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Aerial perception plays a central role in autonomous systems that rely on aerial, overhead, or
elevated-view observations for tasks such as video understanding, localization, and multi-camera anal-
ysis. Compared with conventional ground-view perception, these settings introduce distinctive chal-
lenges, including severe viewpoint and scale variation, cluttered backgrounds, spatially sparse task-
relevant foreground cues, temporal ambiguity, and substantial discrepancies across views, modalities,
and camera networks. These characteristics make it difficult to directly apply standard visual learning
methods developed for ground-view imagery and videos. In this dissertation, we address these chal-
lenges through the lens of representation learning for aerial perception, with a particular focus on how
spatial structure, temporal dynamics, and cross-view consistency can be modeled more effectively.

Our central thesis is that effective aerial perception depends on representations that better cap-
ture action-relevant spatial cues, model temporal relationships more reliably, remain practical under
real-world deployment constraints, and transfer across heterogeneous sensing conditions. Guided by

this perspective, we develop a sequence of methods organized around three themes. First, we study



refined spatial-temporal representation learning for aerial video understanding, where we improve how
aerial video representations capture spatially sparse action-relevant regions and temporally ambiguous
motion under large background dominance and weak foreground visibility. In this theme, we develop
methods for temporal feature alignment, informative frame sampling, and semantic guidance. Across
representative aerial and video recognition benchmarks, our methods improve recognition accuracy by
2.2%—-13.8% on UAV-Human, 6.8% on NEC-Drone, and 9.0% on Diving48.

Second, we study practical and scalable aerial perception under real-world constraints, where
we develop aerial-specific methods that improve efficiency, reduce annotation dependence, and re-
main suitable for realistic deployment. In this theme, our deployment-oriented methods improve top-1
accuracy by 6.1%—7.4% on RoCoG-v2, outperform prior state of the art by 8.3%-10.4% on UAV-
Human, and reach 95.9% accuracy on Drone Action, while also achieving 2 x faster inference on an
RB5 CPU. Complementing this, our self-supervised learning methods further improve top-1 accuracy
by 2.9% on NEC-Drone and 5.8% on UAV-Human under limited annotation, while achieving 2 x-5x
faster inference than supervised approaches with heavy test-time augmentation.

Third, we study transferable aerial perception across views, modalities, and camera networks,
where we learn representations that preserve task-relevant consistency across aerial-ground correspon-
dence and multi-camera settings. In this context, our methods enable more robust aerial-ground lo-
calization under cross-view, cross-modal, and scale discrepancies, and support calibration-free multi-
camera association without requiring camera calibration or manual identity annotations.

Taken together, our contributions establish a unified perspective on aerial perception through
representation learning that is spatially aware, temporally effective, practically deployable, and trans-
ferable across sensing conditions. We show that improving aerial perception is not only a matter of

designing stronger task-specific predictors, but of learning representations that better reflect the spatial



structure, temporal dynamics, and sensing variability of aerial and elevated-view observations.
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Chapter 1: Introduction

1.1 Background and Motivation

Recent advances in aerial and elevated sensing platforms, especially unmanned aerial vehicles
(UAVs), have enabled a broad range of civilian and autonomous applications, including surveillance,
traffic monitoring, disaster response, environmental inspection, infrastructure assessment, search and
rescue, and navigation [7-9]. Compared with conventional ground-based sensing platforms, aerial
systems provide wider spatial coverage, more flexible deployment, and observation viewpoints that
are difficult to obtain from fixed cameras or vehicle-mounted sensors [10—12]. These advantages
have made aerial and elevated-view perception increasingly important for large-scale real-world visual
understanding and autonomous decision-making [13—15].

At the core of these applications lies aerial perception, which in this dissertation refers broadly
to visual understanding from aerial, overhead, or elevated-view imagery and video [8, 13, 15]. This
scope includes not only UAV-based sensing, but also related overhead and oblique-view settings that
share common challenges such as large viewpoint variation, scale changes, sparse task-relevant fore-
ground cues, cluttered backgrounds, and discrepancies across views or sensing conditions [5, 6, 16].
Depending on the application, aerial perception may involve action recognition, event understand-
ing, localization, tracking, scene analysis, navigation, or correspondence learning across viewpoints,

modalities, and camera networks [11, 14, 15]. Recent benchmarks and task-specific studies, including



Okutama-Action, Drone-Action, and UAV-Human, further highlight both the practical importance and
the technical difficulty of visual understanding in aerial settings [5, 17, 18].

A useful perspective for studying these problems is spatial-temporal representation learning. In
the broad sense, representation learning aims to learn features that capture the underlying structure
of observations in a form that is useful for downstream tasks [19-21]. In visual perception, spatial
representation learning concerns appearance, object structure, scene layout, and spatial relationships
within an observation, while femporal representation learning concerns motion, temporal evolution,
and dependencies across observations acquired over time [21-23]. Spatial-temporal representation
learning therefore refers to learning feature representations that jointly encode informative structure
across space and time, so that models can support tasks such as recognition, localization, prediction,
tracking, and association in dynamic visual environments [21, 24, 25].

This representation-centric viewpoint has become increasingly important in modern visual un-
derstanding. Prior work has shown that strong performance in dynamic perception tasks depends
heavily on the quality of learned spatial-temporal features, rather than only on task-specific prediction
heads [2, 23, 26]. More recent architectures, including transformer-based models, further reinforce
this trend by explicitly modeling relationships among spatial tokens and, when applicable, tempo-
ral tokens across observations [27-29]. Self-supervised and masked modeling approaches have also
demonstrated that learning effective spatial-temporal representations is a central mechanism for im-
proving generalization in visual understanding [25, 29, 30].

This perspective is particularly relevant to aerial perception because informative cues in aerial
observations are often small, sparse, and unevenly distributed, while the underlying scene dynamics are
affected by camera motion, viewpoint variation, occlusion, and large background regions [5, 16, 17].
As a result, successful aerial perception depends not only on recognizing what appears in individual
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observations, but also on learning representations that capture where informative cues occur, how
they are spatially organized, and how they evolve over time [21, 23, 24]. However, many existing
visual learning methods have been developed primarily for conventional ground-view imagery and
videos, and do not directly account for the distinctive visual characteristics and deployment constraints
of aerial, overhead, and cross-view settings [6, 8, 15]. Recent surveys on drone vision and aerial
action recognition similarly emphasize the need for learning methods that better address aerial-specific
viewpoint changes, scale variation, sparse foreground signals, and real-world operational constraints
[14-16].

Motivated by this gap, this dissertation studies spatial-temporal representation learning for
aerial perception. The central premise is that effective aerial perception requires representations that
are refined for aerial video understanding, practical and scalable under real-world constraints, and
transferable across views, modalities, and camera networks. Guided by this premise, the disserta-
tion is organized around three connected themes: refined spatial-temporal representation learning for
aerial video understanding, practical and scalable aerial perception under real-world constraints, and

transferable aerial perception across views, modalities, and camera networks.

1.2 Challenges in Aerial Perception

Although aerial and elevated sensing platforms provide important advantages for large-scale vi-
sual understanding, aerial perception remains substantially more challenging than conventional ground-
view perception [8, 13, 15]. These challenges arise not only from the imaging geometry and motion
characteristics of aerial or elevated viewpoints, but also from the practical conditions under which such

data are collected, annotated, and deployed [11, 31, 32]. As a result, methods developed for standard



image recognition or ground-view video understanding often do not transfer effectively to aerial, over-
head, or oblique-view scenarios [5, 6, 16, 33]. This section highlights the core challenges that motivate

the study of spatial-temporal representation learning for aerial perception.

1.2.1 Spatial Challenges from Viewpoint, Scale, and Scene Composition

Aerial and elevated-view observations exhibit substantial spatial variability, meaning that the
spatial appearance and arrangement of informative visual content can change significantly across ob-
servations due to viewpoint, altitude, camera orientation, scene coverage, and sensing configuration
[8, 12, 34]. As a result, the same target or scene may appear drastically different across captures,
even within the same task setting [5, 16, 33]. Targets of interest are often observed from overhead
or oblique viewpoints, with visual patterns that differ substantially from the ground-view imagery on
which many vision models are commonly developed or pretrained [6, 17, 35]. In addition, large scene
coverage often causes foreground targets, such as people or vehicles, to occupy only a small portion
of the image [5, 18, 34]. These difficulties are further amplified by cluttered backgrounds, weak local
detail, and large intra-scene scale variation, all of which are widely recognized challenges in aerial and
elevated-view vision [16, 35, 36].

These properties make aerial perception fundamentally different from standard visual recogni-
tion settings. Models must identify small, task-relevant regions within large and often cluttered scenes
while remaining robust to changes in viewpoint, object scale, and scene composition [8, 16, 34]. Con-
sequently, effective aerial perception requires representation learning strategies that preserve informa-
tive spatial structure and emphasize discriminative local cues rather than being dominated by global

background appearance.



1.2.2  Temporal Complexity and Motion Ambiguity

Aerial perception also introduces substantial temporal challenges. In mobile aerial platforms
such as UAVs, visual observations often contain strong camera ego-motion caused by platform move-
ment, viewpoint adjustment, or trajectory changes [11, 14, 31]. Even in fixed elevated or multi-camera
settings, temporal observations may still be affected by abrupt viewpoint changes, scale inconsisten-
cies, occlusion, and background activity. These effects can obscure the underlying scene dynamics
and make it difficult to separate target motion from camera-induced or viewpoint-induced appearance
change [16, 37, 38]. Furthermore, aerial videos frequently contain long temporal spans with redundant
or weakly informative observations, while action-relevant motion patterns may appear only briefly or
in localized regions [5, 18, 39]. The temporal structure of aerial observations is therefore often noisy,
sparse, and difficult to model consistently, especially when target motion, background motion, and
camera effects are entangled [16, 31, 38].

These properties make temporal modeling particularly challenging, since effective understand-
ing depends not only on what information is present, but also on when it is informative and how it
evolves over time. Such challenges motivate spatial-temporal representations that emphasize informa-
tive temporal structure while suppressing noise introduced by camera motion and visual redundancy
[3, 38, 39]. They also highlight the importance of learning mechanisms that focus computation on

informative observations rather than treating all frames as equally useful [3, 39, 40].

1.2.3 Cross-View, Cross-Modal, and Cross-Camera Discrepancies

Many aerial perception problems extend beyond a single image or video stream. In practical

settings, a perception system may need to align aerial observations with ground-view imagery, map-



based information, or other sensing modalities, or it may need to associate targets across multiple
cameras with different viewpoints and observation conditions [15, 41, 42]. However, such scenarios
introduce substantial discrepancies in appearance, geometry, scale, and semantic granularity. The
same location may look dramatically different when observed from aerial and ground perspectives,
and the same target may exhibit large appearance variation across camera networks with different
viewpoints, heights, or scene layouts [6, 33, 42]. These cross-view, cross-modal, and cross-camera
gaps make direct feature matching difficult and require learned representations that preserve task-
relevant consistency despite changes in viewpoint, scale, modality, and sensing configuration.

As aresult, transferability across observation conditions becomes a central requirement for aerial
perception systems operating in realistic multi-view or multi-modal environments. Rather than being
tied to a single sensing condition, representations should remain useful across viewpoints, sensing
modalities, camera networks, and deployment environments, while still supporting robust correspon-

dence, localization, and association.

1.2.4 Limited Supervision and Deployment Constraints

Aerial perception is also constrained by the cost and practicality of data collection, annotation,
and deployment. Large-scale annotation of aerial imagery and video is expensive, especially for tasks
involving long temporal sequences, rare events, dense correspondences, fine-grained action labels, or
cross-camera identity association [5, 7, 18]. In many real-world settings, deployment cannot assume
exhaustive manual labels, stable infrastructure, or computationally heavy inference-time preprocess-
ing [10, 15, 32]. These constraints limit the applicability of methods that rely strongly on manual

supervision or expensive processing pipelines [14, 15, 32]. As a result, aerial perception methods



must not only achieve strong accuracy, but also remain practical under limited supervision, restricted
preprocessing capability, and real-world resource constraints.

These observations motivate learning strategies that reduce reliance on dense manual annotation
and heavy preprocessing while maintaining strong representation quality. Such strategies are partic-
ularly important when aerial perception must be deployed at scale, adapted to new environments, or

transferred across sensing conditions.

1.2.5 Implications for Representation Learning

Taken together, these challenges indicate that aerial perception is not simply a direct extension
of conventional vision problems [8, 13, 15]. Instead, it requires representation learning methods that
explicitly account for the distinctive spatial, temporal, and operational characteristics of aerial, over-
head, and oblique-view observations. In particular, the challenges discussed above motivate three core
directions for this dissertation.

First, aerial perception requires refined spatial-temporal representation learning that is better
tailored to the spatial sparsity, background dominance, viewpoint variation, and temporal ambiguity
of aerial observations. Effective models must better capture informative regions, emphasize useful
temporal structure, and adapt learned features to aerial-specific visual conditions.

Second, aerial perception requires practical and scalable learning under real-world constraints,
where annotation, computation, and preprocessing may all be limited. This calls for methods that re-
main effective under limited computation, restricted preprocessing capability, and limited supervision,
and that can support deployment across larger datasets, longer observation streams, and more complex

sensing environments.



Third, aerial perception requires transferable representations across views, modalities, and cam-
era networks. Since many practical tasks involve aerial-ground correspondence, heterogeneous sens-
ing conditions, or multi-camera association, learned representations must preserve task-relevant con-
sistency even when the observation domain changes substantially.

These observations motivate the central research questions of this dissertation. The next section
formalizes this perspective through the thesis statement and the main research questions that guide the

remainder of this dissertation.

1.3 Thesis Statement and Research Questions

The discussions in the previous sections suggest that aerial perception should not be viewed
merely as a collection of separate downstream tasks, but rather as a unified representation learning
problem. Specifically, despite differences in task formulation, aerial video understanding, localiza-
tion, multi-view correspondence, and multi-camera perception all depend on a common objective:
learning feature representations from aerial, overhead, or elevated-view observations that preserve in-
formative spatial structure, capture meaningful temporal dynamics, remain robust to viewpoint and
sensing variation, and support reliable perception in real-world settings.

