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Abstract

Human action recognition (HAR) refers to the task of identifying and classifying hu-
man actions within videos or sequences of images. This field has gained significant im-
portance due to its diverse applicability across various domains, such as sports analytics,
human-computer interaction, surveillance, and interpersonal communication. Accurate ac-
tion recognition becomes especially difficult when the camera distance changes, because
the cues that matter shift with scale. For instance, a close-up hinges on facial emotion
(such as smiles and eye gaze), whereas a medium shot relies on hand gestures or objects
being manipulated.

In the context of HAR, we distinguish two primary scenarios that illustrate this chal-
lenge. The first is the far-field scenario setting, characterized by subjects positioned at a
distance and often exhibiting rapid movement, which leads to frequent occlusions. This
scenario is commonly observed in sports broadcasts, where capturing the game’s dynamics
is essential. In contrast, the near-field scenario setting involves subjects that are nearby
and tend to remain relatively static. This setting enables the capture of subtle yet informa-
tive gestures, similar to those observed in presenter-focused videos. Although most studies
treat these regimes separately, modern media (films, replays, vlogs) cut or zoom fluidly
between them. An effective recognizer must therefore decide dynamically which cues to
prioritize: facial emotion in tight close-ups, hand or torso motion in medium shots, and
full-body dynamics in wide views.

Despite substantial progress, current HAR pipelines rarely adapt across that zoom
continuum. This thesis, therefore, asks: What scale-specific hurdles confront human action
recognition in far-field scenario, near-field scenario, and zoom-mixed scenarios, and how
can insights from separate case studies keep recognition robust when the camera sweeps
from full-body scenes to tight close-ups and back again?

To answer, we contribute three scale-aware systems:

1. Hockey Action Identification and Keypose Understanding (HAIKYU) (far-
field scenario). For hockey broadcasts, we introduce temporal bounding-box nor-
malization, which removes camera-induced scale jitter, and a 15-keypoints skeleton
that adds stick endpoints. Combined with normalization, this improves Top-1 ac-
curacy from 31% to 64%, showing that stick cues are indispensable for ice-hockey
actions.

2. Confidence Fostering Identity-preserving DyNamic Transformer (CON-
FIDANT) (near-field scenario). We curate a 38-class micro-gestures dataset
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and train an upper-body action recognizer that flags unconfident cues, such as fold-
ing arms, crossing fingers, and clasping hands. A diffusion-based video editor then
rewrites these segments into confident counterparts, serving as a downstream demon-
stration of fine-grained recognition.

3. Scale-aware routing framework for mixed-zoom action recognition (Zoom-
Gate) (zoom-mixed scenario). A lightweight zoom score derived from the bound-
ing box area and the density of detected keypoints routes each tracklet to the spe-
cialist model best suited to that scale. Experiments confirm that this scale-aware
routing, combined with context-specific skeletons, delivers robust performance across
mixed-zoom datasets.

Collectively, these contributions demonstrate that coupling scale-aware preprocessing
with context-specific skeletons can maintain pose-centric HAR reliability across the zoom
spectrum. The resulting frameworks open avenues for real-time segmentation, multiview
fusion, and ultimately a unified, scale-invariant action understanding pipeline.
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Chapter 1

Introduction

Human action recognition (HAR), the process of identifying and classifying human move-
ments from visual data, has emerged as a crucial area of research in computer vision [2]
due to its wide-ranging applicability across various domains, including sports analysis [19],
autonomous driving [52], human-computer interaction [19], and video surveillance [23]. Yet
accurate recognition remains challenging whenever shot scale changes, because the salient
cues for an action shift with resolution: gross limb motion in wide views, torso twists in
medium views, and facial or finger micro-expressions in close-ups. Moreover, reliable inter-
pretation often hinges on contextual information, which includes domain-specific signals
such as sport equipment, scene layout, or specialized keypoints that disambiguate visually
similar gestures.

The cinematic language further underscores the importance of scale agility. Directors
routinely cut from a wide establishing shot that shows a full-body silhouette to a medium
two-shot and then to a tight close-up, filling the frame with a single face or hand. Humans
effortlessly track the continuity of motion across these radical changes in viewpoint and
resolution, yet most learning-based recognition pipelines fail to do so. Each cut resamples
action at a new pixel footprint, so the cues that matter shift from gross limb trajectories
in the wide shot, to torso twists in the medium shot, to finger or facial micro-expressions
in the close-up. A practical HAR system must therefore infer the current shot scale and
dynamically prioritize the feature subset that remains reliable at that scale.

This thesis concentrates on two canonical yet contrasting settings: the far-field scenar-
ios, characterized by broadcast footage of sporting events that depict distant, rapid move-
ments with lower-resolution visuals; and the near-field scenarios, exemplified by close-up
recordings of presenters, where subtle gestures and intricate details are visible. Address-



ing the unique challenges posed by these distinct scenarios requires the development of
specialized methodologies tailored to their specific needs.

However, tackling either regime in isolation is insufficient once modern media (films,
vlogs, instant replays) fluidly zooms or cuts between them. Consequently, we study
skeleton-based HAR across the zoom continuum, with an emphasis on flexible, context-
aware frameworks that stay robust as camera distance varies.

The remainder of this chapter (i) motivates the study in more detail, (ii) analyses the
specific challenges of far-field scenarios, near-field scenarios, and zoom-mixed scenarios, (iii)
states our research objectives, (iv) summarises the thesis contributions, and (v) provides
a roadmap for the chapters that follow.

1.1 Motivation

HAR has witnessed significant advancements driven by increasing demand across diverse
application areas. In sports analytics, precise action recognition can significantly enhance
the analysis of player strategies, inform coaching decisions, and optimize athlete perfor-
mance. For instance, identifying subtle hockey-specific movements can reveal strategic
plays that are time-consuming to detect through manual observation.

At the opposite end of the camera spectrum, near-field scenarios, particularly the anal-
ysis and transformation of micro-gestures, hold potential for profound impacts in fields
such as communication coaching, public speaking, and personal development. Effective
recognition and editing of these subtle behaviours can help individuals present themselves
with greater confidence and clarity. Figure 1.1 provides a visual illustration of the distinc-
tion between near-field scenarios and far-field scenarios, highlighting typical examples of
each context and showcasing differences in visual conditions and keypoint visibility.

Generative video models further heighten the importance: realistic synthesis or editing
depends on precise, frame-level action descriptors. When recognition fails, because a face
suddenly becomes a tiny blob, or a full-body silhouette zooms into a close-up, the generative
pipeline loses its guidance, producing implausible or identity-breaking artifacts. Robust,
scale-aware HAR is therefore a prerequisite for trustworthy video generation and editing.

Despite their importance, existing research often focuses exclusively on either scenario,
either in far-field scenarios, which are optimized for tiny, fast athletes under erratic camera
motion, or in near-field scenarios, where high-resolution faces and hands dominate. Real
media, however, rarely respects that boundary. Broadcast replays zoom from rink-wide



views to a shoulder-level crop of the goal scorer; vloggers cut between a head-and-shoulders
camera and a wide room shot; autonomous-driving dashcams must recognize pedestrians
who start as distant blobs and end as full-body close-ups next to the vehicle. A practical
HAR engine must therefore continuously adapt its feature focus and representation as the
apparent scale of the subject changes.

This thesis is motivated by the absence of a single, scale-aware framework that can
simultaneously stay stable when athletes shrink to a few dozen pixels under drastic camera
pans, remain sensitive when the very same subjects suddenly dominate the frame and
reveal millimetre-scale gestures, and transition gracefully as the video stream zooms, cuts,
or dollies between those extremes. To close that gap, we develop three complementary
case studies. For the far-field scenario regime, we target ice-hockey broadcasts, where
distant players, rapid motion, and stick—puck interactions stress existing methods. For
the near-field scenario regime, we focus on presenter videos, detecting subtle confidence-
related micro-gestures. Finally, to cope with the zoom-mixed scenarios typical of cinematic
editing, where directors jump from wide establishing shots to tight close-ups, we introduce
a lightweight routing mechanism that fuses the specialist pipelines, yielding robust HAR
across the full-scale continuum.

FET 52 1 i IETEERET=Y ! #
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Figure 1.1: Illustration of near-field versus far-field action recognition scenarios, highlight-
ing the distinct visual characteristics and challenges in each context. Near-field imagery
emphasizes detailed, subtle gestures, which require fine-grained pose analysis, while far-
field imagery typically includes distant, low-resolution subjects with frequent occlusions
and rapid movement.



1.2 Challenges

Each camera scenario presents unique challenges that complicate traditional action recog-
nition methods.

1.2.1 Far-field scenarios

Low resolution: Although broadcast footage may be high resolution overall, subjects
typically appear very small in far-field views. This results in low-resolution represen-
tations of the players themselves, where detailed poses are difficult to estimate.

Camera-induced distortions: Rapid panning and zooming introduce spatial jitter, scale
variations, and pose distortions, reducing action recognition accuracy.

Occlusions: Common in team sports such as ice hockey, occlusions often obscure critical
body parts or equipment, making accurate skeletal keypoint extraction difficult.

Lack of sport-specific modelling: Traditional skeleton models omit essential elements
such as ice-hockey sticks, which are crucial for distinguishing between similar actions.

1.2.2 Near-field scenarios

Fine-grained motion detection: Subtle micro-gestures, such as finger fidgeting or crossed
arms, require precise detection of minor movements, often missed by generic skeletal
keypoints.

Over-specification: High visibility can lead to excessive keypoint data, demanding effi-
cient selection mechanisms to avoid unnecessary model complexity.

Partial occlusions: Hands or facial features may occasionally exit the frame, limiting
data consistency and reducing recognition reliability.

Individual variability: Micro-gestures vary significantly across individuals and contexts,
necessitating advanced methods for robust and meaningful classification.



1.2.3 Zoom-mixed scenarios

Shot—scale discontinuities: Abrupt cuts from a wide shot to a tight close-up (or vice-
versa) break temporal smoothness; frame-to-frame keypoints trajectories become un-
reliable, confusing trackers and recurrent models.

Feature-relevance shift: Cues that are discriminative at one scale, such as whole-body
silhouettes in wide views, become uninformative or invisible at another. In contrast,
new cues, such as eyebrow raises in a close-up, suddenly appear. A single feature
extractor must therefore re-weight its evidence on the fly.

These additional hurdles further reinforce the need for specialized far-field scenarios
and near-field scenarios pipelines, as well as a fast routing mechanism that can mediate
between them when the scale fluctuates within a single zoom-mixed scenario.

1.3 Research Objectives

The primary objective of this thesis is to address the performance gap that arises when
camera scale changes by devising scale—aware, skeleton—based pipelines for far-field scenar-
ios, near-field scenarios, and zoom-mixed scenarios. Concretely, we pursue five objectives:

1. Robust distance-specific pipelines. Design pose-centric recognition systems that
remain reliable under (i) rapid, occlusion-prone sports footage and (ii) close-range
videos dominated by closeup scale micro-gestures.

2. Domain-specific cues and normalization. Introduce camera motion-compensated
bounding-box normalization for far-field scenario tracks. Additionally, augment generic
skeletons with task-critical key points, such as hockey-stick endpoints and whole-hand
landmarks, for near-field scenario settings.

3. Empirical benchmarking. Build purpose-made datasets, train the proposed mod-
els, and provide a rigorous comparison against state-of-the-art baselines to quantify
accuracy gains and failure cases.

4. Scale-aware framework. Develop a lightweight zoom-estimation and routing mech-
anism that dispatches each tracklet to the specialist recognizer best suited to its
current shot scale.

Achieving these objectives pushes pose-based HAR toward a practical, context-aware
solution that adapts seamlessly to camera distance.



1.4 Contributions

To address these objectives, this thesis delivers three projects, each targeting a different
point on the zoom spectrum:

Research 1 (Far-field scenario): HAIKYU, addressing action recognition in far-field
scenario hockey broadcasts through temporal bounding-box normalization and hockey-
specific skeletons with stick endpoints.

Research 2 (Near-field scenario): CONFIDANT, focused on detecting and editing
subtle near-field scenario micro-gestures to enhance perceived confidence, supported by a
novel dataset and a diffusion-based generative editing pipeline.

Research 3 (Zoom-mixed scenario): ZoomGate, a scale-aware framework for cin-
ematic video. It estimates the zoom level using the BB area and keypoints density, then
routes tracklets to the appropriate specialist recognizer. Experiments show improved sta-
bility across heterogeneous zoom conditions, especially in film-style shot changes and con-
tinuous zooms.

1.5 Outline of the Thesis

This thesis explores skeleton-based action recognition across three contrasting visual do-
mains: far-field scenarios sports broadcasts, near-field scenarios presenter videos, and
zoom-mixed scenarios movie scenarios. It presents three core research projects, each
forming the basis for a manuscript and contributing to a comprehensive understanding
of pose-driven action recognition.

Chapter 1 introduces the research motivation and provides an overview of the thesis
structure and objectives.

Chapter 2 surveys prior work in human action recognition with an emphasis on skeleton-
based methods. It reviews challenges specific to far-field scenarios sports, near-field sce-
narios micro-gestures analysis, and zoom-mixed scenarios cinematic video, highlighting
how scale variation complicates recognition. The chapter also discusses related advances
in generative video editing, which provide context for the CONFIDANT framework, and
establishes the need for scale-aware, context-sensitive recognition pipelines.

Chapter 3 outlines the methodological foundations used in far-field scenario sports sce-
narios, focusing on player tracking, pose extraction, and action classification in hockey
broadcasts. It introduces HAIKYU: a pipeline designed to stabilize broadcast camera



effects and leverage hockey-specific keypoints for improved recognition performance. In
addition, it evaluates the HAIKYU pipeline through both quantitative and qualitative
analysis, including empirical results that compare keypoint configurations and normaliza-
tion strategies, as well as visual examples and critical insights into limitations.

Chapter 4 describes the CONFIDANT framework for near-field scenario micro-gestures
recognition and video-based behavioural editing. It details the creation of the CUT dataset,
the pose-based generative editing pipeline, and the use of diffusion models for identity-
preserving transformations. Additionally, it presents the experimental results of the CON-
FIDANT system, including accuracy in gesture classification, perceived confidence gains,
and a qualitative evaluation of realism and continuity in edited videos.

