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Abstract

This thesis focuses on advancing automated video editing by analyzing raw, unedited footage to ex-
tract essential information such as speaker detection, video saliency, and dialogue interpretation. At the
core of this work is EditIQ, an automated video editing pipeline that leverages speaker cues, saliency
predictions, and large language model (LLM)-based dialogue understanding to optimize shot selec-
tion—the critical step in the editing process.

The study begins with a comprehensive assessment of active speaker detection techniques tailored
for automated editing. Using the BBC Old School Dataset, annotated with active speaker information,
we propose a robust audio-based nearest-neighbor algorithm that integrates facial and audio features.
This approach reliably identifies speakers even under challenging conditions such as occlusions and
noise, outperforming existing methods and closely aligning with manual annotations.

In the domain of video saliency prediction, we present ViNet-S and ViNet-A, compact yet effective
models designed to predict saliency maps and identify salient regions in video frames. These models
are computationally efficient, balancing high accuracy with reduced model complexity.

Starting with a static, wide-angle camera feed, EditIQ generates multiple virtual camera feeds, mim-
icking a team of cinematographers. Speaker detection, saliency-based scene understanding, and LLMs-
driven dialogue analysis guide shot selection, which is formulated as an energy minimization problem.
This optimization ensures cinematic coherence, smooth transitions, and narrative clarity in the final
output.

The efficacy of EditlQ is validated through a psychophysical study involving twenty participants
using the BBC Old School dataset. Results demonstrate EditlQ’s ability to produce aesthetically com-
pelling and narratively coherent edits, surpassing competing baselines and showcasing its potential to

transform raw footage into polished cinematic narratives.

vi
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Chapter 1

Introduction

The widespread availability of affordable, compact cameras with advanced features like 4K recording
has made high-quality video capture more accessible. However, while recording is now easier, video
editing remains a complex, skill-intensive process. This complexity is evident across industries such
as live broadcasting, sports, news, and social media, where there is a high demand for swift, dynamic
video production.

Producing professional live recordings involves skilled camera operators capturing performances
from multiple angles. These feeds are then meticulously edited to create a polished nal product. The
challenges of live Iming, where retakes are impossible and equipment options are limited, further
complicate the process. The need for precision and the lack of room for error add to the dif culty.

Manual video editing, which is both slow and requires signi cant expertise, exacerbates the com-
plexity of producing high-quality recordings. As a result, achieving a professional standard necessitates
awell-coordinated team of camera operators, multiple cameras, and experienced editors, all contributing
to the intricate and costly nature of the production.

In the world of video production, there are three key stages: pre-production, production, and post-
production. Pre-production is all about preparation, where everything from scriptwriting to scheduling
is planned before Iming begins. Production is the stage where the actual Iming happens, capturing the
video content. Once the footage is collected, it moves into post-production, where it is carefully edited
to tell a compelling story or convey a speci ¢ message. This stage is detailed and time-consuming,
requiring a skilled editor to piece together the best moments from the footage.

Many video production companies often use xed wide-angle cameras placed far from the action to
capture the entire scene. While useful for archiving and providing a broad overview, these static shots
cannot often engage viewers by missing out on close-ups of faces, emotions, and interactions that are
key to storytelling. However, with high-resolution cameras, the need for multiple camera crews can be
minimized. A virtual pan/tilt/zoom (PTZ) camera can be simulated using vertical editing by choosing
a cropping window at each time inside the original recording. The pan/tilt movements are simulated
by moving the cropping window vertically and horizontally inside the image boundaries of the original
recording and the zoom is simulated by changing the size of the cropping window keeping a xed output
resolution. By using Virtual PTZ (Pan-Tilt-Zoom) simulation, editors can create the illusion of multiple



camera angles from a single static shot, adding variety and depth to the footage. This approach results
in a more dynamic and visually engaging video, giving the impression that it was Imed from different
perspectives.

The video editing pipeline consists of the following major steps:

« Content Analysis: Content analysis refers to extracting key information from a scene, which
is essential for editing. For example, the location of the actors on stage, the events and actions
happening on stage, identifying the speaker, salient regions (from saliency prediction), subtitle
generation, etc.

» Shot/Rush Generation: The shot generation step involves using a virtual camera simulation to
create multiple virtual PTZ shots from a static wide-angle recording. This is achieved by moving
cropping windows within the master shot, each following a speci ¢ actor or group of actors. The
process is framed as a convex optimization problem to ensure the shots are well-composed and
cinematic.