This shared perspective motivates the central thesis of this dissertation: effective aerial percep-
tion can be substantially improved by learning spatial-temporal representations that explicitly capture
aerial-specific visual structure, remain practical under real-world computational and deployment con-
straints, and generalize across heterogeneous sensing conditions. Guided by this thesis, this disserta-

tion investigates three research questions.



RQ1: How can we refine spatial-temporal representations for aerial video understanding? Aerial
videos exhibit substantial viewpoint and scale variation, strong camera ego-motion, cluttered back-
grounds, and small task-relevant foreground cues. These properties make it difficult for standard
visual models to capture informative spatial structure and temporal dynamics effectively. This re-
search question studies how aerial representations can be refined through improved temporal align-
ment, informative sampling, and semantically guided learning, so that they better support aerial video

understanding.

RQ2: How can aerial perception remain practical and scalable under real-world constraints? In re-
alistic deployment settings, aerial perception often faces limited computation, limited annotation, and
restricted preprocessing capability. This research question investigates how to design learning strate-
gies that remain effective under such constraints, including methods that improve efficiency, simplify

deployment, and reduce reliance on dense manual supervision or computationally heavy processing.

RQ3: How can learned representations transfer across views, modalities, and camera networks? Many
aerial perception systems must operate beyond a single observation stream, requiring correspondence
across aerial and ground views, heterogeneous sensing modalities, or multiple cameras with different
viewpoints and observation conditions. This research question studies how to learn representations
that preserve task-relevant consistency despite changes in viewpoint, scale, modality, and sensing con-
figuration.

Together, these research questions define the main scope of this dissertation. The next section

provides an overview of how they are organized into the core themes of the dissertation.



1.4 Dissertation Overview

To address the research questions introduced above, this dissertation is organized around three
complementary themes: refined spatial-temporal representation learning for aerial video understand-
ing, practical and scalable aerial perception under real-world constraints, and transferable aerial
perception across views, modalities, and camera networks(Figure 1.1). Rather than representing sep-
arate problem domains, these themes are developed under a unified perspective: aerial perception is
studied throughout this dissertation as a spatial-temporal representation learning problem, where the
goal is to learn feature representations that preserve informative spatial structure, capture meaningful
temporal dynamics, remain practical for deployment, and generalize across sensing conditions.

Figure 1.1 provides a global overview of this dissertation. At the center of the dissertation is
spatial-temporal representation learning for aerial perception, which serves as the common backbone
connecting all chapters. Built on this foundation, the dissertation develops three thematic directions.
The first theme focuses on improving the quality of learned representations for aerial video understand-
ing. The second focuses on making aerial perception more practical and scalable under deployment
constraints. The third focuses on improving representation transfer across views, modalities, and cam-
era networks. Together, these themes organize the technical contributions of the dissertation into a
coherent framework.

The first theme, refined spatial-temporal representation learning for aerial video understanding,
focuses on improving how aerial videos are represented and understood. Compared with conventional
ground-view videos, aerial observations often contain weak and spatially sparse action cues, substan-
tial background clutter, strong viewpoint and scale variation, and noisy temporal structure [5, 16, 18].

These characteristics make effective aerial video understanding highly dependent on how informative
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spatial and temporal cues are extracted, aligned, sampled, and semantically interpreted. This theme
therefore studies methods that refine aerial video representations through stronger temporal alignment,
more informative sampling, and improved semantic guidance.

The second theme, practical and scalable aerial perception under real-world constraints, fo-
cuses on making aerial perception more effective in realistic deployment settings. In practice, aerial
and elevated-view perception systems often face limited computation, limited annotation, and con-
strained preprocessing capability [7, 15, 32]. These constraints require methods that are not only
accurate, but also efficient, deployable, and scalable. This theme studies aerial-specific modeling
strategies that improve perception quality while reducing reliance on excessive computation, dense
manual supervision, or heavy processing pipelines.

The third theme, transferable aerial perception across views, modalities, and camera networks,
focuses on how learned representations can remain useful when the sensing condition changes. Many
aerial perception tasks extend beyond a single image or video stream and instead require correspon-
dence across aerial and ground observations, heterogeneous sensing modalities, or multiple cameras
with different viewpoints [15, 41, 42]. These settings introduce substantial discrepancies in appear-
ance, geometry, scale, and semantic granularity, making direct matching or association difficult [6, 42].
This theme therefore studies representation learning strategies that preserve task-relevant consistency
across diverse sensing conditions and support more reliable cross-view and cross-modal perception.

Although these themes emphasize different technical goals, they are unified by a shared repre-
sentation learning viewpoint. The first theme strengthens how aerial visual information is represented
within challenging video observations, the second addresses how such representations can be learned
and deployed more practically, and the third examines how they can remain effective across changing
sensing conditions. Together, they define the conceptual structure of the dissertation and motivate the
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Figure 1.1: Global overview of the dissertation. The figure summarizes the disserta-
tion structure under a unified spatial-temporal representation learning perspective, show-
ing how the chapter-level contributions are organized into three complementary themes:
refinement, practicality, and transferability.

chapter-level contributions presented in the following sections.
The next section summarizes the main contributions of this dissertation under these three themes,

followed by an outline of the remaining chapters.

1.5 Summary of Contributions

The contributions of this dissertation are organized around three complementary themes: refined
spatial-temporal representation learning for aerial video understanding, practical and scalable aerial
perception under real-world constraints, and transferable aerial perception across views, modalities,
and camera networks. Rather than constituting isolated task-specific advances, these contributions are

connected by a common goal: learning representations that better capture aerial-specific spatial and
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temporal structure, remain practical under deployment constraints, and transfer more effectively across

heterogeneous sensing conditions.

1.5.1 Theme I: Refined Spatial-Temporal Representation Learning for Aerial Video
Understanding

The first theme develops methods that improve the quality of aerial video representations. In
particular, it studies how spatial-temporal features can be better aligned, sampled, and semantically
guided so that aerial video understanding becomes more robust to motion ambiguity, viewpoint varia-

tion, cluttered backgrounds, and weak foreground cues.

* Chapter 2 develops a mutual-information-based temporal feature alignment framework for aerial
action recognition. By explicitly encouraging more consistent temporal feature learning under
motion ambiguity and visual variability, this chapter improves the model’s ability to capture
action-relevant temporal structure in aerial videos. Empirically, it yields up to 18.9% higher
Top-1 accuracy than representative aerial action recognition baselines on UAV-Human, with
additional gains of 7.3% on Drone-Action and 7.16% on NEC Drones, demonstrating the value

of temporally aligned aerial video representations.

* Chapter 3 introduces a patch-similarity-guided informative frame sampling strategy for aerial
videos. Instead of treating all frames as equally useful, it prioritizes observations that provide
stronger spatial-temporal evidence, thereby reducing redundancy and improving representation
quality. Empirically, this chapter yields relative gains of up to 13.8% over baseline sampling
strategies on UAV-Human, together with improvements of 6.8% on NEC Drone and 9.0% on
Diving48.
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* Chapter 4 studies soft conditional prompt learning for aerial video action recognition. By
improving the alignment between learned visual features and action semantics under aerial-
specific viewing conditions, this chapter strengthens semantic discrimination in challenging
aerial videos. Experimental results show improvements of up to 10.2% over existing aerial
video recognition baselines on datasets such as Okutama and NECDrone, while also improv-
ing performance by up to 3.6% on SSV2, demonstrating both effectiveness on aerial data and

generalization to ground-view video recognition.

Taken together, the contributions in this theme show that aerial video understanding benefits
from more refined spatial-temporal representations that are better aligned in time, more selective in

the observations they emphasize, and more effectively guided by aerial-specific semantics.

1.5.2 Theme II: Practical and Scalable Aerial Perception under Real-World Con-
straints

The second theme develops methods that make aerial perception more practical in realistic de-
ployment settings. This includes improving inference efficiency, reducing reliance on manual annota-
tion, and designing aerial-specific learning strategies that remain effective when computation, super-

vision, and preprocessing capability are limited.

* Chapter 5 develops an aerial video understanding framework based on adaptive zooming and
temporal reasoning. By focusing computation more effectively on informative regions and mo-
tion patterns under challenging aerial viewpoints, this chapter improves perception quality while
supporting more efficient deployment. Empirically, it improves Top-1 accuracy by 6.1%—7.4%
over prior methods on RoCoG-v2, surpasses the previous state of the art by 8.3%-10.4% on
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UAV-Human, and reaches 95.9% Top-1 accuracy on Drone-Action.

* Chapter 6 introduces a unified self-supervised video pretraining framework for aerial action
recognition from raw RGB aerial videos. By combining object-aware masked autoencoding
with object-centric dual-horizon future reconstruction, this chapter reduces reliance on manual
annotation while learning stronger spatial-temporal representations for aerial video understand-
ing. It improves downstream Top-1 accuracy by 2.9% on NEC-Drone and 5.8% on UAV-Human
over strong pretrained baselines, while avoiding detector usage at inference and supporting a

more practical deployment pipeline.

Taken together, these contributions show that aerial-specific modeling and self-supervised learn-
ing can improve not only perception quality, but also deployment efficiency, reduce annotation burden,

and strengthen the practical scalability of aerial perception under real-world constraints.

1.5.3 Theme III: Transferable Aerial Perception Across Views, Modalities, and
Camera Networks

The third theme develops methods for preserving task-relevant consistency when the sensing
condition changes. It focuses on representation learning strategies that remain effective across aerial-
ground correspondence, heterogeneous sensing modalities, and multi-camera environments with sub-

stantial viewpoint and scale discrepancies.

* Chapter 7 develops an aerial-ground cross-modal global localization framework that aligns local
ground observations with global aerial context under varying scales. By improving representa-

tion transfer across views and modalities, this chapter enables more reliable localization under
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strong appearance and scale discrepancies. Empirically, it reduces average localization error rel-
ative to prior cross-view localization baselines, improving performance on KITTI from 28.01 m

to 18.02 m and on CARLA from 2.23m/ 19.15° to 1.83 m/ 3.76°.

Chapter 8 introduces a self-supervised calibration-free multi-camera multi-object tracking frame-
work for cross-camera identity association without relying on camera calibration. By learning
representations that preserve identity consistency across viewpoints and camera networks, this
chapter improves cross-camera association robustness in realistic multi-view settings. Empiri-
cally, it improves overall accuracy by 3% and average F1 score by 7.5% over prior baselines on
MMP-MvMHAT, while also demonstrating strong over-time tracking and cross-view association

performance on the more diverse MVMHAT benchmark.

Taken together, these contributions establish a unified perspective on aerial perception through

spatial-temporal representation learning. Across aerial video understanding, cross-modal localiza-

tion, and multi-camera perception, this dissertation shows that effective aerial perception depends on

representations that are refined for aerial-specific visual understanding, practical under real-world con-

straints, and transferable across diverse sensing conditions.

1.6 Organization of the Dissertation

The remainder of this dissertation is organized into three parts corresponding to the three main

themes introduced in this chapter.

Part I: Refined Spatial-Temporal Representation Learning for Aerial Video Understand-

ing. This part focuses on improving aerial video understanding through refined spatial-temporal rep-

resentation learning. Chapter 2 studies temporal feature alignment for aerial action recognition. Chap-
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ter 3 investigates informative frame sampling for aerial videos. Chapter 4 explores semantic guidance
through soft conditional prompt learning for aerial video understanding.

Part II: Practical and Scalable Aerial Perception under Real-World Constraints. This part
focuses on practical and scalable aerial perception under limited computation, annotation, and pre-
processing capability. Chapter 5 studies adaptive zooming and temporal reasoning for efficient aerial
video understanding. Chapter 6 explores self-supervised video pretraining for UAV action recognition
under limited supervision.

Part II1: Transferable Aerial Perception Across Views, Modalities, and Camera Networks.
This part focuses on learning representations that remain effective across heterogeneous sensing con-
ditions. Chapter 7 studies aerial-ground cross-modal global localization under varying scales. Chap-
ter 8 investigates self-supervised calibration-free representation learning for multi-camera multi-object
tracking.

Finally, Chapter 9 concludes the dissertation by synthesizing the main findings across all three
parts, discussing the limitations of the current work, and outlining promising directions for future

research in aerial perception and spatial-temporal representation learning.
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Part I

Refined Spatial-Temporal Representation Learning for Aerial Video Understanding
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Aerial video understanding is one of the most challenging settings in aerial perception because
informative action cues are often spatially sparse, temporally ambiguous, and easily overwhelmed by
large background regions. In this part, we study how spatial-temporal representations can be refined
to better capture action-relevant information in aerial videos. In particular, we focus on three comple-
mentary directions: temporal feature alignment, informative frame sampling, and semantic guidance.
Together, these methods improve how aerial videos are represented and interpreted under viewpoint

variation, camera motion, background clutter, and weak foreground visibility.

Chapter 2: MITFAS: Mutual Information Based Temporal Feature Alignment and

Sampling for Aerial Video Action Recognition

2.1 Introduction

This chapter begins Part I, which focuses on refined spatial-temporal representation learning
for aerial video understanding. As the first chapter in this part, we address a fundamental challenge
in aerial action recognition: how can we extract spatially stable and temporally informative action
representations from videos captured under severe viewpoint variation, camera motion, background
clutter, and weak foreground visibility? To address this problem, we present MITFAS [38], short
for Mutual Information Based Temporal Feature Alignment and Sampling for Aerial Video Action
Recognition.

Action recognition in aerial videos is substantially more challenging than in conventional ground-
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view videos. Human actors typically occupy only a small portion of the frame, while the majority of
pixels correspond to background regions [5, 16, 18]. In addition, because the video is captured from
a moving aerial platform, the position, scale, and apparent orientation of the actor may vary signif-
icantly between adjacent frames. As a result, conventional spatial-temporal models may be forced
to learn from unstable background changes and viewpoint variation rather than from action-relevant
motion cues. These issues are further exacerbated by motion blur, partial occlusion, and the fact that
not all frames in the sequence are equally informative for recognizing the action [8, 16].