Chapter 5 introduces ZoomGate, a scale-aware framework designed for zoom-mixed
scenarios, where shot scales vary abruptly. ZoomGate employs heuristics based on BB
area and keypoints density to estimate zoom level, then routes each person tracklet to the
most appropriate specialist recognizer (far-field scenario, near-field scenario, or full-body).
This approach ensures robust performance across film-style shot changes and continuous
zooms. The chapter reports qualitative analyses that illustrate how explicit scale reasoning
prevents failures in multi-scale video.

Chapter 6 concludes the thesis by summarizing the main contributions, identifying
limitations across the three research projects, and outlining future directions. These include
expanding datasets, developing unified architectures with scale and view invariance, and
exploring multimodal fusion.



Chapter 2

Background Research

This chapter provides foundational knowledge and essential context required to understand
the contributions and methodologies presented in this thesis. It covers key areas, including
human pose estimation (HPE) and skeleton-based action recognition, specific challenges
associated with far-field scenarios, near-field scenarios, and zoom-mixed scenarios, as well
as context-aware recognition approaches. Finally, we outline advances in generative video
editing that motivate our confidence-enhancing pipeline. Throughout this review, we high-
light both state-of-the-art techniques and their limitations, laying the groundwork for the
subsequent chapters.

2.1 Human Pose Estimation and Skeleton-Based Action
Recognition

Human pose estimation (HPE) is the task of detecting key anatomical points, such as
joints and limbs, on the human body in images or videos. Skeleton-based action recog-
nition utilizes these structured pose data to represent human movements as sequences of
keypoints configurations. By abstracting away appearance and background details, this
representation simplifies the analysis of complex motion. Moreover, skeleton-based ap-
proaches exhibit robustness to variations in clothing and environmental conditions, which
is especially valuable under occlusion or clutter [9].

Early methods typically employed generic two-dimensional skeleton models. A widely
adopted standard is the COCO keypoint model, which defines 17 core body joint loca-
tions [31]. While this standard model provides broad applicability across various activi-



ties, it lacks the finer detail required in specialized domains such as gesture recognition or
equipment sports.

To overcome this limitation, extended whole-body pose models have been introduced.
Notably, the COCO-WholeBody dataset and model [27] annotates 133 keypoints per per-
son, encompassing detailed landmarks for the face (68 points), hands (42 points), and feet
(6 points), in addition to the core body joints. Figure 2.1 contrasts the standard and
extended COCO configurations, illustrating that while the full-body model enables richer
analyses of fine-grained gestures involving facial expressions or hand movements, it comes
with increased complexity and computational cost.
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Figure 2.1: Comparison between the standard COCO skeleton model (left), comprising 17
body keypoints, and the full-body COCO model (right), featuring additional keypoints for
the face (68), hands (42), and feet (6). The extended model supports more comprehensive
gesture analysis at the expense of increased computational complexity.

Recent advances in skeleton-based action recognition have shifted toward deep-learning
frameworks, particularly graph convolutional networks (GCNs) methods that model the hu-
man body as a graph of joints. spatio-temporal graph convolutional network (ST-GCN) [55]
and its variants treat each joint as a node in a graph and learn both spatial connections,
such as bones or joint relations, and temporal dynamics of how poses evolve over time.
Notable models in this line include ST-GCN [55], 2s-AGCN [12], and STGCN++ [14],
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which have demonstrated high effectiveness in capturing complex movement patterns. Fig-
ure 2.2 illustrates a generic GCN-based action recognition workflow: a skeleton sequence
is converted into a spatio-temporal graph, passed through stacked GCN layers, and finally
mapped to an action-probability vector.

Waving a hand

%,
%%
4

Skeleton Sequence GCN Action Class Scores

Figure 2.2: A video is first converted to a sequence of skeletons, which forms a spatio-
temporal graph. Successive graph-convolution layers extract hierarchical motion features
that a final softmax layer converts into class probabilities.

Although this thesis primarily addresses skeleton and contextual information due to
their interpretability and efficiency, it acknowledges that incorporating other modalities,
such as red—green—blue color model (RGB) video, optical flow, audio, or inertial data, can
further enhance recognition accuracy in specific contexts [25].

2.2 Far-field scenario Action Recognition

Far-field scenario action recognition involves understanding human actions when subjects
appear at considerable distances from the camera, as commonly encountered in sports
broadcasting and surveillance applications. This scenario presents unique challenges that
are distinct from those in controlled, near-field scenario environments. In far-field sce-
nario video footage, humans often appear small, typically only a few tens of pixels high.
Such limited spatial resolution significantly reduces visual cues from limb articulation and
motion. For instance, limb width in such scenarios may amount to merely a few pixels,
thereby rendering pixel-based motion cues, such as optical flow, unreliable [9].

Figure 2.3 (typical of broadcast footage, where athletes appear as tiny targets) com-
pares the relative bounding-box sizes of players in ice hockey and volleyball games. Even
though both frames have the same overall pixel dimensions (1280x720), a hockey skater’s
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bounding box typically spans 6,780-17,010 pixels, whereas a volleyball player’s covers about
16,800-19,323 pixels. Both frames have the same overall resolution (1280x720 = 921,600
pixels), but far-field subjects occupy a much smaller pixel footprint, making limb details
blur into just a handful of pixels and motion cues harder to capture.

6780 e 17010 ”® -
px -f ) PX 10323px K0 16800 px
©74% & (1.85%) (2.10%) I/\ (1.85%)

921600 pixels 921600 pixels

Figure 2.3: Broadcast camera placement often renders athletes as tiny targets. In
hockey (left), each player’s bounding box spans only 6,780-17,010 pixels, compared
to 16,800-19,323 pixels in volleyball (right), even though both frames share the same
1280%x 720 resolution. Such small footprints make far-field scenario action recognition
markedly harder.

Further complicating far-field scenario recognition is the frequent camera motion (pan-
ning and zooming), which induces motion blur and background variations. Concurrently,
crowded scenes and player occlusions introduce ambiguities. Reliable recognition often
depends on tracking interactions with sports equipment, such as distinguishing between
a casual arm movement and a tennis swing based on the presence and use of a racket.
Thus, temporal stabilization, player tracking, contextual modelling, and object detection
are often used to address these challenges.

Despite this progress, far-field scenario action recognition remains a complex problem.
Datasets such as Sports-1M [28] and SoccerNet [20] have contributed valuable benchmarks
and driven algorithmic improvements. However, as Host et al. [25] highlight in their survey,
even state-of-the-art deep learning architectures struggle with the combined complexity
of small subject scale, fast motion, crowded environments, and unstable camera views.
Therefore, achieving robust recognition under these conditions remains an open and active
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area of research.

2.3 Near-field scenario Action Recognition

Near-field scenario action recognition focuses on scenarios where the subject is close to
the camera, often resulting in high-resolution views of upper-body movements, facial ex-
pressions, and hand gestures. Examples include interpreting a person’s gestures and body
language during a presentation or conversation, where subtle movements can convey sig-
nificant meaning. In such settings, the goal is frequently fine-grained gesture detection
rather than large-scale actions. Of particular interest to this thesis is the interpretation of
emotional or psychological states (such as confidence or anxiety) through micro-gestures
and body language. These cues are typically much more subtle than overt actions, for
instance, brief self-comforting gestures such as fidgeting with glasses or adjusting one’s
hair. Recognizing these reliably demands high accuracy and often specialized models,
since micro-gestures can be easily overshadowed by larger movements or may not repeat
frequently. Figure 2.4 illustrates three representative near-field scenario examples. Each
frame contains an overlaid whole-body pose estimation, highlighting how dense facial, hand,
and torso keypoints capture the subtle micro-gestures that are the focus of this work.

Figure 2.4: Three near-field scenario samples with upper-body pose estimations. The
dense facial and hand landmarks emphasize why near-field scenario recognition benefits
from fine-grained, whole-body keypoints.

Body language research indicates that confident body language, such as open postures
and deliberate gestures, enhances credibility, whereas unconfident cues such as slouching or
fidgeting diminish perceived authority [29]. Thus, systematically recognizing and enhanc-
ing these subtle cues has considerable potential to improve communication effectiveness,
particularly in video presentations.
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Currently, publicly available datasets specifically targeting confidence-related body lan-
guage are sparse. Existing micro-gestures datasets, such as the Spontaneous Micro-gesture
(SMG) dataset [10] and the In-the-wild Micro-Gesture Understanding and Emotion Anal-
ysis (iIMiGUE) dataset [32], focus primarily on emotional states and spontaneous gestures.
The SMG dataset, for instance, annotates gestures under stressed and non-stressed con-
ditions, whereas iMiGUE captures spontaneous gestures from athletes in high-stakes envi-
ronments.

Despite their value, these datasets highlight the gap in resources explicitly geared to-
wards confidence-related gestures. This limitation highlights the need for developing a com-
prehensive dataset specifically annotated for both confident and unconfident behaviours,
thereby facilitating improved gesture analysis in communication scenarios.

2.4 Zoom-mixed scenario Action Recognition

Zoom-mixed scenario action recognition requires a model to stay reliable while the on-
screen size of the actor expands or contracts from long shots to extreme close-ups. Each
scale privileges a different cue hierarchy: whole-body kinematics dominate when the person
is small, whereas subtle hand motions and facial micro-gestures become decisive once the
camera zooms in. Figure 2.5 visualizes the five canonical shot scales provided in MovieNet,
underscoring how radically the available cues change across them.

Early attempts at scale-robust recognition include COMPuTER [46] and Structured
Keypoint Pooling [22]. COMPuTER blends skeletal and RGB streams via human-centric
queries and a cross-modal consistency loss, prioritizing keypoints when resolution is high
and reverting to appearance cues when the actor becomes small. Structured Keypoint
Pooling merges human joints and object trajectories into a single three-dimensional point
cloud, pooling features hierarchically so that detection noise at either scale has less impact.
Both systems improve tolerance to camera distance; yet every frame still traverses the same
extensive backbone, and the choice of scale remains implicit rather than explicit.

A complementary line of work is Shahabinejad et al. [11]. Their method inserts a
differentiable crop module ahead of a standard 3-D CNN and trains it end-to-end, using
compressed-domain motion residuals to learn where and how far to zoom. The policy adds
negligible computational cost and reliably boosts accuracy, proving the value of learning a
frame-wise zoom operation. Nevertheless, it operates only in the RGB domain and does
not adapt skeletal resolution or cue weighting once the crop is selected.

A natural testbed for these ideas is MovieNet [20], a corpus of 1,100 full-length films
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whose 92k cinematic-style tags annotate every shot with its camera scale (extreme close-
up, close-up, medium, full, long) and motion (zoom-in, zoom-out, static). Combined with
65k action labels, MovieNet enables evaluation splits in which scale flips repeatedly within
a scene, precisely the scenario that stresses zoom-mixed scenario recognition. Generic
datasets such as Kinetics or Sports-1M contain scale variation only implicitly and lack
shot metadata, making controlled testing significantly more challenging.

Taken together, current work leaves three issues open: (i) rapid, reliable detection of
scale shifts; (ii) dynamic re-weighting of skeletal versus appearance cues; and (iii) compute
allocation that matches the present zoom. The ZoomGate framework, introduced in Chap-
ter 5, addresses all three by computing a lightweight scale gate, switching to a scale-specific
skeleton, and routing every tracklet to the far-field scenario or near-field scenario expert
best suited for that moment.

2.5 Contextual and Object-Aware Action Recognition

While skeleton-based action recognition models primarily analyze human joint movements,
incorporating contextual information and interactions with objects significantly enhances
recognition accuracy. Additional cues beyond pure skeletal dynamics help disambiguate
visually similar actions that differ in meaning. Recent studies have demonstrated that
explicitly modelling temporal context and object interactions can substantially improve
classification performance, particularly in challenging scenarios.

Cioppa et al. introduced a Context-Aware Loss Function (CALF) [12]| designed for
action spotting in soccer footage. Instead of predicting actions based solely on isolated
moments, CALF penalizes incorrect predictions over an extended temporal window sur-
rounding each event. By accounting for preceding and subsequent events, this method
accurately distinguishes similar actions, such as differentiating a scored goal from a missed
attempt based on subsequent frames showing either celebration or continued gameplay.
Experiments on the SoccerNet dataset confirmed substantial gains in recognition accuracy,
illustrating the importance of temporal context.

Additionally, object interactions and environmental contexts provide essential cues for
distinguishing actions with similar skeletal movements. Wen et al. [51] proposed inte-
grating object nodes directly into skeleton graphs, allowing for the explicit modelling of
interactions between human joints and relevant objects, such as a hand joint connected to a
cellphone, indicating texting. This method significantly improved recognition performance
in object-involved activities and clarified ambiguous skeletal gestures. Thus, contextual
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Figure 2.5: Examples of the five canonical shot scales annotated in MovieNet: (a) extreme
close-up, (b) close-up, (¢) medium, (d) full, and (e) long shot. The drastic change in actor
size across rows highlights the need for explicit scale reasoning in zoom-mixed scenario
action recognition. Source: MovieNet |20].
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and object-aware approaches enable richer understanding of actions, highlighting the lim-
itations of relying exclusively on skeletal data.

2.6 Generative Video Editing

Recent developments in video generative models have shown impressive abilities in produc-
ing high-quality video content |57, 6]. Techniques such as generative adversarial networks
(GANS) [37] have enabled the generation of realistic video sequences and style transforma-
tions. DeepFake [35] technologies represent a significant advancement in this field, enabling
realistic face swapping and expression manipulation; however, they often compromise in-
dividual identity, making them unsuitable for applications where preserving the speaker’s
authenticity and identity is crucial.

Another approach is MimicMotion [59], which introduces motion pattern transfer be-
tween subjects, enabling the replication of specific movements and gestures. While this
approach illustrates the potential for modifying body movements in videos, it may not
account for the preservation of individual identity or the subtle micro-gestures that convey
meaning. Preserving subtle micro-gestures is essential because these small, often invol-
untary movements convey significant information about a person’s emotional state and
confidence levels. Altering them without careful consideration can lead to unnatural re-
sults and diminish the authenticity of the presentation.