« Shot Selection:The shot selection step involves choosing the most effective shot at each moment
to best convey the storyline. This is done using an optimization algorithm that evaluates the
importance of each generated shot while following cinematic principles like avoiding jump cuts,
minimizing rapid transitions, and maintaining a consistent rhythm. Finding the importance of
each of the multiple shots at any given time is obtained by using different cues like speaker
information, salient regions, and dialogue interpretation obtained through content analysis.

This thesis explores content analysis in video editing, focusing on extracting key information such
as active speakers, actions using saliency prediction, and dialogue interpretation with Large Language
Models. It examines how these factors in uence shot selection in the editing pipeline and their impact
on the nal edited output. We quantitatively evaluated our ndings using the BBC Old School dataset,
as discussed in Chapter 3 & Chapter 5.

We brie y discuss the signi cance of the speaker, human gaze, and dialogue interpretation through
LLMs in video editing before outlining the key contributions of this thesis.

Speaker Driven Editing: Awareness of the person speaking at a given moment (active speaker)
is crucial in video editing, especially in dialogue-driven scenes. Simpler editing styles like Dragnet
(described by Murch in his book [1]) rely entirely on the active speaker information. In Dragnet style,
both the video and audio of each character's entire line are included within each edit, and the editing
process is akin to a tennis match, with rapid back-and-forth cuts that leave no space for reaction. The
other more sophisticated cuts like L-cuts or J-cuts also hinge upon the knowledge of the active speaker,
where the voice of the person seen in the outgoing shot continues, or the sound of the speaker who is
about to be shown is heard before the cut happens. Just like human editors, accurate knowledge of the
active speaker is essential for the realm of automated editing.



Naturally, majority of prior research efforts towards automated editing heavily rely upon active
speaker information [2—4]. However, identifying and detecting the active speaker remains challeng-
ing for automated editing systems, unlike human editors who can do so effortlessly. Most existing
methods either assume that the active speaker information is available [4] or utilize handcrafted features
and methods to detect it [2]. To this end, evaluating the applicability of current state-of-the-art active
speaker detection algorithms in the context of automated video editing is essential. In chapter 3, we
address this by proposing a simple audio-based method to predict an active speaker at any given time in
a video and evaluate the existing speaker detection algorithms and its impact on the video editing task.

Gaze Driven Editing:Previous efforts in automated video editing have aimed to enhance static wide-
angle footage into more dynamic content through machine learning and optimization techniques. The
objective is to lower production costs and complexity while maintaining high-quality output. To reduce
dependence on multiple camera operators, Gaathl. [5, 6] proposed a method for automatically
creating multiple clips suitable for editing by simulating pan-tilt-zoom movements within a single static
camera's frame. Moorthgt al.[3] showed that effective camera selection could be achieved by utilizing
eye-gaze data from viewers. Their approach assumes that people naturally focus on the most salient
parts of a scene, and gaze can act as a proxy to identify important elements. While their technique
yields strong results, its applicability is limited by the need for gaze data, which might not always be
accessible. To address this limitation, we use a computational video saliency model to simulate human
gaze. In Chapter 4, we present an ef cient Video Saliency Prediction model designed to estimate salient
cues such as actions within a scene.

LLMs for Dialogue Interpretation: To remove the reliance on external user data for video editing,
we introduceEditlQ, an entirely automated multi-camera video production system for staged events,
utilizing footage from one or more wide-angle, xed-position camer&slitlQ aims to harness the
potential of large language models (LLMs) for the task of automated video editing. Recent research
has demonstrated the powerful capabilities of LLMs in understanding essential scene components, such
as emotions [7], entailment [8], and co-reference resolution [9]. Our approach is the rst to show that
these models can be effectively employed to guide camera selection based on the narrative and dialogue,
and to determine which elements of a scene should be visually highlighted. In Chapter 5, we describe
the EditlQ pipeline, explain how LLMs and video saliency contribute to the shot selection process, and
evaluate the pipeline through a psychophysical experiment with twenty participants using the BBC Old
School dataset.

1.1 Contributions
The following are the key contributions of this thesis:

« We annotate the BBC Old School Dataset with active speaker labels, background noise, buzzer
presses, and silence, making it suitable for automated editing research. Additionally, we evalu-
ate three classes of Active Speaker Detection (ASD) algorithms within this dataset, including an



off-the-shelf audio-visual algorithm and adapted audio-based algorithms that integrate face ver-
i cation and visual tracking. Finally, we present comprehensive results and discussions on the
effectiveness of these algorithms when used with a dynamic programming-based editing frame-
work.

