Focus360. However, instead of relying on a single object detector and a single

tracking model, multiple alternatives were evaluated and compared.

Input

360° VR Video

Natural Language Video Roadmap

...From 00:01:12 to 00:01:22 | want
the user to pay attention to the
rhino walking in front of the car...

Prompt Processing
Structured Script

- H
| I Object Detection }——)I Object Tracking }——)| Effect Applying

Figure 5.1: Overview of the proposed evaluation pipeline.

The evaluation was divided into two complementary stages. The first stage
focused on the comparison of open-vocabulary object detection models, while the second
stage investigated the performance of object tracking and segmentation architectures

within the attention guidance pipeline.

5.1.3 Object Detection Models

Three open-vocabulary object detection models were evaluated in this study:
Grounding DINO, OWLv2, and YOLO-World. These models were selected because
they represent different design philosophies for open-vocabulary detection, ranging from

transformer-based architectures to real-time vision-language detection systems.
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5.1.4 Object Tracking Models

The tracking and segmentation evaluation considered four models: SAM 2, HQ-
SAM 2, EfficientTAM, and DAM4SAM. These architectures provide different trade-
offs between segmentation quality, tracking robustness, and computational efficiency,
allowing a comprehensive analysis of their suitability for automated attention guidance

in immersive VR videos.

5.1.5 [Evaluation Methodology

The evaluation was designed to assess both the accuracy of object localization
and the robustness of object tracking within the attention guidance pipeline.

For the object detection stage, two complementary perspectives were considered.
First, a quantitative analysis was performed using the confidence scores (logits) produced
by each model. These scores provide an indication of how confidently a model associates
a detected region with the target object described in the prompt. Second, a qualitative
assessment was conducted using Gemini-2.5-Flash as a Multimodal Large Language
Model (MLLM) acting as a judge. The MLLM analyzed the detection outputs and
evaluated their semantic correctness, localization accuracy, contextual relevance, and the
occurrence of false positives or missed detections. The complete prompt used for the
object detection evaluation is provided in Appendix A.

The tracking stage was evaluated using three criteria. The first criterion consisted
of analyzing the confidence values generated during tracking, providing an indication of
the reliability of the propagated object masks over time. The second criterion focused on
temporal consistency through the analysis of disconnection events. Since the proposed
attention guidance approach relies on continuously highlighting a target object, segmen-
tation masks are expected to remain spatially coherent throughout the tracking sequence.
Abrupt mask disconnections or fragmentation events were therefore considered indica-
tors of tracking degradation. Finally, a qualitative evaluation was also performed using
Gemini-2.5-Flash, which assessed the visual quality and consistency of the tracking re-
sults across the analyzed video segments. The complete prompt used for the object seg-
mentation evaluation is presented in Appendix B.

By combining quantitative metrics with MLLM-based qualitative assessments,
the evaluation provides a broader understanding of how different detection and tracking

architectures affect the overall performance of the attention guidance system.
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5.2 Results

5.2.1 Object Detection Evaluation
Quantitative Evaluation via Logits

Model confidence (measured through logits) was assessed to determine how
effectively the models could identify the objects of interest given the initial prompt.
The Overall Confidence Score analysis reveals significant performance differ-

ences across the three models, as shown in Fig. 5.2:
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Figure 5.2: Quantitative Evaluation of the Object Detection Models: Overall Confidence
Scores.

Grounding DINO demonstrated the highest overall confidence with a mean logit
score of 0.623 (¢ = 0.151), indicating strong predictive certainty. OWLv2 achieved
moderate confidence levels, with an overall mean of 0.355 (¢ = 0.135). YOLO-World
exhibited the lowest overall confidence, 0.261 (6 = 0.334) with extremely high variability.

The Confidence Scores by Prompt analysis complements the understanding
about how each model behaves in respect to each prompt, as described in Fig. 5.3:

Notably, Grounding DINO maintained relatively low standard deviations across
most object descriptions, suggesting consistent performance. Despite lower absolute
confidence scores, OWLv2 demonstrated more stable predictions across most categories

compared to YOLO-World, which, in turn, performed poorly in almost all categories.
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Figure 5.3: Quantitative Evaluation of the Object Detection Models: Confidence Scores
by Prompt.