Recent progress in video understanding has produced strong models for ground-view action
recognition, including 3D ConvNet-based methods, efficient video architectures, and transformer-
based temporal reasoning models [2, 23, 27, 28, 43]. However, these methods are not specifically
designed for aerial videos, where weak actor visibility, strong background dominance, and platform
motion create a more difficult spatial-temporal representation problem. More specifically, aerial videos
present two coupled challenges. Spatially, the action-relevant foreground is small and unstable, so the
model may attend to large but irrelevant background regions. Temporally, the apparent motion be-
tween frames is affected not only by the actor, but also by the motion of the aerial platform, which
makes temporal learning less reliable.

MITFAS addresses these issues through two complementary ideas. First, we introduce Temporal
Feature Alignment (TFA ), which uses mutual information to identify and align action-relevant regions
across frames. Although motivated by temporal consistency, TFA plays an immediate spatial role: it
stabilizes the spatial support of the actor across time by repeatedly locating the most relevant human-
centered region in each frame. Second, we introduce Mutual Information Sampling (MIS), which
selects the most informative and distinctive frame sequence for recognition. By combining spatial
support stabilization and temporal evidence selection, MITFAS improves both the spatial and temporal
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quality of aerial video representations.

Figure 2.1 illustrates the core challenge addressed in this chapter. In aerial videos, the human ac-
tor often occupies less than 10% of the frame, and its apparent position can shift significantly between
adjacent frames due to platform motion. Under these conditions, raw temporal processing can easily
be dominated by background change rather than by action-relevant motion. Figure 2.2 summarizes
how MITFAS addresses this issue through spatial-temporal alignment followed by informative frame
sampling.

From the perspective of this dissertation, MITFAS serves as the opening chapter of Part I by
establishing a central idea that recurs throughout this theme: aerial video understanding can often
be improved not simply by increasing model capacity, but by refining how spatial-temporal evidence
is extracted and used. In particular, this chapter focuses on temporal feature alignment, while also
showing that temporal alignment in aerial videos necessarily depends on stabilizing the spatial support
of action-relevant regions.

The main contributions of this chapter are as follows:

* We develop a mutual-information-based spatial-temporal alignment method that identifies and

aligns action-relevant regions across aerial video frames.

* We introduce a mutual-information-based frame sampling strategy that selects informative and

distinctive temporal observations for aerial action recognition.

* We demonstrate strong quantitative improvements on multiple aerial action benchmarks. MIT-
FAS improves Top-1 accuracy by 20.2% over the baseline and 18.9% over the prior state of
the art on UAV-Human, improves the baseline by 16.6 % and the prior state of the art by 7.3%
on Drone Action, and achieves 78.62% Top-1 accuracy on NEC-Drone, which is 7.18 % higher
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Figure 2.1: Illustration of the core challenges in aerial video action recognition. The
human actor in adjacent aerial frames often occupies less than 10% of the image and may
shift significantly because of platform motion. MITFAS addresses this issue by identifying
action-relevant regions, aligning them across time, and selecting more informative frames
for recognition.

than the prior state of the art while using only half-resolution input frames [38].

2.2 Related Work

2.2.1 Video Action Recognition

Video action recognition has been extensively studied in conventional ground-view settings. Ear-
lier deep learning approaches focused on two-stream architectures and 3D convolutional models that
jointly capture appearance and motion [22, 23, 44]. More recent methods have emphasized efficient
video architectures and transformer-based temporal reasoning, including X3D, MoViNet, ViViT, and
TimeSformer [2, 27, 28, 43, 45]. These methods have achieved strong performance on large-scale
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Figure 2.2: Overview of MITFAS. Given a starting frame F}, we first localize the human
action and crop a reference image F,.. For the next frame F}.,, we estimate the optimal
transformation parameter w;, ; such that the mutual information between the transformed
region L, | (F}41) and the reference image F) is maximized. The aligned region is then
used to update the reference for subsequent frames. After temporal alignment, we apply
mutual-information-based sampling to select a distinctive and informative frame sequence,

which is finally processed by a temporal recognition backbone such as X3D [2].

benchmarks, but they are primarily designed for scenarios in which actors occupy a substantial portion

of the frame, viewpoints are relatively stable, and temporal variation is dominated by human motion

rather than by platform motion.

In aerial videos, however, these assumptions often break down. The actor is typically small,
the background dominates the frame, and camera motion can produce substantial apparent changes
unrelated to the action itself. As a result, directly applying standard ground-view video models to aerial

action recognition can lead to unstable temporal representations and poor use of the most informative

frames.

2.2.2 Aerial Video Action Recognition

Aerial video action recognition has attracted increasing attention due to its relevance to surveil-

lance, search and rescue, public safety, and robotic monitoring [7, 8, 16]. Public datasets such as
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Okutama-Action, Drone Action, MultiViewPoint, NEC-Drone, and UAV-Human highlight the dis-
tinctive difficulties of aerial video understanding, including small actors, cluttered backgrounds, low-
resolution humans, strong viewpoint change, and platform motion [5, 6, 17, 18, 33].

Prior methods have explored aerial-specific modeling, transfer learning, domain adaptation, and
frequency-domain reasoning [6, 46—49]. While these methods improve robustness to aerial-view chal-
lenges, many still inherit temporal processing pipelines from conventional video recognition and do
not explicitly address unstable temporal correspondence or uneven frame informativeness in aerial

sequences.

2.2.3 Temporal Alignment and Correspondence

Temporal alignment is important whenever corresponding content shifts across frames due to
viewpoint variation, motion, deformation, or partial occlusion. In conventional video settings, tem-
poral correspondence is often handled implicitly through convolution, attention, or optical flow [23,
28, 45]. A related line of work studies feature alignment and correspondence more explicitly in image
registration, tracking, and motion estimation, where the goal is to identify semantically or statistically
consistent regions across observations [S0-53]. These ideas are relevant because aerial videos also
require identifying corresponding human-centered regions across time despite large apparent motion.

However, aerial videos introduce a more difficult alignment problem. The apparent motion
between adjacent frames is influenced not only by the actor, but also by platform motion, scale change,
background dominance, and viewing-angle variation. Under such conditions, dense correspondence or
purely geometric alignment can be unreliable, especially when the actor occupies only a small region

of the frame. MITFAS therefore differs from conventional temporal alignment approaches by using
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mutual information to identify the most statistically consistent action-relevant region across frames.
This makes the formulation more suitable for aerial videos, where exact geometric correspondence is

difficult but statistical dependence between aligned regions remains informative.

2.3  Problem Formulation and Motivation

Consider an aerial video

V - {F17F27...,FT},

where each frame F, € R7*W>3 ig captured by an aerial platform-mounted camera. The goal is to

predict an action label

ye{l,...,C},

where C' is the number of action categories.

In standard video recognition, the model learns a direct mapping from the input frame sequence
to the action label. However, this direct formulation is problematic for aerial videos for two coupled
reasons.

First, the spatial support of the action is weak and unstable. The actor often occupies only a small
fraction of the frame, while the background dominates the image [5, 18]. Moreover, platform motion
causes large changes in the apparent position, scale, and orientation of the actor between adjacent
frames. This makes it difficult for the model to consistently focus on the correct spatial region.

Second, the temporal evidence itself is uneven. Not all frames are equally informative for recog-
nition, because some frames may be blurred, partially occluded, or visually redundant. As a result,

even if the actor is visible somewhere in the sequence, the model may still learn from weak or repeated
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observations rather than from the most useful action cues.

These observations motivate a recognition strategy that explicitly improves both the spatial and
temporal quality of the evidence supplied to the model. In particular, we seek a method that (1) aligns
action-relevant content across time so that temporal learning becomes more spatially stable, and (2)
selects the most informative temporal observations so that redundant or weak frames do not dominate

recognition.

2.4 Method

2.4.1 Overview

MITFAS improves aerial action recognition by refining temporal evidence in two complemen-
tary ways. First, Temporal Feature Alignment (TFA) aligns action-relevant regions across frames so
that the model observes more temporally consistent human-centered content despite viewpoint change
and platform motion. Second, Mutual Information Sampling (MIS) selects the most informative
and least redundant frame sequence for recognition. Together, these two components improve both
the consistency and the informativeness of the temporal input before it is passed to the recognition
backbone.

The overall pipeline is illustrated in Figure 2.2. Starting from an initial frame, we localize the
human actor and construct a reference image. For each subsequent frame, TFA identifies the region that
1s most similar to the reference by maximizing mutual information. This aligned region is then used
to update the temporal reference. After alignment, MIS selects a distinctive and representative frame
sequence using mutual information and joint mutual information. The resulting sequence is finally

processed by the action recognition backbone. The two stages serve different but complementary
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roles: TFA refines where action-relevant evidence is extracted in each frame, while MIS refines which

aligned observations are retained for recognition.

2.4.2 Temporal Feature Alignment

Temporal Feature Alignment is designed to improve temporal consistency in aerial videos by
first stabilizing their spatial support. In this setting, human actors are often small and surrounded by
large background regions. Due to platform motion and viewpoint change, the apparent position, scale,
and orientation of the actor can vary substantially between adjacent frames. If temporal features are
extracted directly from raw frames, the recognition model may be forced to learn from background
variation rather than from action-relevant motion. Our goal is therefore to identify and align the dom-
inant action-carrying region across time so that temporal learning becomes more spatially stable and
semantically focused.

Let F. denote a reference image containing a human-centered view of the actor. For each frame
F;, we seek a transformation parameter

thQt

such that the transformed region

Ly, (F)

is best aligned with F,.. We model the transformation as a composition of rotation, translation, and
scaling:

Ly, = R(6:) - D(de) - S(st), (2.1)
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where

Wy = (etydhst)-

The aligned region is obtained by maximizing mutual information:

w;fk = arg meaé( [<LWt(Ft); FT‘)? (22)
where
]<Lwt<Ft); FT) = H(Lwt(‘Ft)) + H(Fr> - H<Lwt<Ft)7 FT") (23)

This objective encourages the selected region in the current frame to preserve the strongest statistical
dependence with the reference image.

To compute mutual information between the transformed region and the reference image, we
estimate their marginal and joint distributions using histograms. Let v,,(p) denote the pixel value
at position p in L, (F}), and let z,,(p) denote the intensity of the corresponding pixel in F,. By
binning all pixel pairs (v, (p), 2., (p)), we obtain the joint histogram h,,, (v, z). The joint and marginal

distributions are then approximated by

hy (v, 2)
S SN D)

Py, (U) - ZPVZM (U7 Z)v (2.4)

Pz, (Z) = ZpVZwt (U7 Z)
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The mutual information can then be written as

. _ Pv Zw, (U, Z)
(Lo, (F); Fr) = pvzu (v, 2) log OO 2.5)

v,z

This formulation is particularly suitable for aerial videos because it measures statistical depen-
dence rather than simple pixel similarity, making it more robust to appearance variation caused by
viewpoint change, illumination change, and partial occlusion. Although the formulation is written
at the image level, the same principle can also be interpreted at the feature level. If M (-) denotes a
feature extractor, then TFA can be viewed as selecting the subset of features in the current frame that
maximizes mutual information with the reference features:

M,(F,)" = I(M,(F); M(F,)). 2.6
(F}) arg - max (M,(Fy); M(F,)) (2.6)

This perspective helps explain why TFA improves downstream recognition: it does not merely crop

the actor, but refines the spatial-temporal evidence presented to the recognition network.

2.4.3 Mutual Information Sampling

After alignment, not all frames are equally useful for recognition. In aerial videos, some frames
are blurred, partially occluded, or nearly redundant due to high frame rate and weak motion change.
Therefore, rather than using random or uniform sampling, we seek a frame sequence that is both

informative and diverse.
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Suppose we have already sampled
Fs - {F07F17 ey FZ},

and our goal is to select the next frame F;,; from a candidate pool C; ;. We choose the frame that is
least redundant with respect to both the most recent frame and the set of previously selected frames:

Fiyp=arg min ol (Fj; Fipy) + BI(Fy; Fiqa), 2.7)

Fiy1€Ciy1

where the first term favors a frame that is distinctive relative to the current temporal state, and the
second term reduces redundancy with the entire sampled set.

The second term can be decomposed through the chain rule:

I(Fy;Fiuy) = I(Fy, Fy, ... F;iFiy) = I(Fy; oy | Fy,.. . Fy). (2.8)

J=0

In practice, conditional mutual information is difficult to compute exactly. We therefore adopt a low-

dimensional approximation:
| d
I(Fg Fiy) ~ —— I(Fj; Fiyq), 29
( +1) H_ljz:;(g +1) 2.9)

which leads to the tractable objective

B > I(Fy; Fi). (2.10)

J=0

i+l arg Fi+I1n€18i+1 @ ( v H_l) + 1 + 1
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This formulation balances two goals: selecting frames that introduce new information locally
and maintaining diversity globally over the sampled sequence. To preserve randomness while still
selecting informative frames, we first choose a random start frame Fj. Denoting its index by £y, we
define the candidate pool for the next frame using a randomly generated stride 1, so that C'; contains
frames whose indices lie between kg and kq + ;. The same strategy is repeated for subsequent frames.
In this way, MIS does not deterministically jump to extreme temporal positions, but instead searches
locally for the most informative continuation.

From a broader perspective, MIS complements TFA naturally. TFA stabilizes the spatial sup-
port of the actor across time, while MIS identifies which aligned observations carry the most useful
temporal evidence. Together, they refine not only the consistency of the sequence, but also its infor-

mativeness.

2.4.4 MITFAS as a Full Recognition Pipeline

We now summarize how TFA and MIS are integrated into the full aerial action recognition
pipeline. We first localize the actor in the start frame and crop a human-centered reference image F;..
To ensure that the action-relevant body region is fully preserved, we enlarge the actor region by 25%
vertically and 10% horizontally before resizing it to the reference size. This reference image provides
the anchor for subsequent alignment.