Concurrently, transformer-based HAR backbones such as TimeSformer [7] and Video-
MAE [11] set strong RGB baselines via long-range spatiotemporal attention and masked
autoencoding pretraining. Our scale-aware, pose-driven pipeline is complementary: in-
stead of relying on a single heavy appearance backbone, we explicitly detect shot scale and
reweight skeleton vs. appearance cues, so these transformers can be plugged in as near-
/far-field experts within ZoomGate while retaining our routing and compute allocation.

In the context of this thesis, generative video editing is considered a downstream task;
its effectiveness depends directly on the accuracy and granularity of the upstream HAR
pipeline. The CONFIDANT framework (see Chapter 4) leverages fine-grained, pose-based
action recognition to guide generative editing, ensuring that confidence-enhancing trans-
formations are grounded in reliable gesture detection. By framing editing as a downstream
application, we highlight how improvements in HAR at varying camera scales directly
enable higher-quality and more identity-preserving video synthesis.
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2.7 Conclusion

The literature review has exposed three recurring pain points. First, far-field scenario,
near-field scenario, and zoom-mixed scenario footage each demand a different skeleton
granularity and cue hierarchy, yet most existing models treat them uniformly. Second,
contextual information and object interactions can disambiguate actions but are rarely
fused with pose in a scale-aware manner. Third, generative editors can alter body language,
but few safeguard subtle micro-gestures or identity.

The following three chapters tackle these gaps in turn. HAIKYU augments hockey
poses with stick keypoints to stabilize far-field scenario recognition; CONFIDANT focuses
on near-field scenario micro-gestures and demonstrates identity-preserving confidence edit-
ing; and ZoomGate unifies the spectrum by detecting scale on the fly, switching skeleton
resolution, and routing each tracklet to the specialist best suited for that moment. Taken
together, these contributions advance HAR toward a robust, scale-aware, and contextually
grounded pipeline.
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Chapter 3

Methodology (Far-Field Scenario:
HAIKYU)

Player action recognition is a fundamental task in sports analytics, enabling the automatic
identification and classification of particular player movements during the game, such as
skating, striking a puck, or maintaining position. Understanding these actions allows for
more profound insights into player strategies and game analysis. Although sports such as
basketball [11, 30] and soccer [60, 39] have seen extensive development in player action
recognition methodologies due to their popularity, ice hockey remains comparatively un-
derexplored. Traditional approaches, such as the Action Recognition Hourglass Network
(ARHN) [18], primarily rely on static pose input, thereby ignoring temporal and contex-
tual information. By contextual information of broadcast ice hockey videos, we refer to
structured domain-specific cues, such as camera-driven scale changes and stick keypoints,
that extend beyond joint coordinates. The two contextual priors that we leverage in this
work are visualized in Figure 3.1.

This chapter presents the detailed methodology behind HAIKYU, a framework de-
signed specifically for far-field scenario HAR within ice hockey broadcast footage. Ice
hockey presents unique challenges, including rapid player movements, frequent occlusions
due to protective gear and stick /puck interactions, and significant variability in player scale
resulting from dynamic camera movements. Addressing these challenges is crucial for ac-
curate event detection and player performance analytics. In this chapter, we describe our
specialized Ice Hockey dataset, elaborate on the technical pipeline (encompassing player
tracking, bounding-box normalization, hockey-specific pose extraction, and GCN-based
classification), provide comprehensive quantitative and qualitative analyses, and offer crit-
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Figure 3.1: Tllustration of the two contextual priors exploited by HAIKYU. (a) Temporal
bounding-box normalization suppresses scale jitter by resizing every frame in the player
tracklet to the maximum BB dimensions. (b) A 15-keypoints ice hockey skeleton (green
body joints, red stick joints) with stick keypoints, which are vital for player action recog-
nition and not included in the generic 17-COCO skeleton.

ical insights into the impact of hockey-specific keypoints configurations and contextual
priors introduced by our approach.

3.1 Ice Hockey Dataset

The Ice Hockey dataset was developed to facilitate action recognition in challenging far-field
scenario broadcast video scenarios, specifically ice hockey games. It comprises annotated
video clips collected from National Hockey League (NHL) broadcasts recorded at 30 frames
per second (fps). The dataset consists of a variety of clips sourced from multiple games,
encompassing 29 teams and featuring diverse visual conditions, including different arenas,
lighting, uniforms, and camera angles.

Each annotated action instance in the dataset spans precisely 2 seconds (60 frames),
centred around critical action frames, and the annotation was performed manually. The
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dataset features six specific ice hockey actions. Table 3.1 summarizes the class definitions
and their distribution.

Table 3.1: Action classes with descriptions and frequency.

Action Class Description Occurrences

Rapid Deceleration Player abruptly reduces skating speed 52
to change direction or avoid contact

Backwards Skating Player skates in reverse, typically to 116
maintain defensive positioning

Maintaining Position | Player remains largely stationary 164
while reading the play or screening the
goalie

Strike Puck with Stick | Player’s stick makes direct contact 337
with the puck for a pass, shot, or block

Forwards Skating Player accelerates toward the offensive 421
zone while controlling balance and
speed

Stickwork Player performs intricate stickhan- 457
dling to retain or regain puck control

Total 1547

The dataset comprises 1,547 annotated action instances across six classes. The distri-
bution is imbalanced, with common actions such as Stickwork (457) and Forwards Skating
(421) far more frequent than Rapid Deceleration (52). Because of this imbalance, re-
porting only overall accuracy would be misleading; therefore, in later experiments, we
additionally present confusion matrices to show per-class performance. To prepare the
dataset, we extracted player tracklets using the VIP-HTD [38] tracking method. Addition-
ally, bounding-box normalization was applied across temporal segments to stabilize player
scales, significantly reducing spatial jitter. A formal dataset note appears in Appendix A.

3.2 Methodology

3.2.1 Pipeline Overview

The HAIKYU pipeline for ice-hockey action recognition comprises four stages that together
inject two complementary contextual information priors: a temporal prior that stabilizes
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Figure 3.2: Overview of the HAIKYU pipeline. Contextual Prior #1 (green) stabilizes BB
scale; Prior #2 (orange) augments the skeleton with stick keypoints. The enriched graph
is fed to a GCN-based model for action recognition.

player scale and position, and an object prior that models the hockey stick explicitly.
Figure 3.2 gives a high-level view of the proposed pipeline.

Each annotated action segment is first preprocessed by automatically extracting a player
tracklet with the VIP-HTD tracker [38]. BBs are then temporally normalized to enforce
scale consistency (Section 3.2.3, Contextual Prior #1). Next, an ice-hockey-specific pose
estimator |1, 5| converts every normalized crop to a skeleton, yielding 2-D keypoints se-
quence with six alternative configurations (Section 3.2.4, Contextual Prior #2). Finally, a
GCN-based model classifies the action (Section 3.2.5).

3.2.2 Preprocessing

To automate BB extraction and ensure temporal consistency across frames, we employ
a tracking approach [33], tailored explicitly for player detection in ice hockey broadcast
footage. After extracting BBs, frame-wise cropping and resizing are performed to a nor-
malized spatial representation. These cropped BBs serve as inputs for pose extraction,
which utilizes ice-hockey-optimized models presented in [, 5].

3.2.3 Bounding Box Normalization
A significant challenge in using broadcast video for pose estimation is the variability in

player size and position across frames. A naive approach might resize each frame in-
dependently, stretching the player’s skeleton and distorting body shape, which degrades
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downstream performance. To mitigate this, we propose a robust bounding-box normal-
ization strategy. Specifically, for each annotated action we compute the maximum width
Winax and height H,,., of the BB across the segment, then re-extract crops so every frame
uses these maxima while keeping the player centred.

Notation. A player tracklet contains 7" frames. In frame ¢, the bounding box has top-left
pixel coordinates (x;, y;) and dimensions (wy, h;). We denote the box centre by (¢7, ¢f).
We first compute the segment-wise maxima:

Winax = max wy, H,.x = max hy. (3.1)
1<t<T 1<t<T

For each frame ¢, we centre a box of size (Wiax, Hmax) at the original centre:

w h
Ct:xt‘i‘?ta C?—yt‘i‘é»
(3.2)
! Wmax / Hmax
Ty =06 — 5 Yy =G — B

Here, (cf,c}) are the bounding-box centre coordinates and (z}, ;) are the top-left coordi-
nates of the normalized box. This ensures a consistent BB size and centre throughout the
segment, suppressing camera-induced scale jitter.

To illustrate the effect, Figure 3.3 compares keypoint trajectories without and with
normalization. Without normalization, trajectories are scattered due to scale changes;
after normalization, they are markedly more stable and coherent.

3.2.4 Pose Keypoint Extraction

We apply ice-hockey-optimized 2D pose estimators [5, 1] to generate skeletal keypoints
from players in normalized BBs belonging to a sequence. We experimented with various
keypoint configurations (Figure 3.4):

1. 17 Keypoints (COCO [31]): Standard full-body representation.
2. 13 Keypoints: Merged head keypoints.
3. 12 Keypoints: Head keypoints omitted to focus solely on torso and limbs.

4. 15 Keypoints: 12 body keypoints plus 3 stick keypoints.
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Figure 3.3: Impact of bounding-box normalization on keypoint trajectories for one data
sample. Left: Without normalization, trajectories are scattered and inconsistent due to
variability in player scale. Right: After applying bounding-box normalization, trajectories
appear significantly more stable and coherent, clearly reducing positional variance and
making movement patterns easier to interpret.

5. 20 Keypoints: Comprehensive setup with 5 head, 12 body, and 3 stick keypoints.

6. 3 Stick Keypoints Only: Focused solely on stick interaction.

S A% 2

20 keypoints

17 keypoints 13 keypoints 12 keypoints 15 keypoints

Figure 3.4: Five skeletal configurations used in this study, from left to right: 17-COCO
keypoints, 13-keypoint merged head, 12-keypoint head-omitted, 15-keypoint with stick
keypoints, 20-keypoint comprehensive configuration.
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3.2.5 GCN for Action Recognition

We employ the two-stream adaptive graph convolutional network (2s-AGCN) [12] and
enhanced spatio-temporal GCN with multi-stream/adaptive features (STGCN++) [17]
architectures to classify skeleton-based action sequences. Both are state-of-the-art graph
convolutional models designed for action recognition, where joints are treated as nodes and
their spatial-temporal relationships are modeled as edges. We selected these architectures
for two reasons. First, they have consistently demonstrated strong benchmark performance
across large-scale skeleton datasets, making them reliable baselines for pose-driven recog-
nition. Second, their ability to adaptively weight joint connections and model temporal
dependencies aligns well with the challenges of our hockey dataset, where rapid motion,
occlusion, and small player scale can obscure key joint trajectories. Training and evaluation
leverage the mmAction2 toolbox [13]. Our approach exclusively utilizes the joint modality
(keypoints 2D coordinates) to capture spatial-temporal dynamics. This choice simplifies
model inputs while effectively capturing both static postures and dynamic movements
necessary for accurate ice hockey action recognition.

3.3 Experiments

3.3.1 Experimental Setup

To ensure a robust model evaluation, we partitioned the dataset described in Section 3.1
into training and validation sets using a 70%—-30% stratified split, maintaining proportional
representation of each action class. We evaluate action recognition performance using
standard metrics, reporting Top-1 accuracy unless otherwise stated.

We adopt the mmAction2 toolbox [13] for training and evaluation. The training process
leverages the GCN-based architectures (described in Section 3.2.5) with cross-entropy loss.
Experiments were conducted on an NVIDIA RTX 3090 Ti GPU. The training setup for our
GOCN experiments is as follows: a learning rate of 0.1, weight decay of 5 x 10~%, batch size
of 16, and a total of 20 epochs, using stochastic gradient descent (SGD) as the optimizer.

3.3.2 Experimental Results

We evaluated our ice hockey action recognition framework using exclusively the joint
modality, focusing on different skeletal configurations and their impact on performance.
Results across these configurations are presented in Table 3.2.
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Table 3.2: Comparison of action recognition accuracy using joint modality across different
skeletal configurations and models.

Model | Keypoint Configuration | Accuracy (%)
STGCN++ | 17 Keypoints (No bounding-box normalization) 31

12 Keypoints 40

13 Keypoints 44

17 Keypoints 57

15 Keypoints (12 body + 3 stick) 64

20 Keypoints (5 head + 12 body + 3 stick) 65

3 Stick Keypoints Only 52
2s-AGCN 17 Keypoints 51

15 Keypoints (12 body + 3 stick) 56

The 20-keypoint skeleton with STGCN++ attained the highest accuracy (65%). Using
the same model, adding bounding-box normalization to the standard 17-COCO skele-
ton raised accuracy from 31% to 57%. Adding three stick keypoints increased accuracy
by a further 7 percentage points to 64%, and supplementing with five head landmarks
reached 65%. Conversely, dropping head landmarks (13 or 12 keypoints) lowered accu-
racy to 44% and 40%, respectively. These stepwise gains and losses confirm that
both detailed head cues and explicit stick endpoints are essential for recogniz-
ing hockey-specific actions. Additionally, the three-stick-keypoint-only configuration
(52%) highlights the significant role of stick interactions. Overall, STGCN-++ consistently
outperformed 2s-AGCN, validating its selection as the core recognizer.

The matrices demonstrate that STGCN++ (20 keypoints) achieves the highest accu-
racy, distinguishing subtle actions such as stickwork versus striking the puck. In contrast,
models without explicit stick keypoints or bounding-box normalization frequently misclas-
sify these actions, underscoring the significance of detailed skeletal representations and
spatial normalization.

3.3.3 Qualitative Results

Figure 3.6 illustrates qualitative predictions from our models on six representative clips.
Each image captures the midpoint frame of a two-second sequence, along with ground-
truth labels and predictions from five setups: (1) without bounding-box normalization, (2)
2s-AGCN with 17 keypoints, (3) STGCN++ with 15 keypoints, (4) STGCN++ with 17
keypoints, and (5) STGCN++ with our optimized 20-keypoint configuration.
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Figure 3.5: Confusion matrices comparing action recognition performance across different
models and keypoint configurations. From left to right: STGCN--+ with 20 keypoints (best
performing), STGCN++ with 17 keypoints, 2s-AGCN with 17 keypoints, and STGCN++
with 17 keypoints without bounding-box normalization. Higher diagonal values indicate
better accuracy, while off-diagonal entries represent common misclassifications.