Qualitative Evaluation via MLLM as Judge

The Overall Score by MLLM as judge (scale 0-10) provides complementary
insights into model performance from a semantic perspective, as shown in Fig. 5.4:

Grounding DINO achieved the highest overall semantic quality score of 7.441
(6 = 2.601), demonstrating strong contextual understanding. OWLV2 obtained a mod-
erate overall score of 5.216 (6 = 3.798) with high variability across categories. YOLO-
World received the lowest semantic evaluation score of 3.882 (¢ = 4.304), with extremely
high variability.

The Score by MLLM as judge by Prompt complements the understanding of
how each model behaves in respect to each prompt, from a human-like perspective, as
described in Fig. 5.5:

The comparative analysis demonstrates that Grounding DINO provides the most
reliable object detection performance across diverse scenarios, combining high confi-
dence with strong semantic accuracy. OWLv2 offers a balanced middle-ground solution,
while YOLO-World’s highly variable performance suggests it may be suitable only for

specific, well-defined detection tasks.
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Figure 5.4: Qualitative Evaluation of the Object Detection Models: Overall Scores by
MLILM as Judge

5.2.2 Object Tracking Evaluation
Quantitative Evaluation Via Logits

The segmentation models’ confidence was evaluated by analyzing their positive
logits. After calculating the mean and passing it through a sigmoid function, results
were min-max normalized (0-100 scale) to highlight differences in target-background
separation confidence. As depicted in Fig. 5.6, SAM 2 emerged as the top performer
(59.40), followed by DAM4SAM (55.07), HQ-SAM 2 (53.94), and EfficientTAM (44.17),
which consistently recorded the lowest scores. Notably, HQ-SAM 2, despite strong
performance in some cases, showed inconsistency with significantly low confidence

values for prompts like “the rhino behind the car”, as detailed in Fig. 5.7

Quantitative Evaluation of Disconnections

The number of disconnections, evaluated as an additional metric, is critical
because attention should ideally remain on a single object. In this phase, we counted
the isolated areas within each frame’s mask for every specified time interval (ideally,
only one connected area should exist). Both the frequency and duration (in frames) of
these disconnection events were recorded. As illustrated in Fig. 5.8(b) (with the original
image in Fig. 5.8(a)), a disconnection occurs when the main target mask splits, like in
the EfficientTAM model’s output for “the rhino in front of the car.”” Here, the model
incorrectly included a background rhino in the target object’s segmentation, leading to

the mask disconnection.
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Figure 5.5: Qualitative Evaluation of the Object Detection Models: Scores by MLLM as
Judge by Prompt

Table 5.1: Segmentation Models Performances using a MLLM as a Judge

Model Avg. Score Score ¢ Avg. Rank. Rank.c
SAM 2 4.312 3.445 2.250 1.282
HQSAM 2 4.049 3.424 2.800 0.837
EfficientTAM 3.819 3.139 2.800 1.304
DAM4SAM 4.062 3.377 1.286 0.756

Table 5.2 presents the number of disconnection events for each model across all
provided prompts (listed in alphabetical order, with formatting adjustments for improved
readability). For this analysis, the lower the displayed value, the better the model’s
performance. Additionally, the last column shows the total number of frames in which
any disconnection event occurred. An event is defined as the separation of a single
segmentation area into n distinct regions; therefore, two consecutive frames containing
n areas are considered part of the same disconnection event, not new independent events.

As expected, DAM4SAM achieved the best result in this test, with a total of
only 8 disconnection events, spanning just 10 frames combined. It is followed by SAM 2
and HQ-SAM 2, which showed similar total frame counts affected by disconnections, but
with SAM 2 having significantly fewer events (only 3 events compared to 12 events for
HQ-SAM 2). Lastly, EfficientTAM recorded the poorest performance in this aspect, with

nearly five times more frames with disconnections than the next closest model, clearly
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Figure 5.6: Quantitative Evaluation of the Object Segmentation Models: Overall Confi-

dence Scores

highlighting the trade-off made in this design to prioritize computational efficiency and

runtime

performance over tracking robustness.

Table 5.2: Number of disconnection events by segmentation model and prompt.

