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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 ldentity-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 [49],
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 nger micro-expressions in close-ups. Moreover, reliable inter-
pretation often hinges on contextual information, which includes domain-speci ¢ 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, lling the frame with a single face or hand. Humans
e ortlessly 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 nger 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- eld scenar-
ios, characterized by broadcast footage of sporting events that depict distant, rapid move-
ments with lower-resolution visuals; and the near- eld scenarios, exempli ed 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 speci ¢ needs.

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

The remainder of this chapter (i) motivates the study in more detail, (i) analyses the
speci c challenges of far- eld scenarios, near- eld 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 signi cant advancements driven by increasing demand across diverse
application areas. In sports analytics, precise action recognition can signi cantly enhance

the analysis of player strategies, inform coaching decisions, and optimize athlete perfor-
mance. For instance, identifying subtle hockey-speci c movements can reveal strategic
plays that are time-consuming to detect through manual observation.

At the opposite end of the camera spectrum, near- eld scenarios, particularly the anal-
ysis and transformation of micro-gestures, hold potential for profound impacts in elds
such as communication coaching, public speaking, and personal development. E ective
recognition and editing of these subtle behaviours can help individuals present themselves
with greater con dence and clarity. Figure 1.1 provides a visual illustration of the distinc-
tion between near- eld scenarios and far- eld scenarios, highlighting typical examples of
each context and showcasing di erences 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- eld scenarios, which are optimized for tiny, fast athletes under erratic camera
motion, or in near- eld 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- eld scenario regime, we target ice-hockey broadcasts, where
distant players, rapid motion, and stick puck interactions stress existing methods. For
the near- eld scenario regime, we focus on presenter videos, detecting subtle con dence-
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.

Figure 1.1: lllustration of near- eld versus far- eld action recognition scenarios, highlight-
ing the distinct visual characteristics and challenges in each context. Near- eld imagery
emphasizes detailed, subtle gestures, which require ne-grained pose analysis, while far-

eld imagery typically includes distant, low-resolution subjects with frequent occlusions
and rapid movement.



1.2 Challenges

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

1.2.1 Far- eld scenarios

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

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

1.2.2 Near- eld scenarios

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

Over-speci cation:  High visibility can lead to excessive keypoint data, demanding e -
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 signi cantly across individuals and contexts,
necessitating advanced methods for robust and meaningful classi cation.



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 .

These additional hurdles further reinforce the need for specialized far- eld scenarios
and near- eld scenarios pipelines, as well as a fast routing mechanism that can mediate
between them when the scale uctuates 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- eld scenar-
ios, near- eld scenarios, and zoom-mixed scenarios. Concretely, we pursue ve objectives:

1. Robust distance-speci ¢ 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-speci c cues and normalization. Introduce camera motion-compensated
bounding-box normalization for far- eld scenario tracks. Additionally, augment generic
skeletons with task-critical key points, such as hockey-stick endpoints and whole-hand
landmarks, for near- eld 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.
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1.4 Contributions

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

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

Research 2 (Near- eld scenario): CONFIDANT, focused on detecting and editing
subtle near- eld scenario micro-gestures to enhance perceived con dence, supported by a
novel dataset and a di usion-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 Im-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- eld scenarios sports broadcasts, near-eld 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 speci c to far- eld scenarios sports, near- eld 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- eld scenario sports sce-
narios, focusing on player tracking, pose extraction, and action classi cation in hockey
broadcasts. It introduces HAIKYU: a pipeline designed to stabilize broadcast camera
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e ects and leverage hockey-specic keypoints for improved recognition performance. In
addition, it evaluates the HAIKYU pipeline through both quantitative and qualitative
analysis, including empirical results that compare keypoint con gurations and normaliza-
tion strategies, as well as visual examples and critical insights into limitations.