Without bounding-box normalization, subtle actions are often misclassified, with stick
interactions mistaken for generic stickwork due to spatial inconsistencies. The 2s-AGCN
baseline with 17 keypoints struggles to differentiate stick actions from skating movements.

26



L) »
] f
. ) -~
] -
% ’ Sl
A& ea _ =
Strike puck with Forwards Backwards Maintaining Rapid .
G d Truth ) .
round fru stick skating skating position deceleration Stickwork
Our Prediction Stickwork Stickwork Stickwork Strike p}uckwith Stickwork Stickwork
(w/o bb norm) stick
Our Prediction ) Forwards Strike puck Maintaining ) Strike puck
(2s-AGCN 17 kps) Stickwork skating with stick position Stickwork with stick
Our Prediction ) : intaini
Strike puck with Forwards Forwards Maintaining . .
(STGCN++ 15 kps) stick skating skating position Stickwork Stickwork
Our Prediction ; ; Strike puck with . :
Strike puck with Forwards . P Stickwork
(STGCN++17 kps) stick skating Stickwark stick stickwork
Our Prediction Strike puck with Forwards Backwards Maintaining Stickwork Stickwork
(STGCN++ 20 kps) stick skating skating position

Figure 3.6: Qualitative comparison of ice hockey action recognition predictions across dif-
ferent setups on six clips. Ground-truth labels are shown in green (correct predictions),
while incorrect predictions are shown in red. The optimized STGCN-++ model with 20 key-
points demonstrates improved accuracy, effectively differentiating subtle actions compared
to models without bounding-box normalization or fewer keypoints.

STGCN-++ with 15 or 17 keypoints improves accuracy, while the optimized 20-keypoint
configuration excels, reliably distinguishing forward versus backward skating and “strike
puck with stick” versus general stickwork. These findings highlight the importance of
incorporating detailed head and stick keypoints together with effective bounding-box nor-
malization.

While our optimized STGCN-++ configuration achieved notable gains over the base-
lines, these accuracies still fall short of the level required for operational deployment in
professional sports analytics. This gap stems from several factors: the dataset is limited
in size and imbalanced across classes, restricting generalization; the models rely solely on
skeletons, without multi-view or optical flow cues to disambiguate similar motions; and
the lack of puck tracking hampers differentiation between actions such as stickwork and
striking. Future improvements could come from larger, balanced datasets, integrating con-
textual cues and reliable puck trajectories, and advancing toward 3D pose estimation and
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multi-person context modelling to reduce misclassifications.

3.4 Conclusion

This chapter presented HAIKYU, a domain-specific pipeline for far-field scenario HAR
in broadcast ice hockey. The method integrates two complementary contextual informa-
tion priors: (i) a temporal prior, implemented as bounding-box normalization to suppress
camera-induced scale jitter, and (ii) an object prior, implemented through hockey-specific
stick keypoints and optional head landmarks.

Comprehensive experiments on the Ice Hockey dataset demonstrated that these pri-
ors substantially improve classification accuracy under challenging broadcast conditions.
bounding-box normalization alone raised accuracy from 31% to 57% with a 17-COCO skele-
ton, while adding three stick keypoints increased performance to 64%. The full 20-keypoint
configuration, combining stick endpoints with fine-grained head landmarks, achieved the
highest accuracy of 65%. Stepwise analysis confirmed that gains derive not from simply
adding more keypoints, but from selecting contextually relevant ones aligned with the
sport’s semantics.

Qualitative results further highlighted the benefits of these design choices, improving
disambiguation between visually similar actions such as stickwork and striking the puck, as
well as forward versus backward skating. These findings underscore the importance of both
spatial normalization and domain-specific skeletal modelling for reliable far-field scenario
recognition.

While HAIKYU was validated on pre-segmented clips, extending it to continuous video
for automated action spotting remains an open challenge. Future work could also explore
multi-view or depth-based pose estimation for enhanced 3D accuracy, and richer cues such
as puck tracking or modelling inter-player interactions to capture tactical plays.

By combining robust temporal stabilization, sport-specific keypoints, and spatio-temporal
GCN modelling, HATKY U advances the state of far-field scenario recognition in equipment-
centric sports. The insights gained here provide a transferable blueprint for adapting pose-
centric HAR pipelines to other domains with similar challenges.
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Chapter 4

Methodology (Near-Field Scenario:
CONFIDANT)

Building on the thesis-wide motivation of scale-aware routing in HAR, this chapter fo-
cuses on the near-field scenario setting, where subjects appear close to the camera and
subtle upper-body movements become the dominant source of communicative cues. In
this context, we introduce CONFIDANT, a framework for the fine-grained recognition of
confidence-related micro-gestures such as folded arms, finger fidgets, and clasped hands
in presenter-style videos. Unlike large-scale bodily actions in sports or cinematic footage,
these micro-gestures are fleeting, low-amplitude, and often overlooked, yet they are crucial
for interpreting perceived confidence. Accurate detection of such cues not only supports
scientific understanding of non-verbal behaviour but also enables downstream applications;
one such example, identity-preserving video editing, is demonstrated in Section 4.3, though
the primary contribution of this chapter remains the recognizer itself.

4.1 CONFIDANT Dataset

4.1.1 Existing Micro-Gesture Datasets

A significant limitation in advancing near-field scenario gesture recognition, particularly in
terms of confidence or affective states, is the scarcity of labelled datasets. Most publicly
available action/gesture datasets focus on macro-actions or standard emotion recognition,
rather than the nuanced behaviours linked to confidence. Two notable datasets in the
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realm of micro-gestures are SMG [10] and iMiGUE [32], although their emphasis is slightly
different.

The Spontaneous Micro-Gesture (SMG) dataset was introduced to study upper-limb
micro-gestures under different emotional stress states. It contains 3,692 video clips collected
from 40 participants, annotated for 16 types of micro-gestures that occur naturally when
people are stressed or calm. These include involuntary movements like lip biting, finger
tapping, or subtle shrugs, which are believed to correlate with internal stress.

The In-the-Wild Micro-Gesture Understanding and Emotion Analysis (iMiGUE) dataset
is the first publicly available micro-gestures dataset designed to capture hidden or sup-
pressed emotions. It consists of 359 lengthy videos (totalling over 2000 minutes) featuring
athletes and other subjects, from which 18,499 micro-gestures samples are annotated across
32 categories. These micro-actions were captured in real-world, high-stakes environments,
where individuals might display brief micro-expressions or gestures revealing genuine emo-
tions despite maintaining an external calm demeanour.

While these datasets are valuable, none are specifically designed to focus on gestures
related to "confidence" or "lack of confidence," particularly in contexts such as public
speaking or video presentations. The micro-gestures associated with confidence, such as
open versus closed postures and steady versus fidgety hands, may overlap with some cat-
egories found in SMG or iMiGUE. However, they are not explicitly labelled for perceived
confidence. This highlights a significant data gap.

For this thesis, this gap serves as the motivation to develop a new dataset. In summary,
while current micro-gesture datasets provide a starting point by focusing on stress or
concealed emotions, a comprehensive resource specifically for confidence-related gestures
remains lacking. This motivates the creation of a new dataset tailored to confidence-related
gestures in public speaking contexts, as described in the following section.

4.1.2 CONFIDANT Dataset Development

The creation of our dataset was inspired by the previously mentioned work of Liu et al. [32],
who focused on capturing micro-gestures from athletes during press conferences. Their
dataset emphasized spontaneous gestures in high-stress situations specific to athletic con-
texts. However, to align with our goal of enhancing confidence in video presentations and
public speaking, we shifted the domain focus from athletic press conferences to video pre-
sentations and public speaking. We selected the YouTube channel CUT [15] as the primary
source for our dataset due to its rich collection of conversational upper-body videos, which
are ideal for analyzing subtle human movements and micro-gestures in natural settings.
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Additionally, we expanded and revised the original labelling system in the work of
Liu et al. to better suit the nuances of confidence and unconfidence in public speaking
contexts. Specifically, we added more labels of micro-gestures that indicate confidence
and uncertainty during video presentations. This expansion addresses the unique gestures
commonly observed in presenters, such as specific hand movements, posture adjustments,
and facial expressions that differ from those in athletic settings.

We created 38 distinct categories, which significantly improves the dataset’s granularity
for our needs (see Figure 4.1 and Table 4.1). This enhanced dataset supports robust
analysis of unconfident versus confident behaviours in video presentations.

Table 4.1: Dataset Statistics and Gesture Label Counts

Statistic Value
Total Action Categories 38
Average Videos per Action Category 10
Total Annotated Samples 412
Average Frames per Video 68

4.1.3 Classification into Confident vs Unconfident

To enable the CONFIDANT model to detect unconfident gestures and convert them into
confident counterparts accurately, it was essential to categorize the micro-gestures in our
dataset as either "Confident" or "Unconfident" categories. To achieve this, we leveraged
ChatGPT [36], a large language model developed by OpenAl, to assist in the classification
process. ChatGPT has been developed using extensive collections of general knowledge
and human interaction patterns, allowing it to excel at interpreting body language and
gestures.

We utilized a prompt designed to produce from ChatGPT the classification of each
micro-gesture. The prompt used was:

I have a list of micro-gestures observed during public speaking and presenta-
tions. For each action, please classify it as either a "Confident Gesture" or an

"Unconfident Gesture" based on general body language interpretations.

For more details on the classification provided by ChatGPT, refer to the Appendix B.
While ChatGPT provided a useful starting point for defining confidence categories, it
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Quick, erratic movements

Playing or adjusting hair Shaking shoulders

Cover chest

Turning head to the side

Crossing fingers Folding arms Showing the back of the palms

Figure 4.1: Examples of micro-gestures from our dataset.

cannot directly analyze raw video or produce frame-level annotations. A dedicated dataset
and model are therefore still required to achieve reproducible, automated recognition in
our pipeline. A formal dataset note is provided in Appendix C.

4.2 Micro-Gesture Action Recognition Model

The core component of CONFIDANT is a pose-based skeleton-based action recognition
model that detects and classifies subtle upper-body actions in presenter-style videos. This
model forms the upstream stage in the overall pipeline, providing robust and fine-grained
gesture labels that are subsequently aggregated into confident/unconfident segments for
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the downstream editing stage.

4.2.1 Problem Formulation

Let X denote a video segment containing 7' consecutive frames. From each frame t €
{1,...,T}, we extract a 2-D human pose estimation skeleton S; consisting of K keypoints
with spatial coordinates and confidence scores:

St:{(xk7yk7ck)‘k:1?"'7K}

where (2, yx) are the normalized joint coordinates and ¢; € [0, 1] is the confidence score
from the pose estimator. The recognition problem is to learn a mapping

Jo: {St}thl —Y

where y € C is one of the 38 micro-gestures categories; for confidence analysis, these are
also grouped into Cconﬁdent and Cunconﬁdent-

4.2.2 Pose Representation and Keypoint Design

We utilize DWPose [56] for high-resolution whole-body human pose estimation. We se-
lected DWPose because it provides state-of-the-art accuracy for fine-grained landmarks
such as hands and facial features, which are critical for distinguishing subtle micro-gestures.
Its two-stage distillation framework also improves robustness under varied lighting and
partial occlusion, making it well-suited to presenter-style footage. Since our near-field
scenario dataset predominantly consists of upper-body images, we restrict the skeleton to
joints pertinent to micro-gestures recognition. Lower-body joints are omitted, as they are
either absent from the frame or contribute little to confidence-related cues.

Two skeleton configurations were evaluated:

1. 14 keypoints: Upper-body only, omitting the four leg joints from the COCO key-
point set.

2. COCO-WholeBody (123 keypoints): Upper-body plus comprehensive hand and
facial landmarks, providing fine-grained detail for subtle gestures.
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For modelling, we adopt STGCN++ [17], a state-of-the-art GCN designed to cap-
ture both intra-frame spatial dependencies and inter-frame temporal dynamics. We chose
STGCN++ because it extends the spatio-temporal GCN family with multi-stream and
adaptive weighting mechanisms, achieving strong benchmark results on skeleton-based ac-
tion datasets. These capabilities make it particularly effective for modelling the subtle tem-
poral patterns and joint interactions that characterize confidence-related micro-gestures.

4.2.3 Model Architecture

The network operates in a two-stream setup. The joint stream encodes absolute keypoints,
while the bone stream encodes relative displacements between anatomically connected
keypoints. Their fused features are passed to a classifier predicting either the 38 fine-
grained micro-gestures or the binary confidence classes.

4.2.4 Experimental Setup

The model is trained on the CONFIDANT dataset. To ensure a robust model evaluation,
we partitioned the dataset into training and validation sets using a 70%-30% stratified split,
maintaining an approximately proportional representation of each action class. We adopt
the mmAction2 toolbox [13]| for training and evaluation. The training process leverages
the STGCN-++ architecture with cross-entropy loss. Experiments were conducted on an

NVIDIA RTX 3090 Ti GPU. The specific hyperparameters are listed in Table 4.2.

Hyperparameter | Value
Learning Rate 0.1
Weight Decay 5x1074
Batch Size 16
Total Epochs 40
Optimizer SGD

Table 4.2: Training setup for our STGCN+-+ experiments.

4.2.5 Experimental Evaluation

We evaluated the CONFIDANT micro-gesture recognition model on the CONFIDANT
dataset using the STGCN-++ backbone, comparing two skeleton configurations: a reduced
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14-keypoint upper-body set (excluding the four leg joints) and a COCO-wholebody config-
uration with all leg joints removed but retaining full-resolution facial and hand landmarks.
This comparison was designed to quantify the impact of fine-grained hand and facial details
on recognizing subtle confidence-related gestures.