We propose ViNet-S, a lightweight model with just 9 million parameters that outperforms the
original ViNet, and ViNet-A, which uses an STAL backbone to improve feature representation in
multi-subject videos, particularly human-centric ones. Our experiments demonstrate that an en-
semble of ViNet-S and ViNet-A achieves state-of-the-art results across nearly all studied datasets.
We present extensive qualitative and quantitative results using nine different datasets.

Semantic shot potentials:We leverage innovative LLM and visual saliency-based predictions as
potentials to assess the signi cance of various rushes derived from the original footage. LLMs
offer dialogue-driven visual cues, whereas saliency enhances the understanding of scene actions.

Fully automated editing pipeline: The potentials obtained from active speaker detection, LLM
predictions, and visual saliency results are integrated with cinematic constraints, framing the se-
lection of camera shots as a discrete optimization task. This entire process is automated, needing
only the wide-angle video and scene data to produce the EditlQ can edit a 2-minute video

with ve performers in just 2 minutes on a PC with an Nvidia 4090Ti GPU. In comparison, manual
editing is far more labor-intensive and time-consuming.

Comprehensive Evaluation: Our method is tested on the professionally curated BBC-OSD
dataset [10], which is tailored for evaluating automated editing of wide-angle footage. Findings
from an extensive user study show tiEatitlQ outputs are favored by users in terms of narrative
impact, retention of emotions and actions, and the overall viewing experience.



Chapter 2

Background

2.1 Video Editing

2.1.1 Grammar of Cinematography

Cinematography is the art and science of capturing motion and live scenes on Im or digital me-
dia. The term comes from the Greek words "kinema” (movement) and “graphein” (to record). It en-
compasses visual elements like composition, lighting, and camera movement. The cinematographer,
who once operated the camera, now primarily supervises the camera operator and decides on settings
such as colour, depth-of- eld, zoom, and framing. Just as grammar structures verbal communication,
cinematography has its conventions and rules, forming its unique “grammar.” This section covers the
accepted vocabulary and guidelines for constructing and presenting visual elements, based on standard
cinematography and editing literature.

2.1.1.1 Aspect Ratio

The aspect ratio of an image refers to the proportional relationship between its width and height,
speci cally the ratio of width to height. It is typically presented in the format W:H, where W stands
for width and H represents height. For instance, a 16:9 aspect ratio indicates that for every 16 units
of width, there are 9 units of height. In cinema, common aspect ratios are 1.85:1 and 2.39:1, while
television and online videos frequently use 4:3 and 16:9 aspect ratios. Figure 2.1 represents an image in
different aspect ratios.

2.1.1.2 Shot Sizes

What sets movies apart from live theater is how Immakers control the audience's view. In theater,
the audience sees the entire stage in a wide shot and can only focus on different elements as they
choose. In contrast, movies use various shot sizes to guide what viewers see and how they see it. By
changing shot sizes, Immakers keep the visual experience dynamic and prevent monotony, while also
highlighting key elements of a scene at different moments.



Figure 2.1: Different aspect ratios. Images taken from BBC-OSD

Figure 2.2: Example of 7 different Shot Sizes. Image reproduced from web link

Various shot sizes can be employed for speci ¢ purposes or to evoke different emotional responses.
In his bookGrammar of the ShoThomson classi es shot sizes into three primary groups: the Long Shot
(LS) or Full Shot (FS), the Medium Shot (MS), and the Close Up (CU). These fundamental categories
can be expanded into additional shot types. Figure 2.2 illustrates 7 different shot sizes. For the edited
output videos, we utilize only ELS, MS, MLS, and MCU for any visual representation. Below is a brief

description of each shot size:



< Extreme Long Shot (ELS): Captures a wide eld of view, often used as an establishing shot to
show the entire scene and its surroundings. It helps depict the relationship between actors and
their environment.

* Long Shot (LS) / Full Shot (FS): Frames the entire body of the subject, with both head and feet
visible. It emphasizes the actor while still showing some of the surrounding environment, making
it easier to observe details like clothing and movement.

* Medium Shot (MS): Frames the subject from around the waist up, closely mirroring how we
naturally observe others in conversation. It offers a balance between showing the subject and the
surrounding environment, creating a comfortable and familiar view for the audience.