Chapter 4 describes the CONFIDANT framework for near- eld 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 di usion models for identity-
preserving transformations. Additionally, it presents the experimental results of the CON-
FIDANT system, including accuracy in gesture classi cation, perceived con dence 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- eld scenario, near- eld scenario, or full-body).
This approach ensures robust performance across Im-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 uni ed 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, speci c challenges
associated with far- eld scenarios, near- eld scenarios, and zoom-mixed scenarios, as well
as context-aware recognition approaches. Finally, we outline advances in generative video
editing that motivate our con dence-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 con gurations. By abstracting away appearance and background details, this
representation simpli es 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 de nes 17 core body joint loca-
tions [31]. While this standard model provides broad applicability across various activi-
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ties, it lacks the ner 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 con gurations, illustrating that while the full-body model enables richer
analyses of ne-grained gestures involving facial expressions or hand movements, it comes
with increased complexity and computational cost.

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 [42], and STGCN++ [14],
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which have demonstrated high e ectiveness in capturing complex movement patterns. Fig-
ure 2.2 illustrates a generic GCN-based action recognition work ow: a skeleton sequence
is converted into a spatio-temporal graph, passed through stacked GCN layers, and nally
mapped to an action-probability vector.

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

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

2.2 Far- eld scenario Action Recognition

Far- eld 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- eld scenario environments. In far- eld sce-
nario video footage, humans often appear small, typically only a few tens of pixels high.
Such limited spatial resolution signi cantly 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 ow, 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 (1Z8IR0), 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 (108@0 = 921,600
pixels), but far- eld subjects occupy a much smaller pixel footprint, making limb details
blur into just a handful of pixels and motion cues harder to capture.

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
12800720 resolution. Such small footprints make far- eld scenario action recognition

markedly harder.

Further complicating far- eld 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- eld 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- eld scenario Action Recognition

Near- eld 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-
ni cant meaning. In such settings, the goal is frequently ne-grained gesture detection
rather than large-scale actions. Of particular interest to this thesis is the interpretation of
emotional or psychological states (such as con dence 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 dgeting 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- eld 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- eld scenario samples with upper-body pose estimations. The
dense facial and hand landmarks emphasize why near- eld scenario recognition bene ts
from ne-grained, whole-body keypoints.

Body language research indicates that con dent body language, such as open postures
and deliberate gestures, enhances credibility, whereas uncon dent cues such as slouching or
dgeting diminish perceived authority [29]. Thus, systematically recognizing and enhanc-
ing these subtle cues has considerable potential to improve communication e ectiveness,
particularly in video presentations.
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Currently, publicly available datasets speci cally targeting con dence-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 (IMIGUE) 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 con dence-related gestures. This limitation highlights the need for developing a com-
prehensive dataset speci cally annotated for both con dent and uncon dent 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 di erent 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 ve 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. [41]. Their method inserts a
di erentiable 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 [26], a corpus of 1,100 full-length Ims
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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 ips 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 signi cantly 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-speci c
skeleton, and routing every tracklet to the far- eld scenario or near- eld 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 signi cantly enhances
recognition accuracy. Additional cues beyond pure skeletal dynamics help disambiguate
visually similar actions that di er in meaning. Recent studies have demonstrated that
explicitly modelling temporal context and object interactions can substantially improve
classi cation 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 di erentiating a scored goal from a missed
attempt based on subsequent frames showing either celebration or continued gameplay.
Experiments on the SoccerNet dataset con rmed 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 signi cantly improved recognition performance
in object-involved activities and clari ed ambiguous skeletal gestures. Thus, contextual
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Figure 2.5: Examples of the ve canonical shot scales annotated in MovieNet: (a) extreme
close-up, (b) close-up, (c) 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[26].
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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 signi cant advancement in this eld, 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 speci c 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 signi cant information about a person’'s emotional state and
con dence 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 [44] 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- eld 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 e ectiveness depends directly on the accuracy and granularity of the upstream HAR
pipeline. The CONFIDANT framework (see Chapter 4) leverages ne-grained, pose-based
action recognition to guide generative editing, ensuring that con dence-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- eld scenario,
near- eld scenario, and zoom-mixed scenario footage each demand a di erent 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- eld scenario recognition; CONFIDANT focuses
on near- eld scenario micro-gestures and demonstrates identity-preserving con dence edit-
ing; and ZoomGate uni es the spectrum by detecting scale on the y, 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
identi cation and classi cation 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-speci ¢ 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 speci cally for far- eld 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 signi cant 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-specic pose extraction, and GCN-based
classi cation), provide comprehensive quantitative and qualitative analyses, and o er crit-
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