In addition to the 38-class fine-grained recognition task, we also evaluated the model
on the binary confident/unconfident classification task, which is directly relevant to the
downstream generative editing stage. Table 4.3 reports the top-1 classification accuracy
for each configuration. In the fine-grained 38-class setting, the 14-keypoint configuration
achieved a top-1 accuracy of 47.3%. Switching to the COCO-wholebody (legs excluded)
configuration increased performance to 67.0%, representing a substantial +19.7% absolute
improvement.

This improvement demonstrates that high-resolution hand landmarks and facial key-
points capture discriminative motion patterns, such as finger fidgeting, clasped hands, or
subtle posture shifts, that are not well represented in the reduced skeleton. In the binary
classification setting (confident vs. unconfident), the model achieved 87.0% top-1 accuracy,
demonstrating its robustness in reliably segmenting video into confidence-based intervals
for downstream processing. These results confirm that both the selection of keypoints and
the inclusion of detailed hand and facial landmarks are critical for accurate micro-gesture
recognition.

Table 4.3: Top-1 accuracy on the CONFIDANT dataset using STGCN-+-+ for different
skeleton configurations. Results are reported for the 38-class fine-grained classification
task and the binary confident /unconfident classification task.

Skeleton Configuration ‘ Top-1 Accuracy (%)
14 keypoints (upper-body only) 47.3
COCO-wholebody (upper-body only) 67.0
Binary (confident vs. unconfident) | 87.0

To complement these quantitative findings, Figure 4.2 presents qualitative examples for
the binary classification task. All shown predictions are correct, illustrating the model’s
ability to generalize across individuals, clothing styles, and subtle variations in posture
or hand movement. In the confident class, the model successfully recognizes open and
expansive postures such as arms akimbo (Figure 4.2a) and standing tall with an upright
posture (Figure 4.2¢). For the unconfident class, it correctly identifies more closed or self-
directed motions such as fidgeting fingers (Figure 4.2b) and rubbing eyes (Figure 4.2d).
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These examples demonstrate the recognizer’s ability to detect subtle gestures, even
when the differences between classes involve fine-grained hand or facial cues rather than
large-scale body movements. Taken together, the results in Table 4.3 and Figure 4.2 demon-
strate that the CONFIDANT model can deliver both accurate fine-grained micro-gesture
recognition and reliable binary classification of confident versus unconfident behaviour.
This performance is critical for the downstream editing pipeline, as it ensures that trans-
formations are applied selectively and only to those segments that are truly unconfident,
while preserving confident gestures unchanged.

Pred: Confident: Arms akimbo Pred: Unconfident: Fidgeting fingers

%

-~

Pred: Confident: Standing tall with an upright posture

8
-

v

Figure 4.2: Qualitative results for the binary confident/unconfident classification task
using STGCN++ with the COCO-wholebody (legs excluded) configuration. Each sub-
figure shows a correctly classified example: (a) confident—arms akimbo; (b) unconfi-
dent—fidgeting fingers; (c¢) confident—standing tall with an upright posture; (d) uncon-
fident—rubbing eyes. These examples illustrate the model’s robustness across diverse indi-
viduals, gesture types, and visual conditions.
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Figure 4.3: Overview of the CONFIDANT Generative Video Editing Pipeline.
The input video is divided into confident and unconfident segments. keypoints from con-
fident parts are used to model confident gestures, with some serving as references for
transformation and others for interpolating joints. These keypoints and reference frame
are processed through a diffusion model to generate confident body movements. A second
model then creates facial expressions and synchronizes lip movements, utilizing a zoomed-
in face and altered audio. The outputs are aligned to produce a seamless transformed
segment that blends with untouched parts.

4.3 Application: Identity-Preserving Confidence Edit-
ing (Downstream Task)

In designing CONFIDANT, our primary objective was to enhance perceived confidence in
video presentations by transforming unconfident micro-gestures into confident ones while
maintaining the speaker’s identity. This involves addressing both visual and auditory ele-
ments through four interconnected components: video segmentation and speech alignment
(Section 4.3.1), keypoint extraction (Section 4.3.1), diffusion-based confident gesture edit-
ing (Section 4.3.2), and facial expression and lip movement generation (Section 4.3.3).
These components are illustrated in Figure 4.3.
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Figure 4.4: Frame Connection. Keypoints from the confident segments and the modified
unconfident segments are connected using joint interpolation to create a continuous and
natural transition across frames, resulting in fluid and consistent gestures.

4.3.1 Preprocessing
Video Segmentation and Speech Alignment

Segmentation Process: We segment the input video into unconfident and confident parts
using the binary classifier described in Section 4.2. This allows us to modify unconfident
behaviours while leaving confident segments untouched.

Speech Alignment and Cleanup: To ensure smooth transitions and maintain coherence
in the edited video, we perform speech alignment by synchronizing audio with video frames.
Additionally, we enhance delivery by identifying and removing filler words and disfluencies.

Keypoint Extraction

For each frame in the confident segments, we extract body keypoints using DWPose [50].
The model detects and tracks keypoints (e.g., shoulders, elbows, wrists). The extracted
keypoints provides a skeletal representation of posture and movements, which is essential
for understanding and modifying gestures.

4.3.2 Diffusion Model for Confident Gesture Editing

Transforming unconfident micro-gestures into confident ones requires generating new body
movements that are natural and seamlessly integrated with the original video. To achieve
this, we employ a diffusion-based generative model that leverages the extracted keypoints
to produce confident gestures.
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Figure 4.5: The process begins with Body Movement Generation, where the reference
frame and skeleton keypoints are input into a diffusion model to create transformed body
movements. Next, Facial Expression and Lip Movement Generation uses a zoomed-
in face and cleaned audio in a facial diffusion model to produce synchronized lip movements.
Finally, in the Alignment Process, these outputs are aligned to form a cohesive, confident
segment.

After keypoint extraction, two critical components are involved: Frame Connection and
Body Movement Generation.

Frame Connection: To generate smooth transitions, we interpolate keypoints across
frames preceding and following the transformed segment, creating continuous confident
gestures (Figure 4.4).

Body Movement Generation: We employ Moore-AnimateAnyone [13]|, an open-source
diffusion model chosen for its relatively low computational cost compared to other state-
of-the-art motion generation frameworks. It synthesizes body movements that match the
target keypoints, taking the target keypoints sequence and the initial frame as input to
generate the confident video segment (Figure 4.5).

4.3.3 Diffusion Model for Facial Expression and Lip Movement
Generation

The next step is to ensure facial expressions and lip movements are natural and synchro-
nized with the audio.

Face and Lip Syncing: While Moore-AnimateAnyone generates body movements, it
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does not synchronize lips with audio. To address this, we use Hallo |53], which leverages
aligned and cleaned audio to produce realistic lip movements (Figure 4.5).

Alignment: Post-processing aligns generated facial expressions with body movements.
Spatial alignment ensures that facial features are positioned correctly; temporal smoothing
and blending harmonize both modalities, resulting in a natural and confident output.

4.3.4 Experimental Setup

We evaluated CONFIDANT’s effectiveness by transforming unconfident segments and com-
paring them with original confident segments. Experiments were conducted on an NVIDIA
RTX 3090 Ti GPU. We utilized Moore-AnimateAnyone [13] for body movements and
Hallo 53] for lip synchronization. The diffusion models processed videos at 896x512 res-
olution over sequences of 64 frames.

4.3.5 Quantitative Results

We evaluated with standard metrics used in video generation:

e FVD [17]: Measures similarity between real and generated videos, using action-
recognition features to capture spatio-temporal consistency. Lower is better.

e SSIM [50]: Compares luminance, contrast, and structural information. Ranges 0-1;
higher is better.

e PSNR [!]: Ratio between maximum signal power and noise power. Higher is better.

e LPIPS [78]: Perceptual similarity using deep features. Lower is better.

Table 4.4 summarizes the evaluation metrics for the best-performing model. The low
FVD score of 507.74 indicates that the transformed videos closely resemble real videos in
terms of motion dynamics and visual appearance, suggesting effective maintenance of nat-
ural patterns. Additionally, high SSIM (0.9082) and PSNR (25.19 dB) values indicate that
the structural and pixel-wise similarities between the original and transformed videos are
well-preserved, suggesting minimal distortion during the transformation. Finally, the low
LPIPS value of 0.0225 reflects high perceptual similarity, confirming that the transformed
videos appear natural and consistent to viewers.
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Table 4.4: Quantitative Evaluation Metrics
Metric  Value

FVD 507.74
SSIM 0.9082
PSNR  25.19 dB
LPIPS 0.0225

4.3.6 Qualitative Results

To qualitatively assess the effectiveness of the CONFIDANT model, we focused on trans-
forming unconfident segments within the same input video illustrated in Figure 4.6. We
began by extracting the first frame and the facial features from the original image to serve
as reference images for preserving the individual’s identity. The detected unconfident seg-
ment was then transformed using CONFIDANT to generate a confident version of the
same segment. This approach demonstrates the model’s ability to enhance confidence in
gestures while preserving the person’s appearance and natural demeanour.

4.3.7 Ethical Statement and Risks of Misuse

This chapter explores identity-preserving generative editing of micro-gestures to alter per-
ceived "confidence". Such editing creates clear risks. Edited clips can mislead viewers
about a person’s intent or demeanour and be used manipulatively; applying edits without
the subject’s consent violates autonomy; and inferring latent traits from visible behaviour
risks stigma and discrimination. Perceptions of "confidence" vary across culture, context,
disability, and neurodiversity, so the binary mapping {Confident, Unconfident} is heuristic
rather than ground truth. Any deployment in hiring, credit, insurance, political persua-
sion, surveillance, or reputational contexts is inappropriate and outside the scope of this
research. To reduce harm, we treat the system and the results as research-only. We do not
redistribute raw third-party video; releases, if any, are limited to code and derived artifacts
(labels, keypoints, IDs) according to platform terms (Appendix C).
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Figure 4.6: Qualitative comparison. First row: Extracted first frame and facial reference
images; Second row: Detected unconfident segment, showcasing gestures of low confidence;
Third row: Transformed confident segment produced by CONFIDANT, exhibiting en-
hanced gestures conveying confidence.

4.4 Conclusion

This chapter introduced the CONFIDANT framework for near-field scenario, fine-grained
recognition of confidence-related micro-gestures and its application to identity-preserving
generative video editing. To address the absence of suitable resources, we curated a dataset
of 412 annotated clips across 38 micro-gestures categories, sourced from presenter-style
videos. Unlike existing datasets such as SMG and iMiGUE, the CONFIDANT dataset
explicitly labels gestures by perceived confidence, enabling both binary classification and
fine-grained recognition.

We developed and evaluated a pose-based skeleton-based action recognition model using
STGCN+-+. Two skeleton configurations were tested: a 14-keypoint upper-body set and
a COCO-WholeBody (legs excluded) with detailed hand and face landmarks. Results
showed a gain from 47.3% to 67.0% Top-1 accuracy in the 38-class task, highlighting
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the importance of fine-grained landmarks. In the binary task, accuracy reached 87.0%,
confirming the model’s reliability for downstream segmentation. Qualitative examples
confirmed the correct identification of both confident and unconfident gestures.

The recognizer forms the upstream stage of the CONFIDANT pipeline, providing tem-
poral boundaries for editing. In the downstream application, a diffusion-based framework
selectively transforms unconfident gestures into confident ones while preserving identity,
synchronization, and unaffected confident segments. Quantitative metrics (FVD=507.74,
SSIM=0.9082, PSNR=25.19 dB, LPIPS=0.0225) confirm high visual and perceptual fi-
delity, while qualitative examples demonstrate seamless integration.

Overall, this chapter establishes a comprehensive near-field scenario pipeline, spanning
dataset curation, high-precision recognition, and targeted generative editing. By combining
fine-grained human pose estimation with synthesis models, CONFIDANT advances the
field of micro-gestures understanding in presenter-style videos, paving the way for real-
time feedback systems in communication skills training.
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Chapter 5

ZoomGate: Scale-Aware Action
Recognition Across Mixed Zoom Levels

Cinematic video rarely conforms to a single viewpoint: a scene may shift from a wide
establishing shot to a medium dialogue frame to an extreme close-up within seconds, each
emphasizing different cues. This variability poses a scale-variance problem for action recog-
nition, since the discriminative evidence depends on whether the face, torso, hands, or
full body are visible. To address this, we propose ZoomGate. This scale-aware routing
framework first assigns each person instance to a zoom-view category and then routes the
segment to specialized recognition models. This decomposition enables each recognizer to
operate within its domain of strength, thereby improving robustness across various mixed
cinematic conditions.

The remainder of this chapter is organized as follows. Section 5.1 defines the problem
setting and motivates the need for scale-aware reasoning in cinematic video. Section 5.2
introduces the semi-supervised dataset of movie trailers used to evaluate ZoomGate. Sec-
tion 5.3 presents the overall pipeline design, while Section 5.4 details the baseline heuris-
tic rules, analyzes systematic failure cases, and describes our refined rules with temporal
smoothing, supported by qualitative examples. Section 5.5 evaluates downstream action
recognition performance across zoom levels, using specialized recognizers for face, hand,
micro-gestures, and full-body views. Finally, Section 5.6 concludes with a discussion of
ZoomGate as a unifying bridge between near-field scenario and far-field scenario recogni-
tion in cinematic video.
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5.1 Problem Definition & Motivation

Action recognition in cinematic video poses unique challenges that extend beyond those
observed in either near-field scenario (presenter videos) or far-field scenario (broadcast
sports) domains. Unlike these relatively homogeneous settings, movies and trailers are
characterized by rapid alternation between camera scales: a wide establishing shot may cut
to a medium shot of two characters, followed by an extreme close-up face within a matter
of seconds. Each shot type emphasizes a different subset of visual cues: whole-body motion
in long shots, hand gestures or torso posture in medium shots, and micro-expressions in
close-ups. For a recognition system, this introduces a critical scale-variance problem: the
features that are most discriminative for one view may be absent in another.

Traditional HAR pipelines typically employ a one-size-fits-all approach, using the same
model architecture regardless of the camera scale. While effective in controlled benchmarks,
this approach is fragile in real-world cinematic material where a close-up can eliminate body
pose cues, or a wide shot can render faces too small for expression analysis. As a result,
such models either fail to consistently recognize actions across shots or overfit to the most
frequent shot scale in the dataset.