A naive sliding-window search over the full frame would be expensive. To improve efficiency,
once we compute the optimal transformation w; at time ¢, we apply the same transformation to frame
t+1 and expand the resulting region by 25% to define a smaller search area. Mutual information search

is then performed only inside this local region rather than over the entire frame. We also occasionally
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re-localize the actor to refresh the search area and prevent drift.
In our benchmarks, most videos are captured using platforms with anti-shake stabilization, so in

practice we assume no rotation is required and set

R(O,) = 1.

For more general videos, the rotation matrix can still be written as

cost, —sinb,
R(6,) = . 2.11)

sinf, cos6,

After obtaining all aligned frames, we apply MIS to generate a final sequence of 8 or 16 informa-
tive frames. This sampled sequence is passed to X3D-M [2] as the recognition backbone. Because TFA
improves temporal consistency and MIS improves temporal informativeness, the backbone can focus
more effectively on action-relevant motion patterns rather than on background change or redundant
observations.

From the perspective of this dissertation, MITFAS can be understood as a spatial-temporal rep-
resentation refinement method: TFA aligns where the action evidence appears across time, and MIS

decides which temporal observations should be emphasized for recognition.

2.5 Experimental Evaluation

In this section, we evaluate MITFAS on multiple aerial action recognition benchmarks and ana-
lyze how its two key components contribute to performance. Since MITFAS is motivated by the weak
spatial support and unstable temporal evidence of aerial videos, our experiments are designed not
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only to measure recognition accuracy, but also to verify whether temporal alignment and informative

sampling improve representation quality under aerial-specific challenges.

2.5.1 Datasets and Evaluation Setting

We evaluate MITFAS on three public aerial action recognition benchmarks that cover both in-
door and outdoor scenes, as well as different degrees of viewpoint variation, background complexity,
and actor visibility.

UAV-Human [5] is a large-scale aerial-view human behavior understanding benchmark con-
taining diverse indoor and outdoor scenes with substantial variation in viewpoint, background, and
motion. It is one of the most challenging datasets for aerial action recognition because the actors are
often small, the scene context is complex, and camera motion introduces considerable temporal insta-
bility. For MITFAS, UAV-Human is particularly important because it directly tests whether improved
spatial-temporal evidence extraction can help in a setting where foreground cues are weak and the
viewing condition varies significantly across sequences.

NEC-Drone [6] is an indoor aerial action recognition dataset containing 5,250 videos and 16
action classes. Compared with UAV-Human, the environment is more constrained, but the actors re-
main relatively small in the frame and the viewpoint is still aerial. This dataset is useful for evaluating
whether the proposed alignment and sampling strategy remains effective in a more controlled environ-
ment, and whether it can still improve recognition even under reduced image resolution.

Drone Action [18] is an outdoor aerial dataset containing 240 videos over 13 actions, captured
using a free-flying aerial platform at relatively low altitude and speed. Although smaller than UAV-

Human, it remains a valuable benchmark because it includes outdoor motion variation and realistic
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Method Backbone Frames InputSize Initialization Top-1 Acc (%) T
X3D-M - 16 224 x 224 None 27.0
X3D-L - 16 224 x 224 None 27.6
FAR X3D-M 16 224 x 224 None 27.6
Ours MITFAS) X3D-M 16 224 x 224 None 40.2
FAR X3D-M 8 540 x 540 None 28.8
Ours (MITFAS) X3D-M 8 540 x 540 None 38.4
13D ResNet-101 8 540 x 960 Kinetics 21.1
FNet I3D 8 540 x 960 Kinetics 24.3
FAR 13D 8 540 x 960 Kinetics 29.2
FAR X3D-M 8 620 x 620 Kinetics 39.1
Ours MITFAS) X3D-M 8 620 x 620 Kinetics 46.6
X3D-M - 16 224 x 224 Kinetics 30.6
MVIiT - 16 224 x 224 Kinetics 24.3
FAR X3D-M 16 224 x 224 Kinetics 31.9
Ours MITFAS) X3D-M 16 224 x 224 Kinetics 50.8

Table 2.1: Benchmarking on UAV-Human and comparison with prior methods. MIT-

FAS consistently outperforms both the X3D-M baseline and previous state-of-the-art meth-

ods across different resolutions, frame numbers, and initialization settings. The gains reach

up to 13.2% over the baseline and 18.9% over the prior state of the art, demonstrating the

effectiveness of the proposed temporal feature alignment strategy.
aerial camera behavior. It therefore provides an additional test of whether MITFAS can reliably select
informative temporal evidence when the number of available training examples is limited.

Following the original MITFAS evaluation protocol, we use X3D-M [2] as the recognition back-
bone and compare against both baseline and prior state-of-the-art methods on each dataset. Our goal
is not only to show that MITFAS improves final Top-1 accuracy, but also to analyze whether the gains

are consistent across different aerial environments and whether they support the chapter’s central claim

that spatial-temporal evidence refinement is especially important for aerial video understanding.

2.5.2 Main Results

We compare MITFAS against prior state-of-the-art methods and corresponding baselines on all

three datasets. The main results are shown in Table 2.1 and Table 2.2.
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Method Frames  Input Size Init. Top-1 Acc (%) 1

Method Frames Input Size Init. Top-1 Acc (%) 1

HLPF All 1920 x 1080 None 64.3

X3D-M 8 960 x 540 Kinetics 66.1 PCNN - 1920 x 1080  None 75.9
FAR 8 960 x 540 Kinetics 71.4 X3D-M 16 224 x 224  Kinetics 83.4
Ours 8 540 x 540 Kinetics 78.6 FAR 16 224 x 224  Kinetics 92.7
Ours 16 224 x 224  Kinetics 100.0

(a) Results on NEC Drones. Our method shows an

improvement of 12.5% on top-1 accuracy against the (b) Results on Drone Action. Our method achieves

baseline X3D-M[2], 7.2% over current state-of-the- 100% top-1 accuracy, 16.6% over the baseline method

art FAR [48]. X3D-M[2], outperforming current state-of-the-art
method FAR[48] by 7.3% under same configuration.
(HLPF [54], PCNN [55])

Table 2.2: Comparison of MITFAS with prior methods on NEC-Drone and Drone
Action.

Beyond the absolute accuracy gains, these results help clarify where MITFAS is most beneficial:
namely, in aerial settings where action-relevant foreground cues are weak, spatial support is unstable,
and useful temporal evidence is unevenly distributed across the sequence.

On UAV-Human, MITFAS improves Top-1 accuracy by 20.2% over the baseline and by 18.9%
over the prior state of the art under the strongest configuration reported in the original work [38]. This
large margin is particularly meaningful because UAV-Human contains substantial viewpoint variation,
complex backgrounds, and noticeable changes in actor appearance and scale across time. The result
suggests that when the actor is weakly visible and its spatial support changes significantly from frame
to frame, explicitly aligning action-relevant regions before temporal recognition can substantially im-
prove representation quality. In other words, the gain is not merely a consequence of using a stronger
backbone, but of presenting the backbone with better spatial-temporal evidence.

On NEC-Drone, MITFAS achieves 78.6% Top-1 accuracy, improving over the baseline by
12.5% and over the prior state of the art by 7.2%, while using only half-resolution input frames. This
result is important for two reasons. First, it shows that the proposed alignment-and-sampling strategy
remains effective even when the input resolution is reduced, which is relevant for practical aerial

perception settings where bandwidth and computation may be constrained. Second, it indicates that
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better spatial-temporal evidence extraction can compensate, at least in part, for reduced visual detail.
This is consistent with the main thesis of the chapter: if the model is given more stable action-relevant
regions and more informative temporal observations, recognition can improve even without increasing
input fidelity.

On Drone Action, MITFAS reaches 100% Top-1 accuracy, improving over the baseline by
16.6% and over the prior state of the art by 7.3%. Although this dataset is smaller than UAV-
Human, the result still highlights an important property of MITFAS: when informative action cues
are available but unevenly distributed over time, selecting a better aligned and more distinctive frame
sequence can make recognition substantially more reliable. This is precisely the regime in which
mutual-information-based sampling is most useful, since it reduces the chance that recognition will be
dominated by redundant or weakly informative frames.

Taken together, these results show that MITFAS is effective across both indoor and outdoor
aerial video settings, across different scene scales, and under different levels of action difficulty. More
importantly, the consistent gains across all three datasets support the central claim of this chapter:
aerial action recognition benefits not only from stronger recognition backbones, but also from ex-
plicitly refining the spatial-temporal evidence supplied to those backbones. In particular, TFA helps
stabilize where action information is observed, while MIS improves which temporal observations are

ultimately used for recognition.

2.5.3 Ablation Studies

We next analyze the effects of the two key components of MITFAS: Temporal Feature Alignment

(TFA) and Mutual Information Sampling (MIS). The ablation results are summarized in Table 2.3.
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Sampling Method Top-1 Acc (%) 1 ‘ Sampling Method ~ Top-1 Acc (%) 1

Random 23.8 TFA + Random 39.8
Uniform 25.8 TFA + Uniform 42.2
MG Sampler 28.1 TFA + MG Sampler 45.5
MIS 28.7 TFA + MIS 46.2

(a) Temporal Feature Alignment (TFA) and Mu-
tual Information Sampling (MIS) ablation studies on
UAV-Human-Subset. The baseline is vanilla X3D
with random [56] and uniform sampling [57], and we
add our methods TFA and MIS step by step. From our
experiments, TFA boost the accuracy by 16-17.5%.
MIS outperforms the random sampling, uniform sam-
pling, and MG Sampler|[3].

Method UAV-Human DroneAction
Top-1 Acc (%) T Top-1 Acc (%) T
Bounding box tracking [58] 474 95.9
Spatial-temporal action detection [59] 479 95.9
TFA (ours) 50.8 100.0

(c) Comparison with other methods [58, 59].

UAV-Human DroneAction

Sampling Method Alpha Beta Top-1 Acc (%) 1 Top-1 Acc (%) 1

X3D+TFA+MIS 1.0 0.0 45.3 94.5
X3D+TFA+MIS 0.0 1.0 45.7 95.9
X3D+TFA+MIS 1.0 0.5 45.5 97.2
X3D+TFA+MIS 1.0 1.0 46.2 100

(b) Mutual Information Sampling (MIS) ablation
studies on UAV-Human-subset and Drone Action.
The baseline is vanilla X3D with TFA, we test the
MITFAS Sampling in terms of two hyperparameters
for mutual information and joint mutual information,
« and 3 respectively. From our experiments, MITFAS
obtains the best accuracy when av = 1.0 and 5 = 1.0.

Similarity Measure Top-1 Acc (%) 1

Euclidean Distance 42.1

Cosine Similarity 39.5

Peak Signal-to-Noise Ratio 434
Structural Similarity Index Measure 44.8
Mutual Information 46.2

(d) Comparison with other similarity measures on
UAV-Human Subset. Compared to other similarity
measures, mutual information achieves the best accu-
racy.

Table 2.3: Ablation studies for MITFAS.

The ablation results help explain why MITFAS works. Rather than contributing equally, TFA

and MIS address different failure modes of aerial video understanding, and their effects are best un-

derstood as complementary.

Temporal Feature Alignment provides the largest gain. In our experiments, TFA improves Top-1

accuracy by approximately 16.0%-17.5% when combined with X3D and different sampling strate-

gies. This large improvement indicates that one of the main difficulties in aerial action recognition

is not only weak temporal modeling, but unstable spatial support across frames. When the model is

given a more consistent human-centered sequence, it can focus more effectively on action-relevant

motion rather than background-dominated variation. From the thesis perspective, this result is espe-

cially important because it shows that temporal refinement in aerial videos is inseparable from spatial

stabilization: improving the temporal sequence first requires aligning the spatial region from which



temporal evidence is extracted.

Mutual Information Sampling further improves recognition by selecting more informative tem-
poral observations. Compared with random sampling, uniform sampling, and MGSampler [3], MIS
improves Top-1 accuracy by 0.6%—6.4% . Although the gain is smaller than that of TFA, it is still
consistent and meaningful. This suggests that once the actor region has been better aligned, the next
limiting factor becomes temporal redundancy. In other words, not all aligned frames are equally useful,
and selecting a more distinctive subset still improves recognition quality. This supports the interpreta-
tion of MIS as a temporal evidence refinement mechanism rather than merely an efficiency heuristic.

The remaining ablations provide additional insight into the design choices of MITFAS. The
sampling hyperparameter analysis shows that balancing informativeness and diversity is important for
constructing an effective frame sequence, rather than simply selecting frames that are individually
similar or individually distinct. The comparison with bounding-box tracking variants further suggests
that explicit mutual-information-based alignment provides more useful support than relying on sim-
pler tracking-style alternatives alone. Finally, the similarity-measure comparison shows that mutual
information is more effective than alternative similarity measures in this setting, supporting our design
choice to use statistical dependence rather than simpler pixel- or feature-level similarity alone.

Overall, the ablation results validate the complementary roles of the two components. TFA
addresses the spatial-temporal instability of aerial videos by aligning action-relevant regions across
time, while MIS improves the quality of temporal evidence by reducing redundancy among aligned
observations. Their combination is therefore more effective than either component alone, and this

complementarity is exactly what makes MITFAS a strong opening chapter for Part I.
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2.6 Discussion

The results in this chapter suggest that one of the main difficulties in aerial action recognition
is not simply limited model capacity, but the poor quality of the spatial-temporal evidence presented
to the model. In aerial videos, action-relevant foreground cues are spatially sparse, unstable across
frames, and easily overwhelmed by large background regions. At the same time, the temporal se-
quence itself is uneven in quality, since many frames are redundant, weakly informative, or distorted
by platform motion. Under these conditions, directly applying a standard video backbone to raw frame
sequences can lead to representations that are dominated by unstable background variation rather than
by human motion.

MITFAS addresses this issue through a two-stage refinement strategy. The first stage, Temporal
Feature Alignment, improves the spatial stability of the temporal input by repeatedly identifying the
most action-relevant region in each frame. Although the method is framed as temporal alignment,
its effect is fundamentally spatial-temporal: it stabilizes where the action evidence is extracted so
that the sequence becomes more consistent for downstream modeling. The second stage, Mutual
Information Sampling, improves the temporal quality of the aligned sequence by selecting frames that
are informative and distinctive rather than redundant. Together, these two components refine both the
spatial support and the temporal evidence available to the recognition model.