» Close-Up (CU):Focuses tightly on the subject, usually from just above the hairline to just above
the shoulders. This shot emphasizes facial expressions and emotions, minimizing the visibility of
the environment.

* Medium Long Shot (MLS): Frames the subject from around knee height, providing more context
of the environment while still focusing on the subject.

* Medium Close-Up (MCU): Frames the subject from the chest up, offering a closer view of the
subject's expressions while still providing some environmental context.

« Extreme Close-Up (XCU): This shot type occupies the entire frame with the subject's details,
such as the eyes, lips, or ngers, bringing the viewer very close. When capturing individuals this
intimately, we focus on their subtle gestures and expressions, almost as if through a magnifying
lens. Extreme Close-Ups create an intense sense of closeness to the subject, providing a level of
intimacy seldom experienced in daily life.

2.1.1.3 Composition

In addition to visual grammar elements like shot sizes and aspect ratios, components such as head-
room, look room (Rule of Thirds), and camera angles (high and low) contribute to the overall compo-
sition. In cinematography, composition refers to the framing and arrangement of elements within the
image. While following composition guidelines helps create visually pleasing shots, these rules are
exible and can be intentionally broken to achieve unique ideas and perspectives.

2.1.1.4 Camera Movements

The above described compositions come under static compositions where both the subject and the
camera remain stationary. However, compositions can shift with camera subject movement or both. This
dynamic aspect is what sets motion pictures apart from still photographs. While a photograph might
imply movement, it only captures spatial relationships within a single, unchanging frame. In contrast,



motion pictures are composed in both space and time, allowing for a more dynamic and evolving visual
experience.

Thomson [11] classi es the shot types based on the camera movement into simple, complex and
developing shots:

« Simple Shots: The camera is completely static, with no movement at all (lens, camera, or mount).

» Complex Shots:Involve lens and camera movement, but the mount remains stationary.Includes
pans, tilts, and zooms.

» Developing Shots:The camera’'s mount moves, optionally combined with lens and camera move-
ment. Includes dolly and crane shots.

The following is a brief description of differei@omplex Shots

» Pan: Horizontal rotation of the camera from a xed point, like turning your head side to side.
Used to follow a subject or shift focus between subjects.

 Tilt: Vertical movement of the camera lens, similar to nodding your head up or down. Often
reveals vertical elements like buildings or people.

« Zoom: Adjusting the lens to change the eld of view without moving the camera. “Zoom-in”
narrows the eld, while “zoom-out” broadens it.

In this thesis, we work with the BBC Old School Dataset, detailed in section 3.2.1, which consists of
footage captured with static cameras—meaning neither the lens, camera, nor mount moves. However,
addressing complex shots is crucial for video editing. Therefore, we apply algorithms and methods
from [5] to generate complex shots from these static recordings. Speci cally, we simulate Pan, Tilt, and
Zoom effects using videos originally recorded with stationary cameras.

2.1.2 Multi Camera Setup vs Single Camera Setup

Single Camera setupA single-camera setup, as the name suggests, involves using only one camera
to capture a scene. The simplest form is a static camera that records the entire action, commonly used for
archival purposes like theatre recordings. This method is cost-effective and straightforward, requiring
no camera operator and allowing for automatic recording. However, it's less engaging for professional
productions due to the lack of varied angles. In traditional Immaking, varying viewpoints with a single
camera require multiple takes, with actors repeating their performances as the camera is repositioned for
different shots. This approach gives directors greater control over each shot and is ideal for capturing
specialized shots with complex camera movements. However, it is time-consuming and demands expe-
rienced actors who can consistently replicate their performances. Additionally, maintaining continuity
during editing can be challenging, and the setup is unsuitable for live performances where multiple takes
aren't possible.



Figure 2.3: A sample edited sequence. Image reproduced from web link

Multi-Camera Setup: A multi-camera setup involves using multiple cameras to capture a scene
from different angles and shot sizes simultaneously, allowing various shots to be obtained in a single
take without interrupting the action. For example, one camera might focus on close-ups of actors while
another captures a wide shot of the entire scene, known as the “master shot,” which ensures continuity
and serves as a fallback during editing. The primary advantage of a multi-camera setup is its ef ciency
in recording time and ease of editing, as it maintains continuity and allows for a variety of angles.
However, this setup gives the director less control over individual shots, requires a larger crew and more
equipment, and can limit complex camera movements due to the need to accommodate other cameras'
elds of view. Despite these drawbacks, multi-camera setups are essential for live broadcasts, such as
sports events, and are favoured in recording staged performances, offering viewers more dynamic and
detailed perspectives than a single-camera setup.