We therefore define the problem as follows: given raw movie footage with arbitrary cam-
era zooms and cuts, assign each tracklet to an appropriate zoom-view category (FACECLOSE,
HANDSONLY, UPPERBODY, FULLBODY, or NOPARTS) and route the resulting temporally stable
segments to scale-appropriate action recognition models. The core difficulty lies in making
this view assignment robust under detector noise, occlusions, and rapid transitions, while
ensuring that the downstream recognizers receive inputs with maximally relevant cues.

The motivation for ZoomGate is twofold. First, by explicitly acknowledging the het-
erogeneity of camera views in movies, we can leverage specialized recognizers: fine-grained
gesture models in close-up segments, and whole-body activity models in long shots. This
division of labour allows each model to operate in its domain of strength, improving overall
robustness. Second, the view assignment itself provides a form of interpretable intermedi-
ate representation. By exposing when the system “believes” it is in a close-up versus a long
shot, we gain diagnostic visibility into failure cases and a principled way to align recogni-
tion with cinematographic conventions. In this sense, ZoomGate is not only a unification
of near-field scenario and far-field scenario recognition strategies, but also a bridge to the
complex, zoom-mixed scenario reality of cinematic video.
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5.2 Semi-Supervised Movie Dataset

To evaluate our heuristic zoom-level labelling and temporal smoothing pipeline, we con-
structed a semi-supervised dataset from publicly available movie trailers. In total, eight
trailers were selected, encompassing a diverse range of genres, including drama, action,
comedy, and animation. The trailer durations ranged from 1 to 5 minutes, resulting in a
dataset with heterogeneous visual styles and cinematographic conventions. This diversity
was essential to test the robustness of our rules across both live-action and animated ma-
terial. A resource note summarizing components, inputs/outputs, and availability is given
in Appendix D.

5.2.1 Semi-Supervised Annotation Process

The annotation process followed a semi-supervised approach. First, we applied automatic
detection using the YOLOvV8 model [15] for person BBs, together with MediaPipe keypoint
estimators [33] for face, hands, and body keypoints. These raw detections provided the
foundation for determining per-frame spatial configurations. Based on these detections,
we introduced a set of heuristic rules (see Section 5.4) to assign a zoom-level label to each
frame: FACECLOSE, HANDSONLY, FULLBODY, UPPERBODY, or NOPARTS. This strategy allowed us
to scale annotation across long videos without requiring manual frame-by-frame labelling.

5.2.2 Dataset Statistics

Table 5.1 summarizes the dataset composition. The label distribution highlights that the
dataset is naturally imbalanced, with UPPERBODY views dominating and HANDSONLY
being notably underrepresented due to the prevalence of dialogue-driven scenes.

Table 5.1: Statistics of the semi-supervised movie dataset.

Videos Frames Zoom Labels Distribution

FACECLOSE: 4.36%

HANDSONLY: 0.62%

8 trailers 28,880 FULLBODY: 12.66%
UPPERBODY: 60.18%

NOPARTS: 22.18%
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5.2.3 Manual Dataset Verification

In addition to automatic labelling, we also performed manual verification using a custom-
built graphical interface (Figure 5.1). This tool enabled us to scroll through video frames,
inspect BBs and labels, and verify whether the assigned zoom level was suitable. By
integrating both automatic and human-in-the-loop inspection, we ensured higher reliability
of the semi-supervised annotations.

frame 2233 time 93134 Rows at this frame
i B%6 FacecLose

FACECLOSE

NETFLIX

Figure 5.1: Screenshot of the manual verification interface. The GUI enables frame nav-
igation and inspection of automatically assigned labels, providing a human-in-the-loop
mechanism for correcting edge cases.

5.3 Pipeline Overview

The ZoomGate framework is organized as a sequence of interconnected stages, each ad-
dressing a specific subproblem in the recognition pipeline. This modular decomposition
separates the task of scale estimation (“which visual cues are visible in the frame?”) from
action classification (“what action is being performed?”), which improves robustness to
cinematic variation. By routing each segment to a scale-appropriate recognizer, the frame-
work leverages the strengths of both near-field scenario and far-field scenario models. An
overview of the complete pipeline is shown in Figure 5.2.
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Emotion / Affect

FACECLOSE .
Recognition

UPPERBODY Micro-Gesture
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FULLBODY e
Recognition
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HANDSONLY s
Recognition

Figure 5.2: Overview of the ZoomGate pipeline. Raw video is processed into person tracks,
assigned to zoom-view categories, and routed to specialized recognition models: emotion
recognition for close-ups, micro-gestures recognition for upper-body views, general HAR
for full-body views, and hand gesture recognition for hand-only shots.

As illustrated in the figure, the pipeline consists of five main stages: (1) person detection
and tracking, (2) keypoint extraction, (3) heuristic view classification, (4) temporal post-
processing, and (5) action recognition routing. Fach stage is described in detail below.

5.3.1 Stage 1: Person Detection and Tracking

The input video is first decomposed into frame-level detections using YOLOvVS [18], chosen
for its strong balance of speed and accuracy in person detection. To preserve tempo-
ral consistency across frames, detections are linked using the BoT-SORT tracker [3], a
lightweight and reliable tracker that maintains stable identities under fast motion and oc-
clusion. This ensures that all downstream operations operate on coherent tracklets rather
than on single-frame BBs.

5.3.2 Stage 2: Keypoint Extraction

For each tracked individual, we extract fine-grained anatomical cues with MediaPipe [33],
including facial BBs, full-body pose keypoints, and hand keypoints. These cues provide the
necessary evidence for distinguishing different zoom levels and are more robust indicators
than BBs alone.
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5.3.3 Stage 3: Heuristic View Classification

Based on the extracted cues, a heuristic decision function (see Section 5.4) assigns one
of five zoom-view labels (FACECLOSE, HANDSONLY, UPPERBODY, FULLBODY, or NOPARTS) to
each frame—track pair. The rules integrate facial scale, torso and limb visibility, hand
plausibility, and occlusion guards to provide a robust mapping under diverse cinematic
conditions.

5.3.4 Stage 4: Temporal Post-Processing

Per-frame labels are inherently noisy due to detector jitter and tracker switches. To stabi-
lize the predictions, we apply a temporal smoothing algorithm (see Section 5.4.4), which
merges short runs, bridges small gaps, and outputs temporally consistent view labels. Each
stable run of at least 30 frames (1 second at 30 fps) is exported as a coherent segment.

5.3.5 Stage 5: Action Recognition Routing

Finally, the stable segments are routed to recognition models specialized for their respective
view classes. For example:

e FACECLOSE — emotion / affect recognition models,
e HANDSONLY — hand gesture recognizers,
e UPPERBODY — micro-gestures recognizers,

e FULLBODY — general HAR models.

Segments labelled as NOPARTS are filtered out, since they correspond to frames without
discernible human parts, such as occluders or background shots, and therefore provide no
meaningful input for action recognition.

This modular pipeline enables ZoomGate to account for scale heterogeneity explicitly,
producing interpretable zoom-view labels and improving recognition performance across
zoom-mixed scenarios cinematic conditions.
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(a) UPPERBODY (b) HANDSONLY

(d) FACECLOSE (e) FULLBODY

Figure 5.3: Illustrative examples of the five zoom-view categories used in ZoomGate: (a)
UPPERBODY, (b) HANDSONLY, (c) NOPARTS, (d) FACECLOSE, and (e) FULLBODY. These exam-
ples, drawn from cinematic footage, provide intuitive reference points before introducing
the heuristic decision rules.

5.4 Heuristic Rules for View Classification

A core component of the ZoomGate pipeline is the assignment of each person—frame
instance to one of five zoom-view categories (see Figure 5.3): FACECLOSE, HANDSONLY,
UPPERBODY, FULLBODY, or NOPARTS. Our baseline formulation relied on simple geometric
thresholds, such as the ratio of the detected face area to the frame size or the presence of
lower-limb keypoints. While effective in controlled cases, these rules proved brittle under
cinematic conditions, which often involve rapid cuts, foreground occlusions, and extreme
variation in contextual information scale.

5.4.1 Baseline Rules

The initial decision criteria are summarized in Table 5.2. For example, a frame was classi-
fied as FACECLOSE if the detected face occupied more than 7% of the image area or exceeded
30% of the image height, and as FULLBODY if the knees or ankles were visible. Frames with
no visible keypoints were mapped to NOPARTS.
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Table 5.2: Baseline heuristic rules with brief descriptions of each zoom-view label.

Label

Baseline Criteria

Description / Typical
Shot

FACECLOSE

HANDSONLY

FULLBODY

UPPERBODY

NOPARTS

Face area > 7% of frame or face height >
30% of frame height

Hands detected, but no face or body

Pose detected with lower—body keypoints
(knees, ankles)

Body detected but not full body (torso up

only)

No face, hands, or body keypoints detected

Extreme close-up/tight head
shot; facial micro-expressions
dominate; little or no torso
visible.

Cropped arms/hands region;
object-centric or gesture em-
phasis shots.

Long/wide shot; entire sil-
houette visible; whole-body
motion cues available.
Medium / medium close-
up; head + shoulders/torso;
arm/torso cues present, legs
absent.

No valid human parts (e.g.,
occluders, empty frames,
non-human content);  ex-
cluded from recognition.

5.4.2 Failure Cases and Edge Conditions

During exploratory labelling, several systematic edge cases emerged that motivated re-
finement of the rules. These issues stemmed from tracker ID instability, occlusions, scale
ambiguity, and overly sensitive keypoint detections. Representative examples are shown in

Figure 5.4.

5.4.3 Updated Rules

These systematic errors motivated the design of updated rules that incorporate part-based
evidence, occlusion guards, and scale priors. The full pseudocode implementation is pro-
vided in Appendix E for reproducibility. Table 5.3 summarizes the final set of rules.
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Figure 5.4: Representative failure cases that motivated updates to the heuristic rules. (a)
Tracker ID switching across consecutive frames, leading to inconsistent view assignments.
(b) Far-scale character misclassified as UPPERBODY instead of FULLBODY. (c¢) Foreground
occluder causes background torso to be missed and misclassified as NOPARTS. (d) Over-
sensitive knee detection results in unstable toggling between UPPERBODY and FULLBODY.

Key Principles.

1.

Evidence gate. A body view (UPPERBODY or FULLBODY) is only assigned if at least
one reliable cue is present: a valid face, at least two torso joints, or consistent hand
detections.

. Hands-only validity. A hand is only considered valid if its relative size and vertical

position are plausible with respect to the body BB (top 70% of body height and 2
25% of body area).

. Face vs. upper body disambiguation. A large detected face normally indicates

FACECLOSE, but if at least two torso joints are also visible, the label is upgraded to
UPPERBODY.

Far—person fallback. If the body BB is very small (<30% of frame height) and the
face is correspondingly small (<12% of frame height), the label defaults to FULLBODY,
even if lower—limb evidence is missing.

. Edge—occluder guard. Large BBs that touch two or more image borders but

contain no part evidence are forced to NOPARTS.
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Label Updated Rule (ZoomGate)

FACECLOSE Face area > 7% of frame or face height > 30% of frame
height; unless > 2 torso joints are visible, in which case
reclassify as UPPERBODY.

HANDSONLY Valid hand(s) detected (top 70% of body box, 2-25% of
body area), with no face, torso evidence, or lower-
limb visibility.

FULLBODY Either (i) lower limbs (knees/ankles) visible and some
upper evidence (face or torso), or (ii) far-person fall-
back: body BB height < 30% of frame and non-close
face (< 12% of frame height).

UPPERBODY Face detected or at least two torso joints visible, but
without reliable lower-limb evidence. Covers medium
close-ups.

NOPARTS No valid face, torso, hands, or lower-limb cues. Also

applied to large BBs touching > 2 image borders (edge-
occluder guard) or blurred regions (optional).

Table 5.3: Updated heuristic rules for zoom-view classification. These rules extend the
baseline criteria (Table 5.2) by addressing the edge cases illustrated in Figure 5.4, through
explicit checks for evidence, occlusion, and scale.

5.4.4 Temporal Smoothing

Even with refined rules, per-frame predictions can remain unstable due to tracker ID
switches and keypoint jitter. To address this, we apply a temporal post-processing stage
that operates at the tracklet level. First, a rolling mode filter with a seven-frame window
reduces frame-to-frame flicker, ensuring that transient misclassifications do not dominate.
Next, short runs of fewer than 30 frames are merged into neighbouring segments, with
preference given to the longer or higher-confidence segment. Finally, small gaps of up
to ten frames between longer runs of the same label are bridged, yielding more coherent
temporal spans. Through these steps, noisy framewise labels are converted into stable
segments of at least one second (30 frames at 30fps), which can then be exported as
independent clips for downstream HAR.
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5.4.5 Qualitative Results for Zoom Labels

To evaluate the effectiveness of the updated heuristics, we present a set of qualitative ex-
amples covering a diverse range of cinematic conditions. Figure 5.5 illustrates six represen-
tative cases in which the system successfully assigned zoom-view labels that are consistent
with human intuition, highlighting both the interpretability of the ZoomGate framework
and the robustness of the revised rules.

In panel (a), a close-up of a helmet is correctly recognized as NOPARTS, since the system
avoids misclassifying the object as a face. Panel (b) demonstrates that the framework gen-
eralizes beyond live-action footage: in an animated crash sequence with cluttered motion,
the presence of characters is reliably identified. Panel (c) shows an isolated hand gesture
cropped tightly to the arms, which is successfully mapped to the HANDSONLY category, illus-
trating the benefit of dedicated part-based rules. In panel (d), a medium close-up portrait
containing both the head and part of the torso is distinguished from a pure facial close-up,
leading to the correct assignment of the UPPERBODY label. Panel (e) presents a full-body
walking sequence where a character enters through a doorway; even in the absence of
high-confidence lower-limb detections, the system robustly assigns the FULLBODY category.
Finally, panel (f) illustrates a crowded dining scene with multiple overlapping people, where
the system maintains consistent labelling across several individuals simultaneously.

Together, these examples demonstrate that the updated heuristics not only resolve
systematic edge cases (Section 5.4) but also yield stable, interpretable view assignments
across a wide variety of genres, shot types, and visual styles.