From the perspective of this dissertation, MITFAS establishes the first pillar of Part I. Its central
lesson is that aerial video understanding can benefit substantially from refining the evidence presented
to the model before attempting more sophisticated recognition. This is particularly important in aerial
settings, where the foreground is weak and unstable and where background changes can easily domi-

nate temporal reasoning. In this sense, MITFAS shows that temporal modeling in aerial videos cannot
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be treated as purely temporal: it must also address the spatial instability of the action-bearing region.
The broader implication of this chapter is that representation refinement is a more suitable per-
spective for aerial video understanding than simply increasing backbone complexity. MITFAS im-
proves performance not by introducing a larger recognition network, but by improving the quality of
the sequence that the network receives. This idea naturally motivates the next two chapters in Part I.
After establishing temporal feature alignment in this chapter, we next study informative frame se-
lection more directly, and then investigate how semantic guidance can further improve aerial video

understanding under weak and ambiguous visual evidence.

2.7 Limitations

Although MITFAS substantially improves aerial action recognition performance, it has several
limitations.

First, the method relies on successful localization of the actor to initialize the reference image
and guide subsequent alignment. If the actor is poorly localized or heavily occluded, the alignment
process may deteriorate, which in turn can reduce the benefit of the downstream sampling stage.

Second, the current formulation is primarily designed for single-actor action recognition. In
more complex aerial scenes containing multiple interacting people, overlapping actions, or ambiguous
actor identities, a single reference-based alignment strategy may be insufficient. Extending the formu-
lation to multi-agent aerial activity understanding would therefore require a more flexible mechanism
for maintaining multiple action-relevant spatial supports over time.

Third, while MITFAS improves temporal alignment and frame informativeness, it still depends

on a supervised downstream recognition model. In this sense, the method refines the quality of the
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input evidence, but does not yet address the broader challenge of learning stronger aerial-specific
representations under limited annotation. This limitation motivates later chapters in the dissertation
that study more scalable learning strategies.

Finally, MITFAS is primarily designed for short-horizon action recognition rather than long-
horizon activity understanding. More complex aerial video settings may require richer temporal rea-
soning over longer intervals, stronger semantic interpretation, or more explicit modeling of interactions
between actors and context. These limitations motivate the later progression of Part I, where we move

from alignment to frame selection and then to semantically guided representation learning.

2.8 Conclusion

In this chapter, we presented MITFAS [38], a mutual-information-based framework for temporal
feature alignment and informative frame sampling in aerial video action recognition. By identifying
action-relevant regions across frames and selecting more informative temporal observations, MITFAS
substantially improves the quality of spatial-temporal representations for aerial action recognition.
Experimental results on UAV-Human, NEC-Drone, and Drone Action demonstrate strong gains over
both baselines and prior state-of-the-art methods.

More importantly, this chapter establishes a key thesis-level insight: in aerial videos, improving
temporal modeling requires first stabilizing the spatial support of action-relevant evidence. MITFAS
therefore serves not only as a strong aerial action recognition method, but also as the first concrete
demonstration in this dissertation that aerial perception benefits from refining how evidence is ex-
tracted before it is interpreted.

As the opening chapter of Part I, MITFAS establishes the first pillar of the broader representation

41



refinement perspective developed in this dissertation. The next chapter builds on this idea by shifting
the emphasis from temporal alignment to informative frame selection, studying how better temporal

evidence can be selected even more directly for aerial video understanding.
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Chapter 3: PMI Sampler: Patch Mutual Information Guided Frame Selection for

Aerial Action Recognition

3.1 Introduction

This chapter continues Part I, which studies refined spatial-temporal representation learning for
aerial video understanding. While Chapter 2 focused on improving aerial representations through
temporal feature alignment, this chapter focuses on a complementary question: even if a recognizer is
given a temporally ordered sequence, which frames should it actually observe? In aerial videos, this
question is especially important because useful temporal evidence is often highly uneven across time.

Many existing video recognition methods rely on fixed temporal strides or uniform frame sam-
pling. Although such strategies are simple and effective in many ground-view settings, they can be
suboptimal for aerial videos. In practice, aerial videos frequently contain long intervals of redundant
observations, while the most informative motion changes may only appear within a short temporal
window. As a result, uniform sampling can easily over-represent motion-static regions while missing
the most discriminative phase of the action.

This issue is particularly pronounced in aerial scenarios. Compared with conventional ground-
view videos, aerial videos often exhibit smaller human actors, stronger viewpoint changes, and more

severe background interference induced by camera motion. Consequently, simple frame-difference-
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based criteria can become unreliable, since pixel-level changes may be dominated by background
variation rather than by action-related motion. Frame selection is therefore not merely a computational
convenience in aerial videos; it is a central representation problem.

Within the broader context of Part I, this chapter studies temporal input refinement. Unlike
the previous chapter, which improves aerial representations by making temporal observations more
spatially stable, this chapter improves the temporal observations presented to the recognition model
in the first place. The key idea is that better temporal selection can itself serve as a lightweight but
effective form of representation refinement: when the sampled clip contains more informative motion
evidence, the downstream recognizer can learn a better action representation even without changing
the backbone architecture.

To this end, we present PMI Sampler [39], a patch-similarity-guided frame selection strategy
for aerial action recognition. Instead of relying on raw RGB differences, PMI Sampler measures the
statistical dependence between adjacent frames using patch mutual information (PMI). The resulting
motion salience sequence is then remapped by a shifted Leaky ReLLU function and converted into a
cumulative motion distribution, from which frames are adaptively sampled. In this way, the selected
frame sequence better covers motion-salient temporal regions while avoiding excessive redundancy.

Figure 3.1 provides a qualitative motivation for the chapter. Compared with MGSampler [3],
PMI Sampler allocates samples more consistently to motion-salient periods while remaining more
robust to background changes induced by camera motion. This property is particularly important
in aerial videos, where naive frame-difference-based sampling can easily be distracted by large but
irrelevant background variation.

From the perspective of this dissertation, PMI Sampler establishes the second pillar of Part I. If
Chapter 2 showed that aerial video understanding benefits from stabilizing where action evidence is
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extracted, this chapter shows that it also benefits from selecting when the most informative evidence
occurs. Together, these chapters argue that aerial video understanding improves when the temporal
input is both more stable and more informative.

The main contributions of this chapter are as follows:

* We formulate adaptive frame selection for aerial videos as a problem of estimating the temporal

distribution of informative motion.

* We introduce patch mutual information as a robust motion salience measure that is less sensitive

to aerial-specific background noise than raw pixel differences.

* We present a simple yet effective motion-aware sampling strategy based on shifted Leaky ReLU
remapping and cumulative motion segmentation, which consistently improves action recognition

across multiple aerial and non-aerial benchmarks.

3.2 Related Work

Since Chapter 2 already reviewed the broader background of aerial action recognition and tem-
poral modeling, here we focus on prior work most directly related to informative temporal selection

and motion salience estimation.

3.2.1 Frame Selection and Adaptive Video Inference

Frame selection has been widely studied as a way to reduce temporal redundancy and improve
the efficiency and effectiveness of video recognition pipelines [3, 40, 60-64]. A common observation

in this literature is that not all frames contribute equally to recognition, so selecting a smaller but more
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Figure 3.1: Qualitative motivation for PMI Sampler. Eight sampled frames from rep-
resentative videos in Diving48 and UAV-Human are shown. Compared with MGSam-
pler [3], PMI Sampler better reflects the temporal distribution of informative motion and
more clearly separates motion-salient from motion-static periods. This behavior is partic-
ularly important in aerial videos, where background changes caused by camera motion can
otherwise dominate naive sampling criteria.
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informative subset can improve both computation efficiency and downstream accuracy [40, 60, 63, 64].
Existing approaches include adaptive frame policies learned from the input video [40], salient clip
selection strategies [60], conditional early exiting and adaptive inference mechanisms [61], single-step
clip compression methods [62], and motion-guided or importance-guided sampling schemes [3, 63].

Despite their effectiveness, many of these approaches are primarily developed for generic ground-
view videos or broader video understanding settings [3, 40, 60—62]. In such settings, frame difference
or learned selection signals can often serve as useful proxies for informativeness [3, 40, 63]. In aerial
videos, however, this assumption is much weaker because camera motion, viewpoint change, and
dominant background regions can produce large appearance changes that are unrelated to the target
action [5, 16, 18, 33]. As a result, a frame may appear highly dynamic at the pixel level while still
contributing little action-relevant information [5, 16, 18]. This makes informative frame selection a
more difficult problem in aerial videos than in conventional video recognition [5, 6, 46].

PMI Sampler is motivated by this gap. Rather than learning a separate frame selection policy or
relying directly on raw RGB difference, it estimates temporal salience through patch-level statistical
dependence [39]. In this sense, the method is designed not only to reduce redundancy, but also to
better match the temporal sampling density to the true distribution of informative motion in aerial

videos [5, 18, 39].

3.2.2  Mutual Information for Temporal Salience Estimation

Mutual information has been widely used as a statistical measure of dependence in image analy-
sis, registration, and representation learning [51-53, 65, 66]. In image registration, mutual information

is particularly attractive because it can capture correspondence between observations without requiring
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exact pixel-wise similarity, which makes it robust to appearance variation and modality shift [S1-53].
In representation learning, mutual-information-based objectives have been used to measure shared in-
formation across views or transformations and to encourage more informative feature learning [65, 66].
More broadly, these lines of work suggest that mutual information is well suited for identifying mean-
ingful dependence even when direct low-level comparison is unreliable [51, 65, 66].

This property is especially relevant for aerial videos. In aerial action recognition, raw frame dif-
ferences are often dominated by platform motion, scale change, and background variation rather than
by the action itself [5, 16, 18, 33]. Under such conditions, a dependence-based criterion can provide
a more reliable signal for temporal salience estimation, because it measures how much genuinely new
information one frame contributes relative to another [51, 52, 65]. PMI Sampler builds on this intuition
by applying mutual information at the patch level rather than at the whole-frame level [39]. This design
i1s important because global dependence measures may overlook localized spatial structure, whereas
patch-level mutual information preserves local information that is more relevant to human action [39].
As a result, PMI Sampler combines two desirable properties: robustness to aerial-specific background

noise and sensitivity to localized temporal change [5, 18, 39].

3.3 Problem Formulation and Motivation

Consider an input video

V - {FhFQ,...,FT},

where each frame F; € R7*W >3 and the task is to predict an action label

yed{l,...,C}.
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A standard video recognition pipeline first samples a shorter frame sequence

V={F, F, .. F.}, 1<ti<ty<---<tg<T,

and then feeds V into a recognition backbone for classification.

In most existing pipelines, the indices {t1, ..., ¢x } are obtained through uniform sampling or a
fixed temporal stride. However, such a strategy can be suboptimal for aerial videos for three reasons.

First, aerial videos often contain long temporal intervals with weak or redundant motion. Uni-
form sampling may waste many sample slots on these motion-static periods.

Second, action-discriminative motion is often concentrated within a relatively short phase of the
video. A fixed temporal schedule may miss these informative temporal transitions or sample them too
sparsely.

Third, temporal salience is difficult to estimate reliably in aerial videos. Pixel-level changes are
often affected by background motion, camera shake, and viewpoint change, so raw RGB differences
do not necessarily reflect the true action-related motion.

These observations motivate a frame selection strategy that can identify informative temporal ob-
servations while remaining robust to aerial-specific nuisances. Rather than measuring motion through
direct pixel difference, PMI Sampler estimates motion salience through patch-level statistical depen-
dence between adjacent frames. In this sense, the method aims to refine the temporal input by better

matching sampling density to the actual distribution of informative motion.
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3.4 Method

3.4.1 Overview

Within this thesis, PMI Sampler can be understood as a form of representation refinement
through temporal selection. Instead of modifying the recognition backbone itself, the method refines
the temporal evidence presented to the backbone by constructing a sequence of more informative ob-
servations. This perspective makes the chapter naturally complementary to Chapter 2: MITFAS refines
how temporal observations are aligned, whereas PMI Sampler refines which temporal observations are
selected.

Given an input video V, the goal is to build a sampled sequence V that better captures the

discriminative motion evolution of the action. PMI Sampler achieves this in three stages:

1. estimate motion salience between adjacent frames using a patch mutual information (PMI)

score;

2. remap the salience sequence using a shifted Leaky ReL U to better separate motion-salient and

motion-static periods;

3. sample frames according to the cumulative motion information distribution rather than a fixed

temporal interval.

The overall pipeline of PMI Sampler is illustrated in Figure 3.2. Given an input video, we
first estimate patch-mutual-information-based motion salience between adjacent frames, then remap
the salience sequence to better separate motion-salient and motion-static periods, and finally sample

frames according to the cumulative motion distribution. Conceptually, PMI Sampler first asks whether
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Figure 3.2: Overview of PMI Sampler. PMI Sampler first estimates motion salience
between adjacent frames using patch mutual information. It then remaps the salience se-
quence to better distinguish motion-salient and motion-static periods, and accumulates the
remapped scores into a cumulative motion distribution. Based on this distribution, the
video is divided into /N motion-balanced segments, from which representative frames are
selected to form the final input sequence for action recognition.

a new frame provides genuinely new information relative to its predecessor, and then allocates sam-

pling density according to how informative different parts of the video are.

3.4.2 Why Patch Mutual Information?

A key challenge in aerial videos is that motion cues are difficult to estimate robustly. In many
cases, the human actor occupies only a small fraction of the image, while the majority of pixels belong
to the background. When the UAV camera moves, the resulting background deviations can be much
larger than the actual action motion. Therefore, pixel-wise RGB difference can be dominated by
irrelevant background variation and fail to reveal the true temporal distribution of informative motion.