2.1.3 \Vertical Video Editing

Video Editing: Video editing, or montage, involves selecting, rearranging, and cutting shots from
raw footage (known as “rushes”) to create a coherent and effective narrative. While editing can also
include applying visual enhancements, our focus is on the manipulation and sequencing of shots over
time to ensure the story is told in the most compelling way. The editor's role is crucial in choosing the
best shots and arranging them to present the action and narrative clearly and engagingly. Figure 2.3
shows a sample edited sequence.

Vertical Editing: Traditional editing with single or multi-camera setups involves capturing scenes
with either one camera requiring multiple takes or multiple cameras each focusing on different angles.
This method limits the number of available shots. Vertical editing, introduced by Walter Murch, offers
an alternative by allowing editors to crop different shots from a single master shot. This technique,
unlike traditional methods, enables more exible shot selection without the need for multiple cameras
or repeated takes.

Virtual PTZ Camera: Vertical editing also facilitates the creation of a virtual pan/tilt/zoom (PTZ)
camera by adjusting the cropping window within the original master shot. By moving this window
horizontally or vertically, editors can simulate pan and tilt movements, while changing the window



Figure 2.4: (a) Master Shot (b) Some shots generated from the Master Shot. Here only 5 shots are
shown.

size mimics zooming. This method allows for dynamic shot variations without physically moving the
camera and can be applied to both real and virtual environments, though in this context, it refers to
editing real-world footage.

2.1.4 Rush Generation

Using vertical editing, multiple virtual cameras can be simulated from a single master shot, focusing
on different elements within a scene. This process, known as “rush generation,” mimics the work of
a virtual camera crew, producing a variety of compositions that can be edited together like traditional
multi-camera footage. This computational approach streamlines the editing process, providing exi-
bility and ef ciency in shot selection and assembly. Gandhi et.al [5] presents the most comprehensive
work to computationally generate rushes. We use this method iRukh Generationsection 3.3.3.1
& section 5.2.2) phase of our experiments.

A signi cant advantage of using a virtual camera setup is that it requires only a single, non-operated
camera to cover an entire scene (Figure 2.5(b)), allowing the editor to create multiple smaller shots
from the master shot, as illustrated in Figure 2.4. For instance, Figure 2.4 demonstrates that, with a
traditional multi-camera setup, generating ve shots would require ve different cameras. In contrast,
using a single camera setup would necessitate ve repetitions of the same scene. However, with a virtual
camera setup, ve shots can be produced from a single master shot. Furthermore, if the scene depicted in
Figure 2.4(a) is captured from four different viewpoints using four cameras, it would yield 20 shots from
all angles. In a traditional single or multi-camera setup, this would require 20 repetitions of the scene
and 20 cameras. Therefore, a virtual camera setup is both cost-effective and time-saving compared to
traditional methods, which would demand multiple cameras or repeated takes. Virtual camera simulation
also provides exibility, allowing the editor to explore a wide range of shot options, particularly when

10



Figure 2.5: (a) Multi Camera Setup where each camera covers the entire scene in different view points,
unlike the traditional multi-camera setup where each of the camera captures different shots/framings
of different actors.(b) Single Camera Setup where a single camera covers the entire scene unlike the
traditional single camera setup

more actors are involved, and can enhance traditional multi-camera setups by generating additional shots
from the master shot without incurring extra costs.

However, a signi cant disadvantage of virtual camera simulation is the loss of resolution when cre-
ating tighter shots, as only a portion of the original image is used. This makes it suitable mainly for
contexts where reduced resolution is acceptable, such as web streaming. Additionally, virtual camera
shots cannot change the camera angle, meaning all generated shots retain the original perspective of the
master shot. Despite these limitations, advancements like 4K cameras could expand the applicability of
virtual camera simulation in the future.

2.1.5 Shot Selection

Given the multiple rushes, the shot selection step selects the most impactful shot to narrate the story
at each moment. This process is framed as a discrete optimization problem, evaluating the signi cance
of each shot while following cinematic rules—avoiding jump cuts, rapid transitions, and maintaining
rhythm. Shot importance is determined as shot potential using scene elements like speakers, saliency,
and dialogue, with cinematic principles modeled as penalties. The nal edit is found by optimizing a
path through an editing graph, where each frame confins 1 nodes representing shots, and edges
indicate cuts or continuations.