5.5 Action Recognition

Having established stable zoom-view segments, the final stage of ZoomGate is to perform
HAR tailored to each view class. This section presents the design and evaluation of this
stage. We begin by describing the curated HAR dataset and its statistics, then intro-
duce the specialized models used for each zoom-view category: hand gesture recognition
for HANDSONLY, facial emotion recognition for FACECLOSE, upper-body micro-gesture recog-
nition for UPPERBODY, and full-body action recognition for FULLBODY. For each case, we
report qualitative examples that illustrate the model’s predictions and demonstrate how
scale-specific recognizers contribute to a more robust and interpretable overall framework.
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Figure 5.5: Qualitative results of zoom-view. (a) Tight helmet close-up detected as no
parts, (b) animated crash sequence, (c) isolated hand shot, (d) medium close-up with torso
visible, (e) full-body walking, (f) crowded multi-person dining scene. The assigned labels
align well with human intuition across varied contexts.

5.5.1 Dataset and Statistics

To evaluate the action recognition stage of ZoomGate, we curated a dataset of 319 clips
(46,284 frames, 1,909 seconds) derived from raw video material. Each clip corresponds to
a coherent action instance aligned with a zoom-view category, forming the atomic units
for training and evaluation.

As shown in Table 5.4, the dataset is naturally imbalanced: UPPERBODY dominates due
to the prevalence of dialogue-driven medium shots, while FULLBODY and FACECLOSE occur
less often, and HANDSONLY remains rare. This imbalance reflects typical cinematic patterns
and motivates the need for scale-aware routing, since recognizers must adapt to the varying
availability of cues across views.

5.5.2 Hand-Only Gesture Recognition
A special case in the dataset is the HANDSONLY category, which focuses on recognizing

isolated hand gestures. Unlike the broader body- or face-centric clips, these segments are
restricted to localized hand regions, offering a more fine-grained view of manual gestures.
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Label Clips Frames Seconds
UPPERBODY 266 43,300 1784.5

FULLBODY 34 1,957 81.6
FACECLOSE 18 995 41.5
HANDSONLY 3 101 4.2
Total 319 46,284 1909.8

Table 5.4: Per-label statistics of the HAR dataset. The dataset excludes NOPARTS clips,
since no action can be inferred in the absence of valid human cues. The imbalance re-
flects typical cinematic patterns: UPPERBODY dominates due to dialogue-driven medium
shots, while close-ups (FACECLOSE), long shots (FULLBODY), and rare hand-centric frames
(HANDSONLY) are less frequent.

For this task, we utilize the X-CLIP model [31], a multimodal vision-language trans-
former developed initially for video understanding. By encoding both visual sequences and
text prompts representing possible gesture labels, X-CLIP enables zero-shot classification
of hand gestures. We selected X-CLIP because it generalizes to a broad vocabulary of
gestures without requiring a dedicated hand-gesture training set, which is scarce and often
domain-specific. In contrast, most models trained solely on hand actions are limited to
predefined label sets and require costly retraining to extend to new gestures. In practice,
X-CLIP’s flexibility allows us to probe diverse hand-centric actions directly, making it a
better fit for our heterogeneous cinematic material. A complete list of the final gesture
label set is provided in Appendix F.

To further evaluate the performance of our HAR system, we examined qualitative
results for the HANDSONLY predictions. Figure 5.6 presents representative frames extracted
from three sequences, together with the model’s predicted actions. While the predictions
are not exact matches to the ground truth, they are often semantically close: for instance,
a sequence resembling a "push away" gesture was instead classified as holding or moving
an object, a clasped-hands posture was predicted as a generic hand-holding gesture, and
a "making a phone call" pose was interpreted as taking a picture. These near-misses
illustrate both the strengths and the limitations of zero-shot recognition in this setting.
The model is sensitive to local hand configurations and produces plausible interpretations,
yet fine-grained disambiguation between visually similar gestures remains challenging.
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Zoom-level Prediction: HANDSONLY Action Prediction: Push away

Zoom-level Prediction: HANDSONLY Action Prediction: Hold fist in the other hand

Action Prediction: Making a phone call

Figure 5.6: Qualitative examples of HANDSONLY predictions for hand gesture recognition.

5.5.3 Facial Emotion Recognition

To capture fine-grained affective states, we extended the pipeline to facial emotion recog-
nition (FER). This stage focused on close-up face clips extracted from the raw videos,
where emotional expressions could be reliably detected. We employed the DeepFace frame-
work [10], which provides state-of-the-art pretrained backbones for expression analysis
across multiple emotions.

For each video, we sampled a fixed number of evenly spaced frames (default: 5) and
applied a range of DeepFace’s analyze method restricted to the emotion action space. Pre-
dictions were collected on a per-frame basis and subsequently aggregated using a majority
voting strategy. The dominant emotion label per video was thus defined as the emotion
most frequently predicted across sampled frames, ensuring robustness against transient
misclassifications or noise.

Figure 5.7 shows representative qualitative results of the FER system. The system suc-
cessfully captures a diverse range of expressions, including happiness, neutrality, sadness,
and fear, even under challenging lighting and occlusion conditions. While DeepFace outputs
probabilities across seven standard categories (angry, disgust, fear, happy, sad, surprise,
neutral), we report only the dominant predicted label per clip. This clip-level prediction
aligns well with human intuition and provides interpretable summaries for downstream
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analysis.

Zoom-level Prediction: FACECLOSE Action Prediction: Happy

Zoom-level Prediction: FACECLOSE Action Prediction: Neutral

Zoom-level Prediction: FACECLOSE Action Prediction: Happy
[ $ £ f
4 v ¥ y
Zoom-level Prediction: FACECLOSE Action Prediction: Sad

Zoom-level Prediction: FACECLOSE Action Prediction: Fear

Figure 5.7: Qualitative examples of facial emotion recognition predictions. Each row cor-
responds to a video clip, where frames are shown alongside the majority-vote predicted
emotion label.

5.5.4 Upper-body Action Recognition
Upper-body actions are significant in cinematic material, as they often convey commu-

nicative intent through posture, arm gestures, or subtle torso shifts. For this task, we re-
purposed the CONFIDANT model, initially introduced in Chapter 4 for near-field gesture
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analysis. CONFIDANT was explicitly designed to capture micro-gestures and confidence-
related cues in presenter-style videos, leveraging spatio-temporal attention across cropped
upper-body regions. In the present work, we adapt the same architecture to cinematic
footage, where medium shots provide comparable torso- and arm-centric information, but
under more variable lighting, framing, and stylistic conventions.

For evaluation, we applied CONFIDAN'T on the curated ZoomGate dataset, with action
segments manually annotated into upper-body categories. The system produced consis-
tent predictions of nuanced upper-body behaviours such as "quick, erratic movements",
"turning head to the side" and "arms akimbo". These results underline the discrimina-
tive strength of the model, particularly in differentiating subtle postural cues that are
frequently overlooked by full-body recognition frameworks. Figure 5.8 presents qualitative
predictions obtained from film material.

5.5.5 Full-body Action Recognition

To capture holistic bodily movements and context-dependent gestures, we employed a
STGCN++ model, using pretrained weights on the Kinetics-400 dataset, which encom-
passes 400 diverse human action classes. This large-scale pretraining provides a substan-
tial prior, allowing the model to generalize effectively to our cinematic dataset without
requiring extensive finetuning.

Figure 5.9 presents representative qualitative examples across different action cate-
gories. In the first sequence, the model correctly identifies a spraying action in an ani-
mated movie, successfully capturing the interaction between the hand, spray can, and wall
context. The second sequence demonstrates accurate recognition of squatting, where the
model captures lower-body joint dynamics and posture. In the third sequence, however,
the model predicts clapping, while the actual scene depicts a boy holding a toy. This
illustrates both the model’s sensitivity to repetitive upper-body cues and its occasional
misinterpretation of ambiguous poses in cinematic contexts. Overall, these results high-
light STGCN+-+’s capacity to parse full-body movements across animated and live-action
material, while also pointing to limitations in scenarios with object interactions.

5.6 Conclusion

In this chapter, we introduced ZoomGate, a unified framework for scale-aware HAR in
cinematic video. Unlike conventional pipelines that apply a single model to all inputs,
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Zoom-level Prediction: UPPERBODY Action Prediction: Quick, erratic movements

Zoom-level Prediction: UPPERBODY Action Prediction: Turning head to the side

Zoom-level Prediction: UPPERBODY Action Prediction: Turning back to audience

Zoom-level Prediction: UPPERBODY Action Prediction: Arms akimbo

Figure 5.8: Qualitative results for upper-body action recognition using the CONFIDANT
model. Each row corresponds to a distinct action segment with the predicted action label
on the right.
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Zoom-level Prediction: FULLBODY Action Prediction: Spraying

Zoom-level Prediction: FULLBODY Action Prediction: Squat

s ) 3

Zoom-level Prediction: FULLBODY Action Prediction: Clapping

Figure 5.9: Qualitative results of full-body action recognition using STGCN++ pretrained
on Kinetics-400. Examples demonstrate correct predictions for spraying and squatting, as
well as a misclassification where a boy holding a toy was incorrectly predicted as clapping.

ZoomGate explicitly disentangles the problem into three stages: (i) assigning zoom-view
categories that reflect the visible set of human keypoints, (ii) stabilizing these assignments
with temporal smoothing, and (iii) routing coherent segments to specialized recognizers.
This design directly addresses the scale variability of film material, where wide shots,
medium shots, and close-ups highlight fundamentally different cues.

Our semi-supervised dataset of movie trailers provided a challenging testbed, captur-
ing diverse genres, animated and live-action content, and heterogeneous cinematographic
styles. Iterative refinement of the heuristic rules allowed us to identify and resolve sys-
tematic failure cases such as tracker instability, occlusions, and far-scale ambiguities. The
updated rules, combined with temporal post-processing, yielded stable and interpretable
zoom-view labels, which serve both as reliable inputs for downstream recognition and as
an interpretable diagnostic layer.

Through qualitative experiments, we demonstrated that specialized models benefit from
this scale-aware routing: facial emotion recognition thrives in close-ups, CONFIDANT ef-
fectively captures micro-gestures in UPPERBODY views, and STGCN-+-+ robustly recognizes
whole-body actions in FULLBODY shots. While some misclassifications remain, particu-
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larly in ambiguous cases involving contextual information such as object interactions, the
framework consistently improves robustness across mixed cinematic conditions.

Overall, ZoomGate bridges near-field (CONFIDANT) and far-field (HAIKYU) paradigms,
showing that scale-awareness is essential for HAR in real-world film and broadcast material.
Beyond performance, the framework contributes an interpretable intermediate representa-
tion, aligning computational recognition with cinematographic conventions. We view this
as both a practical step toward robust action recognition in heterogeneous media and a
conceptual blueprint for future scale-aware recognition systems.
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Chapter 6

Conclusion and Future Work

6.1 Summary of Contributions

This thesis has addressed the overarching challenge of robust HAR across varying cam-
era distances. While most prior work treats far-field scenario, near-field scenario, and
zoom-mixed scenarios in isolation, this research demonstrates that scale-aware preprocess-
ing combined with context-specific skeletons can yield reliable recognition across the full
spectrum. The main contributions can be summarized as follows.

First, in the far-field scenario setting, we introduced HAIKYU, a domain-adapted
pipeline for ice hockey broadcast footage, where players appear small, move abruptly,
and frequently experience occlusion. Two forms of contextual information were developed:
a temporal bounding-box normalization strategy that stabilizes player scale and suppresses
camera jitter, and a hockey-specific skeleton with stick keypointss. Together, these inno-
vations improved top-1 accuracy from 31% to 64%, highlighting the indispensable role of
equipment-aware skeletons in sports action recognition.

Second, in the near-field scenario setting, we developed CONFIDANT, supported by
a novel dataset of 38 micro-gestures explicitly annotated to distinguish between confident
and unconfident behaviours in presenter-style videos. Building on this dataset, we designed
a pose-based recognizer capable of detecting subtle confidence-related cues such as folded
arms, finger fidgets, or clasped hands. To demonstrate downstream utility, we integrated
this recognizer into a diffusion-based generative editing pipeline that transforms uncon-
fident gestures into confident ones, while preserving the speaker’s identity and natural
appearance.
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Finally, for the mixed-scale domain, we proposed ZoomGate, a lightweight zoom-
estimation and routing mechanism designed to handle cinematic and vlog-style footage
where shot scale changes dynamically. Based on BB area and keypoint density, this mech-
anism assigns each tracklet to the specialist model (far-field, near-field, or full-body) best
suited to the current scale. Experiments confirm that scale-aware routing, combined with
context-specific skeletons, delivers robust recognition performance across heterogeneous
zoom conditions.

Taken together, these three case studies establish that scale-aware preprocessing and
skeleton augmentation are critical design principles for reliable HAR. Beyond advancing
recognition accuracy in challenging domains, the thesis also demonstrates how such recog-
nition can enable downstream applications, from fine-grained sports analytics to generative
confidence editing in public speaking. These contributions validate the feasibility of scale-
aware action recognition, while also pointing to open challenges that motivate future work.

Statement of intent: In the future, we plan to release code, configuration files, and
model checkpoints for the methods introduced here, including the ZoomGate scale esti-
mator, routing/orchestration logic, and the verification GUI (Appendix D). For datasets,
HAIKYU is confidential and will not be released (Appendix A); CONFIDANT is not
planned for public release but may be shared with qualified academic researchers on rea-
sonable request under a data-use agreement that prohibits redistribution and deceptive
uses (Appendix C). All materials will be offered for non-commercial research under an Ac-
ceptable Use Policy that restricts profiling, surveillance, and deceptive media generation.

6.2 Future Work

While the presented frameworks make progress toward robust, scale-aware action recogni-
tion, several promising avenues for exploration remain open. These can be organized into
scenario-specific improvements and broader unified directions.