Model Prompt1 Prompt2 Prompt3 Promptd4 Prompt5 Prompt6 | Total
SAM 2 0 1 0 1 0 1 20
HQSAM 2 0 1 1 5 2 3 23
EfficientTAM 0 5 0 4 4 0 110
DAM4SAM 0 1 0 3 3 1 10

Legend: Prompt 1: The animal between the trees; Prompt 2: The deer; Prompt 3: The giraffe in the jungle;
Prompt 4: The rhino behind the car; Prompt 5: The rhino in front of the car; Prompt 6: The turtle.

Qualitative Evaluation via MLLM as Judge

Original frames with overlaid segmentation masks from each model were pro-

vided to a Gemini-2.5-flash judging model. This model scored mask quality from 0-10

based on target coverage and also ranked the segmentation outputs from best to worst per

frame, ensuring a comparative assessment.

Table 5.1 shows the Gemini-2.5-flash evaluation results. All models received

relatively low average scores, potentially due to the judge model’s correlation limitations.

SAM 2

again achieved the highest average score, followed by DAM4SAM, HQ-SAM
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Figure 5.7: Quantitative Evaluation of the Object Segmentation Models: Confidence
Scores by Prompt

2, and EfficientTAM. A high standard deviation across scores indicated a wide range,
including near-perfect values.

Conversely, in average ranking, DAM4SAM consistently achieved first place,
swapping positions with SAM 2. These results align with previous findings where these
two models alternated as top performers. HQ-SAM 2 consistently ranked third, while
EfficientTAM consistently placed fourth. Despite its reported benchmarks, EfficientTAM
did not perform as well in this application compared to the other models, likely due to its
superior optimization favoring different trade-offs.

Fig. 5.9 illustrates the different stages of the process for guiding the user’s
attention. In Figure 5.9(a), the moment immediately before the initial detection of the
object is shown, in this case, for the prompt “the animal between the trees”. Fig. 5.9(b)
presents the first stage of the effects application, applied subtly to begin directing the
user’s gaze toward the desired target. Finally, Fig. 5.9(c) shows the result with the full
effectiveness of the combined effects, aiming to guide the user’s attention effectively to

the target object.
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(a) Original frame that produced a disconnection event when
passed through the EfficientTAM model.

(b) Example of a disconnection event occurring in one of the
segmentation masks.

Figure 5.8: Example of an original frame and its respective disconnection event.

5.3 Discussion

More broadly, the results highlight the importance of carefully selecting com-
puter vision components when designing automated attention guidance systems. The
quality of object detection and tracking directly affects the effectiveness of the gener-
ated visual cues and, consequently, the overall user experience. Even when the attention
guidance strategy remains unchanged, variations in localization accuracy and temporal
consistency can substantially influence the final quality of the generated guidance cues.

The results also reveal that no single tracking architecture dominates all evalua-
tion criteria. While SAM 2 achieved the highest confidence scores and strong qualitative
evaluations, DAM4SAM demonstrated superior robustness in terms of temporal consis-
tency. This observation suggests that the selection of tracking models should consider the
specific requirements of the intended application, balancing segmentation quality, track-
ing stability, and computational efficiency.

Overall, the findings demonstrate that automated attention guidance systems

can benefit significantly from recent advances in open-vocabulary object detection and
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(a) The moment immediately be- (b) Initial stage of the effects ap- (c) Full-intensity application of
fore the start of the effects  plication. the effects.
application.

Figure 5.9: Different stages of the process for guiding the user’s attention.

video object tracking. The comparative analysis presented in this study provides practical
insights into the strengths and limitations of current architectures and establishes a
foundation for the design of future attention guidance systems for immersive virtual

reality environments.



CHAPTER 6

Conclusion and Considerations

6.1 Research Summary

This dissertation investigated the problem of automated attention guidance in
immersive 360° Virtual Reality videos through the integration of Natural Language
Processing, Computer Vision, and adaptive visual effects. The central goal of this research
was to develop and evaluate mechanisms capable of automatically identifying relevant
objects within immersive scenes and guiding user attention toward them without requiring
manually specified regions of interest.

To address this objective, the research was conducted through three intercon-
nected studies that progressively explored different aspects of the problem.

The first study investigated the feasibility of combining natural language descrip-
tions, open-vocabulary object detection, and object segmentation to automatically identify
and highlight relevant objects in immersive scenes. The results demonstrated that video
roadmaps can serve as an effective source of semantic information for attention guidance,
allowing target objects to be specified through textual descriptions rather than manually
annotated regions.