2.1.6 Cinematic Constraints

Following cinematic principles is crucial for producing a re ned, well-edited output. These princi-
ples are implemented through penalty terms. We identify three distinct types of penalties, which are
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explained further below. The overall penalty for a speci ¢ shot is the sum of these individual penalties
at each timestamp.

Overlap Penalty:When transitioning between two consecutive shots, too much overlap can result in
a jump cut, disturbing the ow and creating a jarring visual effect. To prevent such abrupt transitions,
we introduce an overlap penalty that aims to reduce the overlap between consecutive shots. This penalty
is enforced only when two separate shetsamdsjt+1 , are involved, and a cut is made between them.
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In this case, denotes the overlap ratio, which is determined by the intersection-over-union (loU) of
two consecutive shots} andsjt+1 . The penalty is applied in a piecewise manner: no penalty is imposed
if the loU is below the threshold, and a linear penalty is applied for loU values betweeand , and
a large penalty is assigned when the overlap ratio surpasseimdicating a substantial overlap that
breaches cinematic guidelines.

Rhythm Penalty: The timing of cuts is crucial in shaping the overall atmosphere of a scene during
video editing. The length of a shot plays a key role in how the audience perceives the mood and intensity
of a sequence. For instance, extended shots foster a slower pace, evoking calmness or emotional depth,
often found in romantic or re ective scenes. Conversely, brief shots generate a quicker pace, amplifying
tension or excitement, a common technique in action sequences. To control the rhythm of cuts, we
introduce the rhythm penalty, which adjusts shot duration to preserve the cinematic ow. This penalty
is applied depending on the duration of the current shptaalculated as follows:
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In this equation, represents the duration of the current shot, whilmdm are parameters that
regulate the rhythm of cuts. The constant@ind » act as scaling factors for the rhythm penalty. When
transitioning to a new shdt 6 j), the penalty becomes greater if the shot is cut too soon, i.e., before

= | seconds, to discourage overly quick transitions. Conversely, if a shot is held for an extended
period(i = j), the penalty increases asurpasses seconds, prompting a cut to bring in fresh visual
content. These two conditions work together to manage the rhythm of cuts, ensuring the scene maintains
a balanced pace—neither too fast nor too stagnant.

Transition Penalty: Rapid cuts in video editing can disorient the viewer and diminish the emotional
impact of a scene. Such quick transitions may obscure crucial elements, hinder narrative coherence,
and reduce the overall visual appeal. To avoid this, we introduce a transition penalty that enforces a
minimum duration for each shot. For two consecutive sh}btands{+1 , the penalty is expressed as:
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Figure 2.6: Sample Eye Tracker
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Here, wans is the transition penalty parameter.

2.2 Video Saliency Prediction

2.2.1 Eye Tracker

Our objective is to explore how visual information is processed by the human brain, how the eyes
respond to this information through movement, and how these reactions in uence the subsequent visual
data captured. To achieve this, we require a device that can accurately capture the eye's response to
different types of visual stimuli and project this data onto a 2D plane. In the past, participants were
asked to use a mouse to identify regions of interest within an image, but this approach resulted in
inaccurate xation maps and, consequently, awed saliency maps. As a result, models trained on these
datasets produced unreliable predictions.

However, with recent technological advancements, eye trackers have become available, enabling pre-
cise, real-time tracking of eye movements. Figure 2.6 illustrates a typical eye-tracker, which comprises
cameras, projectors, and algorithms. The projectors generate a near-infrared light pattern on the eyes,
and the camera captures high-resolution images of the eyes and the pattern. To determine eye position
and gaze point, machine learning, image processing, and mathematical algorithms are employed. The
device is mounted on the monitor displaying the image, and the participant views the image brie y while
the eye movements are recorded at a prede ned frequency. This data is used to create a binary xation
map, and applying a Gaussian lter yields a probability distribution known as a saliency map. These
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Figure 2.7: (a) Sample frame in a video from MVVA dataset. (b) Corresponding Saliency Map.

saliency maps are signi cantly more reliable as they are based on actual eye-tracking data, thereby aid-
ing in the development of more robust saliency prediction models. Figure 2.7 shows a sample frame and
its corresponding saliency map.

2.2.2 Video Saliency Datasets

In this section, we will discuss the creation of saliency datasets, using the DHF1K dataset as an
example [12]. DHF1K is one of the largest and most comprehensive video saliency datasets, designed
to capture gaze behaviour during free viewing of videos. It comprises 1,000 videos with diverse content
and lengths, annotated with eye-tracking data from 17 observers.