6.2.1 Far-Field Scenario Improvements
In the far-field scenario setting, future work should expand the current hockey dataset
beyond the six core actions studied in this thesis. Including a more exhaustive taxonomy

of tactical and defensive maneuvers, as well as rarer events, would strengthen robustness
and applicability. Another important direction is to transition from isolated recognition to
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continuous action spotting, where the system can automatically identify the start and end
of actions in untrimmed broadcast video. Methodologically, incorporating stereo or multi-
camera footage could enable more reliable 3D skeleton estimation, mitigating the challenges
of occlusions and camera motion. Finally, extending recognition from individual players
to team-level context by integrating puck tracking and modelling inter-player interactions
would open the door to higher-level tactical analysis, such as play formation recognition
or line-change detection.

6.2.2 Near-Field Scenario Enhancements

For the near-field scenario scenario, the CONFIDANT dataset represents a novel contri-
bution, but remains limited in size. Enlarging this dataset with more speakers, diverse
demographics, and cross-cultural samples would improve generalization and reduce the
subjectivity of confidence labels. Another important direction is multimodal integration,
combining visual micro-gestures with audio prosody, linguistic disfluencies, or even physi-
ological signals, enabling a more holistic approach to confidence detection. Future imple-
mentations could also focus on providing real-time feedback, offering speakers live guidance
in presentation or virtual reality contexts. Since micro-gestures vary greatly across indi-
viduals, adaptive and personalized models that learn each speaker’s baseline behaviours
will be essential for reliable, context-aware feedback.

6.2.3 Mixed-Scale and Zoom-Aware Extensions

In the zoom-mixed scenarios domain, ZoomGate has demonstrated the benefits of scale
awareness; however, considerable room for improvement remains. The current heuristics,
based on BB area and keypoint density, while effective, are brittle in complex multi-person
scenes or under unusual cinematography. A promising future direction is to replace these
heuristics with learned scale-estimation modules, perhaps leveraging transformers or cross-
scale attention mechanisms. Beyond scale classification, architectures that blend global
(full-body) and local (face/hand) features adaptively could eliminate the need for explicit
routing, maintaining continuity even under ambiguous or rapidly changing zoom condi-
tions. Applying ZoomGate to unconstrained media such as livestreams, social media, or
egocentric video would further test its resilience in real-world, less-structured footage.
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6.2.4 Toward Unified Action Recognition

Looking ahead to unified action recognition, the ultimate challenge is to move beyond
scenario-specific pipelines toward architectures that seamlessly adapt across scale, view-
point, and application domain. Advances in contrastive learning and cross-attention mech-
anisms suggest a path toward models with accurate view and scale invariance, unifying
far-field scenario, near-field scenario, and zoom-mixed scenarios within a single backbone.
Such models will also benefit from multimodal fusion, combining skeleton data with RGB
appearance, object trajectories, audio, or even textual transcripts to enrich action seman-
tics, particularly in ambiguous or occluded situations. There is also an exciting opportunity
for deeper synergy between recognition and generative editing: recognizers can guide ed-
its, while edits themselves can produce augmented data to retrain and improve recognition
models, creating a closed-loop cycle.

In summary, future work should expand available datasets, incorporate richer modali-
ties, replace heuristics with adaptive modules, and strive toward unified frameworks capa-
ble of handling the full diversity of human action across scales, viewpoints, and domains.
Together, these directions point toward the long-term goal of unified, adaptive, and trust-
worthy action recognition systems that bridge the gap between analysis and generative
intervention.
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Appendix A

Dataset Card: HAIKYU

Summary. 1,547 two-second NHL broadcast clips at 30 fps centered on six actions, with
person tracklets, per-frame bounding boxes, and 2-D keypoints from a hockey-tuned pose
model; temporal box normalization as in Chapter 3.

Composition and splits. 29 teams, male adult professional athletes; stratified 70,/30
train/validation split with per-class reporting due to imbalance.

Intended use. Research on far-field sports action recognition and keypoint modeling;
not representative of amateurs or youth leagues.

Out-of-scope use. Surveillance, identity profiling, or commercial broadcast replace-
ment.

Collection and preprocessing. Public broadcast sources; tracklets via VIP-HTD [35];
hockey-specific keypoints; temporal normalization.

Demographics and consent. Professional male adult athletes; to our knowledge no
minors.

Licensing and availability. Confidential: due to rightsholder/licensing constraints,
HAIKYU will not be publicly released; neither raw videos nor derived annotations will
be distributed. This thesis provides aggregate statistics and methodological details for
independent reproduction on lawfully obtained broadcasts.

Known limitations. Broadcast motion blur, class imbalance, and narrow domain
(rink /broadcast angles).
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Appendix B

ChatGPT Classification for
CONFIDANT Dataset

The classifications provided by ChatGPT are summarized in the Table B.1. From the
classifications, it is clear that gestures that involve open body language, upright posture,
and controlled movements, such as standing tall, hands behind the back, arms akimbo,
starting arm movements from the shoulders, open hands, smooth movements, head up,
and the palm-to-palm (Namaste) gesture, are associated with confidence. In contrast,
gestures involving self-touching, fidgeting, closed body language, or avoidance behaviors,
such as crossing fingers, folding arms, fidgeting fingers, covering the mouth, playing with
clothes, head down, touching or scratching facial parts, and putting hands in pockets, are
linked to a lack of confidence.
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Table B.1: Classification of Micro-Gestures Using ChatGPT

Micro-Gesture Classification
Crossing fingers Unconfident
Standing tall with an upright posture Confident
Hands behind the back Confident
Quick, erratic movements Unconfident
Folding arms Unconfident
Fidgeting fingers Unconfident
Arms akimbo Confident
Covering mouth Unconfident
Playing with clothes Unconfident
Head down Unconfident
Showing the back of the palms Unconfident
Holding objects Unconfident
Turning back to audience Unconfident
Covering chest Unconfident
Playing or adjusting hair Unconfident
Rubbing or holding hands Unconfident
Turning head to the side Unconfident
Touching or scratching facial parts Unconfident
Moving torso Unconfident
Starting arm movements from shoulders Confident
Keeping hands open and visible Confident
Touching jaw Unconfident
Putting hands in pockets Unconfident
Touching or scratching head Unconfident
Playing or manipulating objects Unconfident
Finger-pointing gestures Unconfident
Shaking shoulders Unconfident
Smooth and controlled movements Confident
Deep breath Unconfident
Head up Confident
Scratching or touching arms Unconfident
Covering face Unconfident
Touching or scratching neck Unconfident
Rubbing eyes Unconfident
Touching nose Unconfident
Palm-to-palm (Namaste gesture) Confident
Touching or scratching forehead Unconfident
Touching hat Unconfident
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Appendix C

Dataset Card: CONFIDANT

Summary. 412 near-field clips from presenter-style online videos, annotated into 38
upper-body micro-gesture classes and mapped to {Confident, Unconfident}; upper-body
keypoints provided.

Composition and splits. Speakers appear to be consenting adults of mixed gen-
ders/ethnicities (not systematically recorded); stratified 70/30 train/validation split.

Intended use. Research on micro-gesture recognition and consented behavior editing.

Out-of-scope use. Deceptive or manipulative edits; hiring/credit screening; biometric
identification; surveillance.

Collection and preprocessing. Presenter segments curated from public sources;
DWPose |56] with upper-body joints retained; two skeleton configurations evaluated.

Licensing and availability. No public release planned at this time; however, the
dataset may be shared on reasonable request with academic researchers under a data-use
agreement prohibiting redistribution and deceptive uses. Any shareable package will in-
clude annotations (timestamps, labels, and video source). Requests: kbuzko@Quuwaterloo.ca.

Known limitations. Small size, partial cultural coverage of 'confidence’, and overlap
between gesture classes.
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Appendix D

Resource Note: ZoomGate

Summary. ZoomGate is a scale-aware action recognition pipeline that detects frame-wise
shot scale and switches to a scale-appropriate action recognition expert.

Sourcing and pseudo-labeling. We collected candidate clips from YouTube by
querying for trailers with frequent zooms. We generated pseudo-labels by running Scale-
Gate, extracting person tracklets, and routing them to specialist recognizers. A light
manual audit of random samples was used to estimate precision and prune obvious errors.

Inputs and preprocessing. Person tracklets with per-frame boxes; optional near-field
crops; 2-D keypoints.

Outputs. Per-tracklet action labels with associated zoom scale.

Intended use. Research on zoom-mixed (mixed-zoom) action recognition and scale-
aware routing.

Out-of-scope use. Surveillance, identity profiling, and deceptive media generation.

Licensing and availability. We intend to release code, configuration files, and the
verification GUI for non-commercial research.

Known limitations. Pseudo-labels can contain noise and inherit domain bias from
source videos; errors in detection/tracking and scale estimation can propagate; trailer and
presenter domains may not generalize to handheld /social video without adaptation.

Contact. Code/usage questions: kbuzko@uwaterloo.ca.
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Appendix E

Pseudocode Listings

This appendix contains pseudocode listings for algorithms described in Chapter 5. We
include complete rule-based view classification logic (ZoomGate), allowing for independent
reproduction of the implementation, regardless of the source code.
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Algorithm 1: ZoomGate Updated View Classification

Input: face bb, body bb, lhand bb, rhand bb, torso vis count, lower seen,
frame area, frame h, W, H
Output: Zoom—view label
face ok < (face bb # 0);
face area frac <— Area(face bb) / frame area;
face h frac <— Height(face bb) / frame h;
hands ok < ValidHand(lhand bb, body bb) Vv ValidHand(rhand bb,
body bb);
pose_ ok « (torso_vis_count > 0) V lower seen;
if not (face_ ok V pose_ok V hands_ok) then
if EdgeTouch(body bb, W,H) > 2 or BlurGuard(body bb) then
| return NOPARTS;

o

f face ok and (face area_frac > 0.07 V face_h_frac > 0.30) then
if torso_wis count < 2 then

L return FACECLOSE
else

| prefer UPPERBODY

if hands_ ok and not(face ok \ torso_wis count > 2 V lower seen) then
| return HANDSONLY;

if body bb # () then
body h frac < Height(body bb)/frame h;

if lower seen and (face_ok \V torso_wvis_count > 2) then
L return FULLBODY

else if body h_frac < 0.30 and (not face ok \ face h_frac < 0.12) then
L return FULLBODY // far-person fallback

else if face ok V torso_wvis_count > 2 then
L return UPPERBODY

else
L return NOPARTS

if face ok then
| return UPPERBODY

if hands ok then
L return HANDSONLY

return NOPARTS;
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Appendix F

Hand Gesture Label Set

Table F.1 lists the final set of hand gesture labels adapted for cinematic scenarios.

Communicative Expressive / Emo- Contextual / Sym-
tional bolic

Wave Fist (anger, power) Make a phone call

Beckon Hold fist in the other Framing gesture

Stop / palm-out
Thumbs up

Thumbs down
Like / dislike

Peace / victory

hand
Push away
Snap fingers

Applaud
Palm-to-fist (determi-

nation)
Pointing / index finger

(photo frame)

Prayer / pleading
Heart (dual hands /
fingers)
Counting
numbers)
OK sign

(showing

Rock sign

Table F.1: Adapted hand gesture labels for cinematic scenarios.
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Glossary

bounding-box normalization Resizing detected person bounding boxes in a tracklet to
a consistent scale to reduce pose jitter caused by camera motion or zoom iv, 5, 6,
18-20, 22, 23, 25-28, 63

COCO Common Objects in Context dataset; includes a 17-keypoint human skeleton stan-
dard 8, 9, 19, 22, 23, 25, 28, 33

COCO-WholeBody An extension of COCO with 133 keypoints (17 body, 68 face, 42
hands, 6 feet) 9, 33, 42

confidence score A scalar in [0, 1] output by the pose estimator indicating reliability of
a detected keypoint 33

contextual information Scenario-specific cues beyond joint coordinates (e.g., camera
scale, equipment, object interactions) that disambiguate actions 1, 10, 14, 17, 18, 20,
28, 50, 62, 63

DWPose A whole-body pose estimation approach designed for accurate, detailed key-
points 33, 38

far-field scenario Setting where the subject appears small and distant, emphasizing
whole-body motion and contextual cues iv, viii, ix, 1-8, 10, 11, 14, 17-19, 28, 44, 45,
47, 63, 64, 66

human pose estimation Detecting key anatomical landmarks (joints/limbs) on the hu-
man body in images or videos 8, 33, 43

keypoint A detected anatomical landmark (e.g., joint or facial feature) used in pose es-
timation iv, v, 1, 4-9, 12, 13, 19, 21-24, 26, 28, 33, 34, 37-39, 42, 46, 48, 50, 51, 53,
61, 64, 65, 82
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micro-gestures Subtle, brief movements (e.g., folding arms, crossing fingers) indicative
of psychological states iv, 2-7, 12, 13, 16, 17, 29, 30, 33, 34, 37, 38, 42-44, 48, 49,
59, 61, 63, 65

near-field scenario Setting where the subject is close to the camera, emphasizing fine-
grained gestures and facial expressions iv, viii, ix, 1-8, 10, 12, 14, 17, 29, 33, 42-45,
47, 63, 65, 66

optical flow A technique to estimate pixel-wise motion between consecutive video frames,
often used as a cue for action recognition 10

point cloud A set of points in 3D (or spatiotemporal) space used to represent geometry
or trajectories 13

scale gate A lightweight module that computes a zoom/scale score (e.g., from bounding-
box area and keypoint density) to route inputs to the appropriate branch 14

scale-aware routing Dispatching a detected person/tracklet to a specialist recognizer
based on estimated camera scale or keypoint density 29, 44

skeleton-based action recognition Recognizing actions from sequences of body key-
points, abstracting appearance and background 8, 9, 14, 32, 42

stick keypoints Sport-specific landmarks (e.g., butt end, heel, toe) added to the skeleton
to capture equipment pose and motion 17-19, 21-23, 25, 28, 63

tracklet A short, temporally continuous sequence of detections corresponding to the same
subject, typically produced by a tracker v, 5-7, 14, 17, 19-22, 45, 48, 53, 64

transformer A neural architecture using self-attention to model long-range dependencies
in sequences 56, 65

zoom-mixed scenario Setting where the camera zoom or editing abruptly shifts shot
scale, requiring models to adapt between far-field and near-field cues within a single
video iv, v, ix, 2, 3, 5-8, 13-15, 17, 45, 49, 63, 65, 66
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