Mutual information provides a more robust alternative because it measures the statistical de-
pendence between two signals rather than their exact pixel-level correspondence. In other words, it
captures how much information one frame provides about another. If two adjacent frames are highly

dependent, then the later frame contributes relatively little new motion information. If their depen-
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Figure 3.3: Patch Mutual Information formulation. For two adjacent frames /;_; and [,
of size H x W x (', we partition each frame into non-overlapping patches of size r x r x C
and flatten each patch into a vector of dimension d = r2C. Corresponding patches from
the two frames are concatenated to form 2d-dimensional samples, and all such samples
are stacked to construct the multivariate point set for the frame pair. We then estimate its
covariance matrix and use it to approximate the entropy terms required for patch mutual
information. The resulting patch mutual information score is computed by Eq. 3.1, and is
further converted into a motion salience estimate through the inversion and normalization
steps in Eq. 3.3 and Eq. 3.4.

dence weakens, the later frame is more likely to contain a meaningful temporal change.

However, global mutual information alone ignores spatial structure, which is important for action
recognition. PMI Sampler therefore computes mutual information at the patch level. This preserves
local spatial structure while remaining more robust to noise than raw RGB difference. As a result,
patch mutual information provides a better motion salience estimate for aerial videos than naive frame-
difference measures, which are easily corrupted by camera-induced background motion. The patch-

level construction used to estimate this dependence is illustrated in Figure 3.3.

3.4.3 Patch Mutual Information Score

Let two adjacent frames be denoted by /;_; and [;, each of size H x W x C. We divide each

frame into non-overlapping square patches with side length 7, and flatten each patch into a vector of
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dimension

d = Cr?.

For every corresponding patch pair between /,_; and I;, we concatenate the two flattened patch vectors

into a single vector in R2?. For a pair of frames, the total number of patch correspondences is

By stacking all corresponding patch pairs, we obtain a multivariate point set

Pt = [p17p27 s 7pN]7

where each p; € R??.

Ideally, we would like to measure the mutual information between adjacent frames to quantify
how much new information the current frame provides. However, direct estimation of mutual infor-
mation in this setting is intractable, since the patch-level points are high-dimensional and their joint
distribution is generally unknown and dependent.

To obtain a tractable formulation, we follow the general strategy of region-based mutual infor-
mation [67] and adopt a covariance-based approximation. Specifically, we approximate the entropy
of the point set using the entropy of a Gaussian distribution with the same covariance. This yields a
lower-bound-style surrogate of mutual information that is efficient to compute in practice.

Let () denote the covariance matrix of P;. Since each point is formed by concatenating a patch
from I, _; and one from [, {2 can be decomposed into marginal covariance blocks €2, ; and €, corre-

sponding to the two frames. Under this approximation, we define the patch mutual information score
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as
M, = PMI(I,_1, 1) = H(Qu_1) + H(Q,) — H(Q), 3.1)

where the entropy is approximated via
(3.2)

H(Q) ~ %log ((2me)? det(€2)).

The resulting M, should be interpreted as a covariance-based surrogate for mutual information
rather than an exact information-theoretic quantity. A larger value of M; indicates stronger dependency

between adjacent frames, meaning that the current frame introduces less new information. Conversely,

a smaller value suggests that the frame contributes more novel motion information.

To convert this dependence measure into a motion salience score, we invert it:

(3.3)

(3.4)

The normalized score M; serves as the motion salience estimate for frame /;, where higher values

indicate more informative temporal change.
We emphasize that this formulation does not assume that the patch-level points are strictly Gaus-

sian. Instead, it uses a Gaussian entropy approximation to obtain a practical and differentiable objec-

tive. Empirically, this surrogate provides a robust estimate of motion salience in aerial videos, where
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Figure 3.4: Shifted Leaky ReL.U remapping. The normalized motion salience sequence
M, is remapped by the shifted Leaky ReLLU function defined in Eq. 3.5. Compared with
the original salience values, the remapped sequence assigns lower weight to motion-static
intervals and higher contrast to motion-salient ones. The resulting scores are then accu-
mulated into the cumulative motion distribution in Eq. 3.6, which is used to guide adaptive
frame sampling.

direct pixel-level differences are often dominated by background motion.

3.4.4 Adaptive Sampling via Shifted Leaky ReLU and Cumulative Distribution

The sequence

S:{Ml,MQ,...,MT}

provides a temporal estimate of motion salience across the video. However, in aerial videos, the
differences between motion-salient and motion-static regions can be subtle. To make these regions
easier to distinguish, PMI Sampler further remaps the motion salience values using a shifted Leaky
ReLU function. Figure 3.4 illustrates how this remapping increases the contrast between motion-static

and motion-salient intervals before the cumulative distribution in Eq. 3.6 is constructed.
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Let 1 denote the mean of the normalized motion salience scores. For each M,, the remapped

value is defined as

Oth, Mt S [L,
My = (3.5)

~

(M = 1)+ 1, M, >,

1

where « controls the smoothness of the remapping.

This transformation suppresses low-salience regions while preserving and emphasizing the rela-
tively high-salience ones. As a result, the temporal contrast between motion-static and motion-salient
intervals becomes more pronounced.

We then normalize the remapped sequence again and accumulate it into a cumulative distribu-
tion:

F(t)y=>Y_ M. (3.6)

i<t
Instead of uniformly dividing the video along the temporal axis, PMI Sampler divides the cumulative
motion distribution into K equal portions. Each portion therefore corresponds to a temporal segment
that contains approximately the same amount of motion information. From each segment, one repre-
sentative frame is selected to form the final sampled sequence.

This design has two important advantages. First, it still preserves temporal coverage of the
whole action sequence, since the final sample spans the full video. Second, it allocates more sampling
density to motion-salient periods and fewer samples to motion-static intervals. In this way, the rec-
ognizer observes more discriminative temporal transitions without wasting sample slots on redundant

observations.
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3.5 Experimental Evaluation

In this section, we evaluate PMI Sampler on multiple aerial and non-aerial action recognition
benchmarks and analyze why the proposed sampling strategy is effective. Since PMI Sampler is
motivated by the uneven temporal distribution of informative motion in aerial videos, our experiments
are designed not only to report final recognition accuracy, but also to verify whether patch-mutual-
information-based sampling improves the quality of the temporal evidence supplied to downstream

recognition backbones.

3.5.1 Datasets and Evaluation Setting

We evaluate PMI Sampler on both aerial and non-aerial action recognition benchmarks in order
to assess not only its effectiveness in aerial videos, but also its generalization to broader motion-centric
recognition settings.

For the two aerial benchmarks UAV-Human and NEC-Drone, we follow the same datasets in-
troduced in Chapter 2. As discussed there, UAV-Human is a large-scale aerial-view human behavior
understanding benchmark with substantial viewpoint, scale, and background variation [5], while NEC-
Drone is an indoor aerial action recognition dataset containing 5,250 videos from 16 action classes [6].
In this chapter, these two datasets are mainly used to evaluate whether adaptive frame selection can
better capture informative motion under aerial-specific challenges.

We further evaluate PMI Sampler on Diving48 [4], a fine-grained action recognition benchmark
in which performance depends strongly on recognizing subtle temporal transitions rather than on static
scene cues. This dataset is useful for testing whether the proposed sampling strategy generalizes

beyond aerial videos to more general motion-centric action recognition scenarios.
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In addition, we include Something-Something V2 [68], UCF101 [69], and HMDBS51 [70] in
additional experiments to evaluate transfer to more conventional ground-view action recognition set-
tings. These datasets help clarify that PMI Sampler is aerial-specific in motivation, but not necessarily
limited to aerial benchmarks in applicability.

Unless otherwise specified, the implementation follows the original MGSampler [3] setting. We
compare against baseline sampling strategies and prior state-of-the-art methods using top-1 accuracy
and top-5 accuracy, and we integrate PMI Sampler into multiple backbones in additional experiments
to test whether the method should be viewed as a general temporal sampling module rather than as a
design tied to a single recognizer. Some of the ablation studies are conducted on a randomly sampled

subset of original dataset for time saving.

3.5.2 Implementation Details

Unless otherwise specified, all models are trained using SGD with momentum 0.9 and weight
decay 5 x 10~%. The initial learning rate is set to 0.1 for training from scratch and 0.05 when initializing
from Kinetics-pretrained weights. We use cosine or polynomial annealing for learning rate decay and
optimize the models with multi-class cross entropy loss. During training, videos are decoded as a
single clip and resized to 224 x 224. During testing, the shorter side is resized to 256, followed by
three spatial crops of size 224 x 224, and the final prediction is obtained by averaging the scores over

all crops. Unless otherwise stated, the rest of the setting follows the original paper.
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Method Frames Input Size Init. Top-1 Acc (%) T

FAR 8 540 x 540  None 28.8
Ours 8 540 x 540 None 39.7
X3D-M 8 540 x 540 Kinetics 36.6
FAR 8 540 x 540 Kinetics 38.6
DiffFAR 8 540 x 540 Kinetics 41.9
Ours 8 540 x 540 Kinetics 47.7
FAR 8 620 x 620 Kinetics 39.1
Ours 8 620 x 620 Kinetics 52.0
X3D-M 16 224 x 224  Kinetics 30.6
FAR 16 224 x 224  Kinetics 31.9
AZTR 16 224 x 224 Kinetics 47.4
MG Sampler 16 224 x 224 Kinetics 53.8
Ours 16 224 x 224  Kinetics 55.0

Table 3.1: Results on UAV-Human. PMI Sampler consistently improves Top-1 accuracy
under different frame counts, resolutions, and initialization settings.

3.5.3 Main Results

The main quantitative results evaluate PMI Sampler from three complementary perspectives.
First, we test whether the method improves performance on a large-scale and highly challenging aerial
benchmark. Second, we examine whether the benefit remains on a more controlled aerial dataset and
on a fine-grained motion-centric benchmark beyond UAV videos. Third, we evaluate whether the
proposed shifted Leaky ReLLU remapping is an important part of the overall design rather than a minor
implementation detail.

Table 3.1 shows that PMI Sampler consistently improves performance on UAV-Human across a
wide range of settings, including different input resolutions, frame counts, and initialization schemes.
This consistency is itself important. UAV-Human is a challenging aerial benchmark with substantial
viewpoint variation, background clutter, and uneven temporal motion distribution, so a method that
only works in one particular configuration would be far less convincing. Instead, PMI Sampler im-
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Diving48 NEC Drone

Method  Frames - Backbone 1 &)+ Top-1 Ace (%) 1

Random 16 X3D-M 71.1 52.0
Uniform 16 X3D-M 73.5 55.4
MG Sampler 16 X3D-M 74.6 58.5
K-centered 16 ViT 72.5 36.3
Ours 16 X3D-M 81.3 62.5

Table 3.2: Results on Diving48 and NEC-Drone. Our method relatively improves the
top-1 accuracy by 9.0% on Diving48, by 6.8% on NEC-Drone.

proves over previous methods under every reported setting, with relative gains ranging from 2.2% to
13.8% . The largest gains appear in the weaker baseline settings, which suggests that adaptive tempo-
ral selection is especially helpful when the recognizer struggles to isolate useful motion evidence from
noisy aerial observations.

The Kinetics-initialized 16-frame setting is particularly informative because it allows a direct
comparison against recent aerial-specific methods under a stronger backbone setup. In this regime,
PMI Sampler improves over MG Sampler from 53.8% to 55.0%, while also surpassing AZTR and
FAR. This indicates that even after the recognition backbone and initialization are fixed, the way
temporal evidence is selected still matters. In other words, the gain does not come from changing the
recognizer itself, but from improving the temporal observations presented to it.

Table 3.2 shows that the benefit of PMI Sampler is not limited to one aerial benchmark. On NEC-
Drone, PMI Sampler improves over MG Sampler from 58.5% to 62.5%, corresponding to a relative
gain of 6.8 % . Although NEC-Drone is more controlled than UAV-Human, this result indicates that the
proposed sampling strategy remains useful even when scene variation is reduced. The gain therefore
seems to come from a more fundamental advantage in selecting informative temporal transitions, rather
than from overfitting to one particular aerial benchmark.

The Diving48 result is even more revealing. PMI Sampler improves from 74.6% to 81.3%, a

60



NEC Drone  Diving48 Subset

Mapping function Top-1 Acc (%)  Top-1 Acc (%)

without Mapping 59.3 58.8
Quadratic 60.3 63.4
Sigmoid 61.4 65.7
Softmax 58.4 53.9

Tanh 60.9 56.6

ReLu 60.5 60.6
Shifted Leaky ReLu 62.5 66.3

Table 3.3: Comparison between different mapping functions. Shifted Leaky ReLLU can
better map the motion information distribution and make it easier to distinguish frames
containing more motion information.

relative gain of 9.0%. Since Diving48 is not an aerial dataset, this result shows that the proposed sam-
pling strategy is aerial-specific in motivation but broader in applicability. More generally, it suggests
that patch-mutual-information-based salience estimation is effective whenever fine-grained recogni-
tion depends on selecting subtle but informative motion transitions rather than simply observing evenly
spaced frames.

Table 3.3 clarifies the importance of the proposed shifted Leaky ReLU remapping. Without
any remapping, the motion salience distribution remains too weakly separated to support strong adap-
tive sampling. Standard nonlinear mappings such as quadratic, sigmoid, softmax, tanh, and ReLU
all improve over the unmodified distribution in at least some settings, but none performs as consis-
tently as the proposed shifted Leaky ReLLU. In particular, it achieves the best Top-1 accuracy on both
NEC-Drone and the Diving48 subset. This result supports the main design intuition of PMI Sampler:
adaptive temporal selection depends not only on estimating temporal salience, but also on sharpening
the distinction between motion-salient and motion-static intervals so that the final sampling distribu-
tion becomes more meaningful.

Taken together, the results in Tables 3.1-3.3 support the central claim of this chapter: temporal
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input quality matters. Even without changing the recognition backbone, improving which frames
are observed can substantially improve downstream action recognition. In this sense, PMI Sampler

demonstrates that temporal selection is itself a useful form of representation refinement.

3.5.4 Robustness Across Backbone Models

To evaluate whether PMI Sampler is backbone-specific, we integrate it with multiple recognition

architectures, including SlowOnly-R50, 13D, and X3D.