The creators of DHF1K began by examining existing datasets to understand how dynamic human
xations were in uenced by both static image features and temporal video information, as well as to
identify the gaps in available data. For example, the Hollywood-2 dataset, which was the largest at the
time, lacked generality because it contained only videos from Hollywood movies. To address this, the
DHF1K team collected videos from YouTube using around 200 key terms (such as dog, walking, car,
etc.) and carefully selected 1,000 videos. This large-scale, high-quality dataset was essential to ensure
content diversity, which is crucial for creating a long-lasting benchmark. All videos were standardized
to a 30fps frame rate and resized to a 640x360 spatial resolution.

Ensuring diversity was a key aspect of the dataset creation, so each video was manually annotated
with one of 150 category labels and further classi ed into seven main categories (such as daily activities,
sports, and art). The selection process also accounted for various objects within the videos, as previous
research indicated that object information signi cantly in uences human xations.

After collecting the videos, the next step was to annotate them with real eye-tracking data from
humans. This was done using the Senso Motoric Instruments (SMI) RED 250 system, which recorded
eye movements at a sampling rate of 250 Hz. Eye-tracking data was collected from 17 participants (10
males and 7 females, aged between 20 and 28) who completed eye-tracker calibration and had less than
a10% xation dropping rate. In total, 51,038,600 xations were recorded across 1,000 video sequences,
encompassing 582,605 frames and a total duration of 19,420 seconds.
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Chapter 3

Assessing active speaker detection algorithms through the lens of
automated editing

3.1 Related Works

3.1.1 Active Speaker Detection Algorithms

Active speaker detection (ASD) algorithms aim to identify active speakers in a scene [13]. ASD
requires input from both visual and audio modalities. If we have beforehand knowledge of the actor's
faces and their corresponding voices in a scene, then ASD can be performed by pure audio-based di-
arization [14]. In the wild setting, where such information is unknown, recent methods apply deep neural
networks on face tracks to detect if the voice is synchronized with the lip and face movement [15]. Our
work investigates a controlled setup where the numbers of actors and their identities are known upfront;
hence, both approaches are applicable. We brie y review the advancements in speaker diarization and
ASD below. We then discuss automated editing algorithms that utilize active speaker information.

3.1.1.1 Speaker Diarization

Speaker diarization is the process of separating an audio recording that contains multiple speakers
into distinct segments based on the speaker's identity. Most speaker diarization systems [16—18] consist
of multiple relatively independent components (a) a speech segmentation module, which removes non-
speech segments, (b) a module to extract speaker-discriminative embeddings [19, 20], (c) a clustering
module and (d) a re nement module which enforces additional constraints to further re ne the diariza-
tion results [16]. More recent attempts have aimed to consolidate these modules and train diarization in
an end-to-end manner. The end-to-end Neural Diarization (EEND) family of approaches [21-24] model
diarization as a multi-label classi cation problem using permutation-invariant training.

3.1.1.2 Audio Visual ASD

In the early days of Audio Visual Active Speaker Detection (ASD), basic visual features such as
upper body [25] and facial [26] movements were utilized to predict the active speaker. However, the ef-
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fectiveness of this method was limited due to the weak correlation between body movements and speech
activity. Later, the combination of audio and visual information proved to be much more bene cial in
performing ASD [27]. Audio Visual Fusion techniques approached the task by assigning speech to
one of the speakers in a video [28]. Some methods view ASD as a classi cation model that evaluates
each speaker in the video and outputs an active speaker label for each of them [29]. Lately, various
deep learning architectures have been proposed like TalkNet [30] with attention mechanism, and Graph
Neural Networks [31] have been developed and have provided signi cant performance improvements
in ASD. We brie y describe TalkNet which is used in our experiments below.

3.1.1.2.1 TalkNet is a complete system developed to process cropped face videos along with their
corresponding audio to identify whether the individual is speaking in each frame. As shown in Figure
3.1, this system consists of a feature representation frontend and a speaker detection backend classi er.
The frontend contains both an audio temporal encoder and a video temporal encoder, which transform
the frame-based audio and video inputs into time-sequenced embeddings that encapsulate the temporal
context. The backend classi er utilizes an inter-modality cross-attention mechanism to align audio and
visual content in real time, as well as a self-attention mechanism to detect speaking activity within the
temporal context at the level of the utterance.