Building upon the limitations identified in the first study, the second study in-
troduced Focus360, a complete attention guidance architecture integrating roadmap inter-
pretation, object detection, object tracking, and adaptive visual effects. By incorporating
temporal tracking and multiple complementary visual effects, Focus360 addressed sev-
eral limitations of the initial approach and demonstrated the feasibility of a more robust
attention guidance framework for immersive environments.

Finally, the third study performed a systematic evaluation of multiple open-
vocabulary object detection and object tracking architectures within the proposed atten-
tion guidance pipeline. The experimental results provided insights into the strengths and
limitations of different computer vision models and highlighted the importance of care-
fully selecting detection and tracking components when designing automated attention

guidance systems.
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Taken together, these studies establish a complete research trajectory, progress-
ing from an initial proof of concept to a fully integrated architecture and culminating in a

systematic evaluation of its core computational components.

6.2 Main Contributions

The main contributions of this dissertation can be summarized as follows:

* The development of an automated attention guidance pipeline that integrates
roadmap interpretation, open-vocabulary object detection, object tracking, and
adaptive visual effects to identify, track, and highlight relevant objects in immer-
sive 360° VR videos.

* A set of visual attention guidance mechanisms based on Blur, Fade to Gray, Radial
Darkening, and Halo Darkening, designed to direct user focus while preserving
immersion.

* A systematic comparative evaluation of open-vocabulary object detection architec-
tures for automated attention guidance in immersive environments.

* A systematic comparative evaluation of object tracking architectures, considering

localization confidence, temporal consistency, and qualitative tracking quality.

Beyond these individual contributions, this dissertation demonstrates the poten-
tial of combining recent advances in Large Language Models, open-vocabulary computer
vision, and immersive media technologies to automate tasks that traditionally require sig-

nificant manual authoring effort.

6.3 Limitations

Although the proposed approaches produced promising results, several limita-
tions remain.

First, the evaluations were conducted using a limited set of immersive video
scenarios. While the selected case studies provide meaningful evidence regarding the
feasibility of the proposed methods, additional evaluations involving different types of
immersive content could provide a broader understanding of the generalizability of the
proposed solutions.

Second, the effectiveness of the attention guidance process was primarily evalu-
ated through system-oriented metrics and qualitative assessments. Although these analy-
ses provide valuable insights into the behavior of the proposed architectures, they do not

directly measure how users perceive and respond to the generated visual cues.
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Third, the proposed pipeline remains dependent on the performance of object
detection and tracking models. Errors introduced during object localization or tracking
may propagate throughout the attention guidance process and affect the quality of the
generated visual cues.

Finally, the experiments focused on single-target attention guidance scenarios.
More complex situations involving multiple simultaneous targets, competing regions of

interest, or dynamic narrative priorities remain unexplored.

6.4 Future Work

Future research may explore the integration of more recent multimodal founda-
tion models capable of jointly reasoning about visual content and textual descriptions,
potentially improving the identification and interpretation of regions of interest in immer-
sive environments.

Another promising direction involves the development of adaptive attention
guidance mechanisms that dynamically respond to the user’s gaze direction and inter-
action patterns in real time. By incorporating eye-tracking technologies, future systems
could personalize guidance strategies according to the user’s current focus of attention,
providing more effective and less intrusive guidance experiences.

Finally, as object detection and tracking architectures continue to evolve, future
studies may investigate emerging computer vision models and their impact on automated
attention guidance pipelines, further improving robustness, temporal consistency, and

overall guidance effectiveness in immersive Virtual Reality environments.
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APPENDIX A

Prompt Used for MLLM-Based Object
Detection Evaluation

This appendix presents the prompt used to evaluate object detection models
through a Multimodal Large Language Model acting as a judge. The prompt was designed
to assess the quality of bounding box predictions generated by different object detection
models, considering detection correctness, false positives, false negatives, and bounding
box localization quality.

Listing A.1: Prompt used for MLLM-based evaluation of object detection models.

Role: You are an expert in computer vision and object detection, tasked with

evaluating the performance of different object detection models.