Method Frames Backbone Top-1 Acc (%) 1 Top-5 Acc (%) T
Uniform 8 13D [23] 59.2 89.9
MG Sampler [3] 8 13D [23] 55.2 87.6
Ours 8 13D [23] 61.8 91.7
Uniform 8 SlowOnly-R50 [26] 60.0 90.3
MG Sampler [3] 8 SlowOnly-R50 [26] 57.1 88.4
Ours 8 SlowOnly-R50 [26] 63.1 93.5
Uniform 16 X3D [2] 73.5 95.1
MG Sampler [3] 16 X3D [2] 74.6 95.0
Ours 16 X3D [2] 81.3 97.7

Table 3.4: Evaluation of our method with different recognition backbones on Div-
ing48. PMI Sampler can be incorporated with any recognition backbone models to im-
prove the accuracy.

Table 3.4 shows that PMI Sampler consistently improves performance across all evaluated back-
bones. This is important because it indicates that the method should be understood as a general tem-
poral sampling module rather than as a design tailored to a single recognizer. The gains are also
nontrivial: PMI Sampler improves over uniform sampling by +2.6% on 13D, +3.1% on SlowOnly-
R50, and +7.8% on X3D. The fact that the gains remain positive across architectures with different
temporal modeling styles suggests that the benefit comes from better temporal evidence selection itself

rather than from an accidental compatibility with one model family.
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3.5.5 Dense Clip Sampling

We further evaluate PMI Sampler in a dense clip sampling setting.

Method Frames Backbone Top-1 Acc (%)1 Top-5 Acc (%) 1
Uniform 8 X3D-M [2] 74.0 95.3
MG Sampler [3] 8 X3D-M [2] 74.6 95.9
Ours 8 X3D-M [2] 75.5 96.0

Table 3.5: Performance under dense clip sampling. We evaluate PMI Sampler in a
dense clip sampling setting, where clips are sampled more frequently to provide richer
temporal coverage during inference. Compared with uniform sampling and the prior MG
Sampler, our method achieves the best performance, improving Top-1 accuracy by 1.5%
over uniform sampling and 0.9% over MG Sampler.

The gains remain consistent even when multiple clips are sampled from each video. This result
matters because it shows that PMI Sampler is not merely exploiting a narrow single-clip evaluation
protocol. Instead, it captures a more general principle: allocating temporal samples according to
motion informativeness remains useful even when the overall evaluation already has broader temporal

coverage.

3.5.6 Ablation Studies

We next analyze several key design choices in PMI Sampler, including the similarity measure
used for temporal salience estimation, the shifted Leaky ReLU hyperparameter, the patch size used
in PMI computation, the resulting speed-accuracy trade-off, and the transfer behavior to non-aerial
datasets. Together, these studies help explain not only whether PMI Sampler works, but also why it
works and under what conditions its design is most effective.

Table 3.6 directly validates one of the central design choices of PMI Sampler: the use of patch

mutual information as the temporal salience measure. Simple similarity measures such as Euclidean
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UAV-Human subset Time cost

Similarity measure Top-1 Acc (%) per frame (ms)

Euclidean Distance 56.4 1.7

Cosine Similarity 55.0 2.5

Mutual Information 58.4 10.6

Regional Mutual Information (RMI) 59.2 20.2
Normalized Mutual Information (NMI) 58.8 32.8
Peak Signal-to-Noise Ratio (PSNR) 57.0 3.7
Structural Similarity Index Measure (SSIM) 57.7 79.9
Patch Mutual Information 59.8 4.5

Table 3.6: Comparison between different similarity measures. Our proposed Patch
Mutual Information(PMI) outperforms other measures on UAV-Human.

o 0 01 02 03 04 05 06 07

Diving48  Top-1(%) 1T 60.6 654 647 663 66.2 654 656 654
subset Top-5 (%) T 926 928 944 949 946 933 945 94.6

UAV-Human Top-1(%)1 53.7 58.1 59.8 59.8 59.7 587 595 593
subset Top-1 (%) 1T 83.8 853 86.5 863 853 86.2 855 86.0

Top-1 (%)t 54.1 579 58.0 582 60.7 612 625 61.7
Top-1 (%) 1T 854 895 88.6 893 895 90.0 89.6 89.5

NEC-Drone

Table 3.7: Impact of the hyper-parameter «. The dynamic camera movement in UAV-
Human and Diving48 videos necessitates a lower a(~ 0.3) to differentiate real motion
from background noise. In contrast, NEC-Drone videos, captured by a hovering UAV,
require a higher a(~ 0.6) to preserve the motion info distribution.

distance and cosine similarity are computationally cheap, but their recognition accuracy is clearly
lower. Full-image statistical measures such as mutual information, regional mutual information, and
normalized mutual information improve accuracy, but at a substantially higher computational cost.
Patch Mutual Information achieves the best overall result, reaching the highest Top-1 accuracy while
remaining considerably more efficient than RMI, NMI, and SSIM. This result is important because it
shows that the benefit of PMI Sampler does not come from using a more expensive similarity function
in general, but from using a similarity function that preserves local spatial structure while remaining
robust to aerial-specific noise.

Table 3.7 shows that the hyperparameter o controls how strongly the shifted Leaky ReLLU sep-
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UAV-Human Time cost

Size of Patch (r x r) Top-1 Acc (%)  per frame (ms)

3 %3 53.8 5.4
d XD 54.6 6.8
X7 55.0 9.2
11 x 11 52.3 17.9
21 x 21 51.9 67.8

Table 3.8: Impact of the patch size. A better tradeoff between accuracy and time cost is
achieved with patch size 7 x 7.

arates motion-salient from motion-static intervals, and that the preferred value varies across datasets.
This is an important observation rather than a nuisance implementation detail. On UAV-Human and
Diving48, smaller « values are more effective, which is consistent with the fact that these datasets
contain stronger camera or scene variation and therefore benefit from a sharper suppression of weak
salience responses. NEC-Drone, in contrast, performs best with a larger «, suggesting that in more
stable aerial videos it is preferable to preserve a smoother motion-information distribution. This pat-
tern supports the interpretation that the remapping function is not arbitrary: it adjusts temporal contrast
according to the motion characteristics of the dataset.

Table 3.8 analyzes the patch size used in PMI computation. The results show that 7 x 7 provides
the best trade-off between recognition accuracy and computation cost. Very small patches are less
effective because they capture less stable local statistics, while very large patches are significantly
more expensive and lose the local structure that makes patch-based mutual information useful in the
first place. This result directly supports the core design of PMI Sampler: mutual information should
be computed at a scale that preserves local motion structure while remaining robust to aerial-specific
noise.

Table 3.9 is particularly important from a thesis perspective because it shows that PMI Sampler is

not only accurate, but also useful for improving the speed-accuracy trade-off. Even when fewer frames
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L Training Time Training Time  Diving48 Diving48

Method Frames Input Resolution per Epoch (s) | per Video (ms) | Top-1(%) 1 Top-5(%) T

Random 16 224 x 224 196.6 13.1 71.1 94.8

Uniform 16 224 x 224 191.4 12.7 73.5 95.1

MG Sampler 16 224 x 224 287.4 19.2 74.6 95.0
PMI Sampler (Ours) 8 224 x 224 248.3 (-39.1) 16.5 (-2.7) 75.0 (+0.4)  95.6 (+0.6)
PMI Sampler (Ours) 12 224 x 224 276.8 (-10.6) 18.4 (-0.8) 77.7 (+3.1) 97.5(+2.5)
PMI Sampler (Ours) 16 172 x 172 294.8 (+7.4) 19.6 (+0.4) 79.0 (+4.4) 97.7 (+2.7)
PMI Sampler (Ours) 16 224 x 224 295.1 (+7.7) 19.6 (+0.4) 81.3 (+6.7) 97.7 (+2.7)

Table 3.9: Training efficiency. PMI Sampler achieves higher accuracy with less spa-
tial/temporal information, leading to better speed-accuracy tradeoffs. We show results for
fewer frames (8 and 12) and smaller input sizes (172x172).

Dataset SthSthV?2 UCF101 HMDB51
5 Top-1(%) Top-5(%) Top-1(%) Top-5(%) Top-1(%) Top-5(%)
Uniform 575 84.3 94.3 99.3 64.6 88.1
MG Sampler 59.2 85.2 94.6 99.2 64.9 87.9

Ours (Patch 7x7) 59.7 (+0.5) 852 (+0) 944 (-0.2) 99.6 (+0.4) 64.5(-0.4) 87.2(-0.7)
Ours (Patch 3x3) 60.3 (+1.1) 85.8 (+0.6) 95.1 (+0.5) 99.5 (+0.3) 65.5 (+0.6) 88.1 (+0.2)

Table 3.10: Results on SthSthV2, UCF101, HMDBS51. Given that the majority of videos
in these datasets feature fixed cameras capturing close-range scenes with prominent human
actors and minimal background changes, utilizing smaller patches (3x3) can effectively
capture finer details of the actions, leading to improved accuracy.

are used, or when the spatial resolution is reduced, PMI Sampler still matches or exceeds stronger
baselines. For example, with only 8 frames it already outperforms MG Sampler while reducing training
time, and with reduced spatial resolution it still yields substantial accuracy gains. This suggests that the
method does not merely rearrange information more cleverly; it effectively concentrates the available
temporal budget on higher-value observations.

Finally, Table 3.10 shows that PMI Sampler generalizes beyond aerial datasets, but also reveals
an important nuance. On Something-Something V2, UCF101, and HMDBS51, smaller patches can be
more effective than the 7 x 7 configuration preferred on aerial data. This is consistent with the visual
characteristics of these benchmarks: their videos are typically captured by fixed or near-fixed cameras,
the human actor is larger in the frame, and the background is less disruptive. Under such conditions,

finer local structure becomes more informative. This result is valuable because it highlights both the
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generality and the dataset dependence of the method: PMI Sampler is broadly applicable, but the
optimal patch granularity depends on the visual scale and motion statistics of the domain.

Overall, the ablation studies indicate that the success of PMI Sampler depends on two com-
plementary ingredients: first, a motion salience estimate that is robust to aerial-specific noise, and
second, a remapping strategy that sharpens the distinction between motion-salient and motion-static
intervals. Together, these findings reinforce the interpretation of PMI Sampler as a lightweight but

general temporal refinement module.

3.5.7 Qualitative Analysis

A key strength of PMI Sampler is its robustness to background noise and its ability to allocate
samples according to the true temporal distribution of useful motion information. In aerial videos,
camera motion can produce large pixel-level changes even when the action itself is temporally static.
Methods based on raw RGB difference can therefore be misled by background fluctuations and in-
correctly assign high salience to uninformative frames. In contrast, PMI Sampler estimates temporal
salience through patch-level mutual information, which is more robust to such noise and better reflects
action-related temporal change. This property is particularly important for aerial videos, where the
actor often occupies less than 10% of the frame and the background dominates the visual signal.

Figures 3.5-3.7 compare PMI Sampler with MGSampler [3] on representative videos from Div-
ing48, UAV-Human, and NEC-Drone. These examples illustrate two recurring observations. First,
PMI Sampler is less sensitive to background-induced variation and therefore produces a motion distri-
bution that better matches the actual progression of the action. Second, PMI Sampler allocates more

samples to motion-salient intervals while avoiding oversampling temporally redundant regions.
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Figure 3.5: Comparison with MGSampler on Diving48. Representative examples from
Diving48 [4] show that PMI Sampler more accurately reflects the temporal distribution
of useful motion than MGSampler [3]. Even outside aerial videos, the proposed patch-
mutual-information-based criterion is better aligned with the actual action progression and
is less affected by irrelevant visual variation.
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Figure 3.5 first shows that the advantage of PMI Sampler is not limited to aerial videos. On
Diving48, which is a fine-grained and motion-centric benchmark, PMI Sampler better identifies when
informative temporal change actually occurs. Compared with MGSampler, it avoids spending too
many samples on visually changing but less informative intervals and instead concentrates more ef-
fectively on the discriminative phase of the action. This supports the interpretation that PMI-based
salience estimation captures useful temporal structure more faithfully than simpler difference-based
criteria.

The difference becomes even more pronounced in aerial videos. Figure 3.6 shows that PMI
Sampler is better at recognizing motion-static intervals, even when the camera is moving and the
background is highly dynamic. This is a difficult regime for RGB-difference-based methods, because
large background change can create the false impression that the frame is highly informative. By
relying on patch-level mutual information instead, PMI Sampler is less affected by these nuisance
changes and is therefore more likely to preserve sample budget for genuinely useful motion transitions.

Figure 3.7 further shows the complementary effect on motion-salient periods. Once background
noise is better suppressed, PMI Sampler can allocate more samples to the intervals that actually contain
discriminative action motion. This is precisely the behavior desired for adaptive temporal selection:
fewer samples should be spent on redundant or weakly informative segments, and more should be
concentrated on the parts of the video that are most useful for recognition. In this sense, the qual-
itative evidence directly supports the chapter’s main claim that adaptive sampling should follow the
distribution of informative motion rather than the distribution of raw visual change.

Overall, these visualizations reinforce the same conclusion as the quantitative experiments. The
main benefit of PMI Sampler is not simply that it samples fewer or different frames, but that it samples

frames in a way that better matches the true temporal distribution of useful motion information. This
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Figure 3.6: Comparison with MGSampler on motion-static intervals in aerial videos.
Representative examples from UAV-Human [5] and NEC-Drone [6] show that PMI Sam-
pler is more robust to UAV-induced background noise and more accurately identifies
motion-static periods than MGSampler [3].
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ing a temporal allocation that is more consistent with actual action progression.
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is why the method improves recognition not only on aerial datasets such as UAV-Human and NEC-

Drone, but also on a non-aerial fine-grained benchmark such as Diving48.

3.6 Discussion

PMI Sampler can be understood as a lightweight temporal refinement module for aerial video
understanding. Its main significance is therefore not only that it improves action recognition accuracy,
but that it shows how temporal input quality itself can become a meaningful axis of representation
improvement. Rather than changing the recognition backbone, the method improves the temporal
observations supplied to the backbone, allowing the downstream model to focus more consistently on
motion-salient and action-relevant periods.