Figure 3.1: TalkNet Architecture. Image reproduced from [30]

3.1.2 Video Editing

Several previous automatic editing methods employ speaker information for editing. Classical com-
putational editing systems [32-35], for example, use speaker detection algorithms to determine who
is talking and select a camera known to have a shot of that person. More recently, [4] proposed an
optimization-based approach for automatically creating well-edited movies from a 3D animation. They
employ speaking as one of the main action categories. Work by [2] proposes an editing framework
based on a user-speci ed set of Im-editing idioms. They employ idioms like speaker visibility, which
ensures that the speaker of each line of dialogue is visible. The work by Moorthy et al. [3] suggests
that speech-based editing scores highly with respect to conveying actor emotions. We take a similar
approach to [3] and replace gaze potential with speaker potential. Our work is also related to previ-
ous works that pose video editing as a discrete optimization problem, solved using dynamic program-
ming [36], [4], [37], [38].
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Figure 3.2: Screenshots of a scene from 4 different camera views in the Old School BBC Dataset.
Screenshots from Camera 1 to Camera 4 can be seen from left to right.

3.2 Datasets

3.2.1 BBC Old School Dataset

The study utilizes the BBC Old School Dataset (BBC-OSD) [10]. BBC-OSD, curated by BBC R&D,
is a comprehensive resource for advancing research into Al-driven automated video editing. It features
wide-angle, zoomed-out camera views that capture the activities of multiple actors in each scene, of-
fering a varied scenario for assessing ASD algorithms. Unlike typical medium-close-up shots (e.g.,
newsroom settings), these wide-angle views support both virtual camera simulations [5] and camera
selection in terms of view and virtual shot [3]. The dataset includes raw footage from a multi-camera
shoot of a game show called Old School, as well as processed videos representing multiple takes of
different scenes from the show. Screenshots from different camera views of the dataset videos can be
visualized in Figure 3.2. It is important to note that the multi-camera setup used for this dataset differs
from traditional multi-camera setups. Instead of capturing various shots or framings of the actors, this
setup covers the entire scene from four distinct viewpoints. Figure 2.5(a) illustrates a camera setup
similar to that used in this dataset.

We use the Edit Decision List (EDL) corresponding to the human-edited programme to extract videos
of a total duration of 30 minutes from the processed shoot videos as shown in Figure 3.3. They also
provide a human-edited programme as a benchmark for automated editing systems.

3.2.2 Dataset Statistics

The dataset consists of 18 video clips with a total duration of al3@uninutes. There are 5 unique
identities with voice tracks and faces. There is only one off-screen speaker in theBe#tdang and
Buzzersounds are the non-speech sounds.The total duration of overlapped speech segments and speech
activity in the video amounts t:3 minutes an®5 minutes respectively.

3.3 Methodology

3.3.1 Annotation Process

We provide ground truth speaker annotations for these videos taken from one camera view, which
are the same for all the camera views.We use the open-source project VIA tool for annotations. Its GUI
and annotation process can be visualized in [Figure-3.4]. We follow the below steps for annotation:
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Figure 3.3: Edit Timeline/Edit Decision List: A sequence of chosen moments from different takes by
professionals, woven together to tell the story.

3.3.1.1 Generating Face and Voice Tracks

For face crop tracks generation, we follow the steps described in the face track annotator of VIA tool.
We rst automatically generate face tracks using VGGFaceTracker [39, 40]. Then we manually lter,
select and update the annotations. For all the videos, we manually generate voice tracks by watching
the video and listening to the audio stream concurrently. Human annotators re ned the start and end of
speech segments to get accurate labels for the segments. We merge neighbouring segments of the same
speaker if the gap between the segments is less than 1 second. We also consider the speech segments
even ifitis less than 1 second and generate voice tracks and labels for such segments. In addition to the
speaker's voice tracks annotation we also provide labels for off-screen speakers, and non-speech sounds
like bell ring, buzzer. As a nal step, the annotations are manually veri ed by 3 annotators to get quality
labels.

3.3.1.2 Labelling the face and voice tracks
As all the videos in the dataset have the same set of speakers, video level identity labels of speakers
are the same across all the videos.

3.3.2 Speaker detection methods

We describe different types of active speaker detection methods used and the ways we rely on speaker
information in the task of video editing with different approaches.We have used Audio Visual Active
Speaker Detection (ASD), Audio-based Speaker Diarization and Audio-based KNN Classi er methods
for speaker detection
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