Task: You will be provided with an original image, an object description,
and three variations of that image, each showing the bounding box
predictions from a different object detection model. Your goal is to
critically evaluate which model performed best at detecting the
specified object based on the provided criteria, assigning a numerical

score (0-10) to each model’s overall performance.
Input:
Evaluation Criteria (Prioritized):

Please evaluate each model based on the following criteria, in order of

importance:
Accuracy/Correctness of Detection (Most Important):

Did the model correctly identify the object described in [OBJECT_DESCRIPTION

1?
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Did it detect only the described object, or did it produce false positives (
detecting other objects incorrectly)?

Did it miss any instances of the described object (false negatives)?

Self-correction/Refinement: If multiple bounding boxes are present for the

target object, did the model choose the most appropriate one?

Bounding Box Precision/Localization:

How tightly and accurately does the bounding box enclose the target object?
Does it avoid including excessive background or cutting off parts of the
object?

Is the bounding box positioned correctly around the entire object?

Scoring Guidelines (0-10 Scale):

0-2 (Very Poor): Model completely failed to detect the object or produced
overwhelmingly incorrect/irrelevant detections.

3-4 (Poor): Model made a vague attempt, detected the wrong object, or
bounding box was extremely inaccurate. Many false positives/negatives.

5-6 (Fair): Model showed some promise but had significant errors. Detected
the object but with poor localization, or had noticeable false positives
/negatives.

7-8 (Good): Model detected the object correctly with good localization.
Minor inaccuracies or very few false positives/negatives.

9-10 (Excellent): Model detected the object perfectly with highly precise
bounding boxes and no false positives or negatives. Outstanding

performance.

If the model didn’t detect the object at all, assign a score of 0.

Output Format:

Provide your evaluation in the following structured format:

Object Detection Model Evaluation for: [OBJECT_DESCRIPTION]
Model A Analysis:

Observations:

Did it detect the object? [Yes/No]

Any false positives? [Yes/No - if yes, briefly describe]
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Any false negatives? [Yes/No - if yes, briefly describe]
Bounding box quality: [Excellent/Good/Fair/Poor - explain why]
Performance Score (0-10): [Numeric Score]

Overall assessment: [Brief summary of performance]

Model B Analysis:

Observations:

Did it detect the object? [Yes/No]

Any false positives? [Yes/No - if yes, briefly describe]

Any false negatives? [Yes/No - if yes, briefly describe]
Bounding box quality: [Excellent/Good/Fair/Poor - explain why]
Performance Score (0-10): [Numeric Score]

Overall assessment: [Brief summary of performance]

Model C Analysis:

Observations:

Did it detect the object? [Yes/No]

Any false positives? [Yes/No - if yes, briefly describe]

Any false negatives? [Yes/No - if yes, briefly describe]
Bounding box quality: [Excellent/Good/Fair/Poor - explain why]
Performance Score (0-10): [Numeric Score]

Overall assessment: [Brief summary of performance]

Final Verdict:

Score for Model A: [Performance Score for Model A]
Score for Model B: [Performance Score for Model B]

Score for Model C: [Performance Score for Model C]

Reasoning:

[Provide a detailed explanation of why you chose the best model, referencing
the specific criteria and the assigned scores. Compare and contrast the
strengths and weaknesses of each model, highlighting what made the

chosen model superior or why none were satisfactory. Be specific with

visual cues.]



APPENDIX B
Prompt Used for MLLM-Based Object

Segmentation Evaluation

This appendix presents the prompt used to evaluate object segmentation models
through a Multimodal Large Language Model acting as a judge. The prompt was designed
to assess the quality of segmentation masks generated by different object segmentation
models, considering segmentation correctness, false positives, false negatives, boundary
precision, and overall mask quality.

Listing B.1: Prompt used for MLLM-based evaluation of object segmentation models.

Role: You are an expert in computer vision and object segmentation, tasked

with evaluating the performance of different object segmentation models.

Task: You will be provided with an original image, an object description,
and four variations of that image, each showing the mask overlays from a
different object segmentation model. Your goal is to critically
evaluate which model performed best at segmenting the specified object
based on the provided criteria, assigning a numerical score (0-10) to

each model’s overall performance.

Input:

Evaluation Criteria (Prioritized):

Please evaluate each model based on the following criteria, in order of

importance:

Accuracy/Correctness of Segmentation (Most Important):

Did the model correctly identify and segment the object described in [
OBJECT_DESCRIPTION]?
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Did it segment only the described object (only one), or did it produce false
positives (segmenting other objects incorrectly)?
Did it miss any parts of the described object (false negatives)?

Is the segmented area properly covering the entire target object?

Mask Precision/Quality:

How precisely does the mask outline follow the contours of the target object
?

Does the mask avoid including excessive background or missing parts of the
object?

Are the boundaries of the segmentation mask accurate and well-defined?

Is the mask complete without holes or incomplete coverage?

Scoring Guidelines (0-10 Scale):

0-2 (Very Poor): Model completely failed to segment the object or produced
overwhelmingly incorrect/irrelevant segmentations.

3-4 (Poor): Model made a vague attempt, segmented the wrong object, or mask
was extremely inaccurate. Many false positives/negatives.

5-6 (Fair): Model showed some promise but had significant errors. Segmented
the object but with poor boundary precision, or had noticeable false
positives/negatives.

7-8 (Good): Model segmented the object correctly with good boundary
precision. Minor inaccuracies or very few false positives/negatives.

9-10 (Excellent): Model segmented the object perfectly with highly precise

boundaries and no false positives or negatives. Outstanding performance.

If the model didn’t segment the object at all, assign a score of 0.

Output Format:

Provide your evaluation in the following structured format:

## Object Segmentation Model Evaluation for: [OBJECT_DESCRIPTION]

### Model A (SAM2) Analysis:

**QObservations:**

* Did it segment the object? [Yes/No]



Appendix B 58

* Any false positives? [Yes/No - if yes, briefly describe]

* Any false negatives? [Yes/No - if yes, briefly describe]

* Mask quality: [Excellent/Good/Fair/Poor - explain why]
**Performance Score (0-10): [Numeric Score]**

* Overall assessment: [Brief summary of performance]

### Model B (DAM4SAM) Analysis:

**QObservations:**

* Did it segment the object? [Yes/No]

* Any false positives? [Yes/No - if yes, briefly describe]

* Any false negatives? [Yes/No - if yes, briefly describe]

* Mask quality: [Excellent/Good/Fair/Poor - explain why]
**Performance Score (0-10): [Numeric Score]**

* Overall assessment: [Brief summary of performance]

### Model C (HQSAM2) Analysis:

**QObservations:**

* Did it segment the object? [Yes/No]

* Any false positives? [Yes/No - if yes, briefly describe]

* Any false negatives? [Yes/No - if yes, briefly describe]

* Mask quality: [Excellent/Good/Fair/Poor - explain why]
**Performance Score (0-10): [Numeric Score]**

* Overall assessment: [Brief summary of performance]

### Model D (EfficientTAM) Analysis:
**Qbservations:**
* Did it segment the object? [Yes/No]

* Any false positives? [Yes/No - if yes, briefly describe]

* Any false negatives? [Yes/No - if yes, briefly describe]



Appendix B 59

* Mask quality: [Excellent/Good/Fair/Poor - explain why]
**Performance Score (0-10): [Numeric Score]**

* Overall assessment: [Brief summary of performance]

### Model Ranking:

CRITICAL REQUIREMENT: Based on your analysis and scores above, you MUST rank
the four models from BEST to WORST performance. Be criterious and
decisive in this ranking, considering all evaluation criteria. Use the

exact format below:

**Ranking (Best to Worst) :**
1st Place: [Model Name] - [Score] points
3rd Place: [Model Name] -
4th Place: [Model Name] -

[

2nd Place: [Model Name] - [Score] points
[Score] points
[

Score] points

### Final Verdict:
Score for Model A (SAM2): [Performance Score for Model A]
DAM4SAM) : [Performance Score for Model B]
HQSAM2) : [Performance Score for Model C]
EfficientTAM): [Performance Score for Model D]

(
Score for Model B (
Score for Model C (
Score for Model D (

**Reasoning:**

[Provide a detailed explanation of the evaluation, referencing the specific
criteria and the assigned scores. Compare and contrast the strengths and
weaknesses of each model, highlighting what made certain models
superior or inferior. Be specific with visual cues about mask quality

and accuracy.]