This perspective is especially important in aerial videos. Compared with ground-view action
recognition, aerial videos often contain weaker foreground signals, stronger background interference,
and more severe camera-induced motion. Under these conditions, the temporal distribution of useful
information becomes much more uneven, and uniform sampling is more likely to waste observations
on redundant or misleading intervals. The results of this chapter therefore suggest that temporal sam-
pling in aerial videos should not be treated merely as a preprocessing detail or an efficiency heuristic.
Instead, it should be regarded as part of the representation design itself.

From the perspective of Part I, PMI Sampler complements Chapter 2 in a particularly direct
way. MITFAS improves aerial understanding by making temporal observations more stable across
time, whereas PMI Sampler improves it by making those observations more informative in the first
place. Together, these chapters show that refined aerial video understanding depends on both where

temporal evidence is aligned and when informative evidence is selected.
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More broadly, the experiments also suggest that the benefit of PMI Sampler is not restricted to
one aerial benchmark or one backbone architecture. Its gains on NEC-Drone, UAV-Human, Diving48,
and additional backbones indicate that the core idea is more general: when informative motion is
unevenly distributed over time, sampling according to motion salience can improve the quality of the
temporal evidence used for recognition. In this sense, PMI Sampler supports a broader thesis claim that
better aerial video understanding can be achieved not only through stronger models, but also through

better-structured inputs.

3.7 Limitations

PMI Sampler has several limitations. First, when the motion is smooth and consistent throughout
the video, the method may behave similarly to uniform sampling. In such cases, the temporal distribu-
tion of informative motion is already relatively even, so adaptive sampling provides less advantage.

Second, when the action label depends strongly on a static pose or gesture rather than on a
motion-salient transition, sampling fewer frames from motion-static periods may reduce effective-
ness. This reflects an inherent limitation of motion-oriented sampling criteria: they are strongest when
recognition depends on temporal change rather than on isolated static evidence.

Third, although PMI Sampler avoids training a dedicated selection policyi, it still relies on a hand-
designed statistical formulation whose effectiveness depends on the chosen remapping function and
patch size. Future work may benefit from combining statistical frame salience with stronger semantic
or learned guidance.

Figure 3.8 illustrates two representative failure modes of PMI Sampler. When motion is smooth

and uniformly distributed throughout the video, adaptive sampling behaves similarly to uniform sam-
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Figure 3.8: Representative limitations of PMI Sampler. The first example shows that
when motion is smooth and consistently distributed across the whole video, PMI Sampler
behaves similarly to uniform sampling. The second example shows that when the action

label depends strongly on a static gesture during a motion-static interval, assigning fewer
samples to that interval may reduce effectiveness.

pling. In addition, when the action label depends primarily on a static gesture rather than on a motion-
salient transition, under-sampling motion-static periods may reduce effectiveness.

Finally, PMI Sampler improves temporal informativeness but does not explicitly address seman-
tic ambiguity in aerial videos. This motivates the next chapter, which studies how semantic guidance

can further refine aerial video representations once temporal evidence has been better selected.

3.8 Conclusion

This chapter presented PMI Sampler [39], a patch-similarity-guided frame selection strategy
for aerial action recognition. By using patch mutual information to quantify discriminative motion

information and by adaptively selecting frames according to the cumulative motion distribution, PMI
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Sampler constructs more informative temporal inputs for aerial video understanding. Experimental
results across UAV-Human, NEC-Drone, Diving48, and additional benchmarks demonstrate that the
proposed sampling strategy consistently improves action recognition performance.

Within the broader context of Part I, this chapter complements Chapter 2 by showing that aerial
video representations can be improved not only through temporal alignment, but also through better
temporal selection. Whereas MITFAS focuses on making temporal observations more consistent, PMI
Sampler focuses on making them more informative. Together, these results reinforce the thesis theme
that refined spatial-temporal processing is essential for robust aerial video understanding.

The next chapter builds on this progression by moving from temporal selection to semantic
guidance, studying how aerial video understanding can be improved further when weak visual evidence

is interpreted with stronger semantic support.
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Chapter 4: SCP: Soft Conditional Prompt Learning for Semantic Guidance in Aerial

Video Understanding

4.1 Introduction

This chapter continues Part I, which studies refined spatial-temporal representation learning for
aerial video understanding. While Chapter 2 improves aerial representations through temporal feature
alignment and Chapter 3 improves them through informative frame selection, the present chapter ad-
dresses a complementary question: how can a recognition model be better guided to interpret weak
and noisy aerial visual evidence? In other words, even if the temporal observations have been better
aligned and better selected, how can the model more reliably associate those observations with the
correct action semantics?

Aerial action recognition remains considerably more challenging than conventional ground-view
video understanding. In aerial videos, human actors are often small, motion cues are weak, and dis-
criminative regions may occupy only a small fraction of the frame. In addition, aerial videos com-
monly exhibit substantial viewpoint variation, background clutter, and camera motion, all of which
can obscure the semantic cues required for action recognition. As a result, a model may fail not be-
cause informative evidence is completely absent, but because the available evidence is semantically

ambiguous, weakly emphasized, or difficult to interpret under aerial-specific observation conditions.

76



____________________________________________________________________________________

I B 0090099909090 e N =y S N\ TTTIITmem oo . \
Actions ! i eile . [Both edge qqd D [Cloud server + :
I g ' 1 high-end] Auxiliary | Robot] i
i high-end] Learnable | 1 _: . L L 1000
! Prompt (SCP) ol Visual Information: | ! Large Vision !
\ ; J 8 Optical flow \ Model

1
1
1
1
:
1
| Recognition Models
1
1
1
1
1
1
1
1

ke
\ 7/

\
N
~

/
1
]
I
]
]
]
]
]
I
I
]
1
]
]
]
I
\
’
1
]
]
]
b
'
I
]
]
]
]
]
]
I
]
]
\
’
1
]
]
]
]
]
I
]
]
]
]
]
]
I
]
]
\

Figure 4.1: Task Overview. We use prompt learning for action recognition. Our method
leverages the strengths of prompt learning to guide the learning process by helping models
better focus on the descriptions or instructions associated with actions in the input videos.
We explore various prompts, including optical flow, large vision models, and proposed
SCP to improve recognition performance. The recognition models can be CNNs or Trans-
formers.

These challenges motivate a representation learning strategy that goes beyond improving tempo-
ral evidence alone. In addition to selecting better frames or aligning temporal features, the recognition
model should also be guided toward action-relevant semantic cues under aerial-specific observation
conditions. Prompt learning provides a natural mechanism for such guidance. Rather than substan-
tially redesigning the recognition backbone, prompts can provide lightweight conditioning signals that
steer the model toward informative spatial-temporal patterns and improve how those patterns are se-
mantically interpreted.

To this end, this chapter presents Soft Conditional Prompting (SCP) [71], a prompt-based
learning framework for aerial video understanding. The key idea is to refine semantic guidance through
a combination of input-invariant prompt knowledge and input-adaptive prompt conditioning. Specif-
ically, SCP maintains a pool of learnable prompt experts that capture shared task-level information
and dynamically combines them according to the input video to produce customized prompts. In this
way, the model can preserve common action semantics while adapting its guidance signal to different

scenes, viewpoints, and action instances.
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Beyond learnable prompts, this chapter also studies auxiliary prompt forms derived from optical
flow and large vision models, showing that multiple prompt sources can provide complementary guid-
ance for action recognition. To further strengthen temporal reasoning, the prompt-enhanced visual
features are processed by an auto-regressive temporal module that models sequential dependencies
across the video. Figure 4.1 illustrates the overall task perspective of prompt-guided aerial action
recognition, while Figure 4.2 summarizes how SCP and auxiliary prompts can be incorporated into a
practical robotic perception system.

From the perspective of this dissertation, SCP establishes the third pillar of Part I. If MITFAS
shows that aerial video understanding benefits from stabilizing where action evidence is extracted, and
PMI Sampler shows that it benefits from selecting when informative evidence is observed, SCP shows
that it also benefits from improving how that evidence is semantically interpreted. Together, these three
chapters argue that robust aerial video understanding requires not only better temporal evidence, but
also stronger semantic guidance under aerial-specific observation conditions.

The main contributions of this chapter are as follows:

* We introduce a prompt-based semantic guidance framework for aerial video understanding,
showing that lightweight prompt conditioning can improve action recognition under challenging

aerial observation conditions.

* We propose Soft Conditional Prompting (SCP), which learns a pool of input-invariant prompt

experts and dynamically generates input-adaptive prompts for different videos.

* We show that auxiliary prompt forms, including optical flow and large vision model outputs, can

also provide useful semantic guidance signals for action recognition.

* We demonstrate that the proposed framework improves recognition performance across both
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aerial and ground-view benchmarks, including NEC-Drone, Okutama-Action, and Something-

Something V2 [71].
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Figure 4.2: Overall Architecture of SCP. Our action recognition method is designed
to run on edge devices (on mobile robots) and cloud servers. This includes lightweight
prompts (embedded), which can be easily embedded in any action recognition model with-
out much extra computational cost. For large vision models, we perform these computa-
tions on cloud server and use low-latency communication with the robots.

4.2 Related Work

Since Chapter 2 and Chapter 3 have already reviewed the broader background of aerial action
recognition and temporal modeling, here we focus on prior work most directly related to semantic

guidance and prompt-based conditioning for action recognition.
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4.2.1 Prompt Learning for Visual Recognition

Prompt learning has emerged as an effective way to adapt large pretrained models to down-
stream tasks without fully redesigning or retraining the backbone [72-76]. Early work such as CLIP
demonstrated that large-scale vision-language pretraining can produce representations that transfer
well across tasks when guided by text prompts [72]. Subsequent methods showed that prompts can
be optimized rather than hand-crafted, enabling more effective adaptation to downstream recognition
tasks [73]. Conditional prompt learning further introduced the idea that prompts should depend on the
input instance rather than remain fixed across the entire dataset [74]. Related work has also explored
prompt distributions or prompt pools to improve flexibility and generalization [75, 76].

These developments are especially relevant to aerial video understanding because they suggest
that prompt learning can provide lightweight semantic conditioning without substantially modifying
the recognition backbone. However, most prior prompt-learning work has been developed for image
recognition or vision-language adaptation rather than for aerial video understanding, where the visual
evidence is weak, noisy, and temporally structured. SCP builds on this literature but focuses on prompt

learning as a form of semantic guidance for aerial video action recognition.

4.2.2 Prompt-Based Action and Video Recognition

Prompt learning has also begun to influence action recognition and video understanding. Recent
work has explored prompt-based adaptation for action recognition, including prompt learning for video
backbones, vision-language alignment for action semantics, and prompt-based transfer of pretrained
large models to temporal recognition tasks [77-79]. These works suggest that prompt-based condition-

ing can improve how models associate visual observations with action labels, especially when large
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pretrained models already contain useful semantic priors.

At the same time, video understanding differs from image recognition in an important way:
useful semantics must be inferred not only from appearance, but also from temporal evolution. This
means that prompts for video understanding should ideally support both semantic discrimination and
temporal reasoning. Existing prompt-based approaches do not directly address the specific challenges
of aerial videos, where the actor is small, the background is dominant, and semantic cues are often
ambiguous under unusual viewpoints [5, 16, 18]. SCP is motivated by this gap. Rather than using a
single static prompt, it learns a pool of prompt experts and dynamically combines them according to

the input video, allowing semantic guidance to adapt across different aerial scenes and action instances.

4.2.3 Semantic Guidance for Action Recognition

A broader line of work has explored how external semantic cues can improve action recognition.
These cues may come from object information, motion priors, auxiliary modalities, or large pretrained
models that provide richer supervisory signals [80-83]. The common intuition behind these methods
is that action recognition becomes easier when the model is encouraged to focus on semantically
meaningful structure rather than relying only on low-level visual evidence.

This perspective is especially important in aerial videos. In many aerial settings, the visual
evidence for an action is weak and can be difficult to interpret directly. Semantic guidance can there-
fore serve as a complementary mechanism that improves how the model interprets whatever spatial-
temporal evidence is available. SCP follows this perspective, but differs from prior work by casting
semantic guidance in a prompt-learning framework. In particular, it combines input-invariant prompt

knowledge with input-adaptive prompt conditioning, and further studies auxiliary prompt sources such
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as optical flow and large vision model outputs. This makes SCP a natural semantic counterpart to the

alignment and sampling strategies developed in the previous two chapters.

4.3 Problem Formulation and Motivation

Consider an input video

V - {FhFQ,...,FT},

where each frame F; € R7*W >3 and the task is to predict an action label

yed{l,...,C}.

In a standard video recognition pipeline, the model learns a direct mapping

g=rw),

where f is typically implemented using a visual backbone followed by a temporal reasoning module.

This formulation is often insufficient for aerial video understanding. In aerial videos, action-
relevant evidence is frequently weak, spatially sparse, and difficult to interpret reliably. The actor may
occupy only a small fraction of the frame, appear under unusual viewpoints, or be partially obscured by
clutter and camera-induced motion. As a result, the model may fail not because the evidence is entirely
missing, but because the available evidence is semantically ambiguous and difficult to associate with

the correct action concept.
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To address this issue, we introduce a prompt-conditioned recognition formulation

g = [V, P)),

where P denotes a guidance signal that conditions the recognition model. The role of the prompt is not
to replace visual representation learning, but to steer it by emphasizing action-relevant spatial-temporal
evidence and encouraging the model to interpret that evidence through a more discriminative semantic
prior.

A useful prompt mechanism for aerial videos should satisfy two properties. First, it should
encode shared task-level semantics that remain useful across videos. Second, it should remain adaptive
to the specific input, since different scenes, viewpoints, and action instances may require different
forms of guidance. These observations motivate the design of Soft Conditional Prompting (SCP),
which maintains a pool of prompt experts and dynamically combines them according to the input

video.

4.3.1 Prompt Definition in Our Setting

Before introducing the proposed method, we clarify what prompts mean in our setting. In con-
ventional vision—language models, prompts are usually textual templates or learned context tokens that
adapt a pretrained model toward downstream classification. In this chapter, however, we use the term
more broadly.

Specifically, we define prompts as auxiliary conditioning signals that guide spatial-temporal
representation learning for aerial videos. Under this view, prompts are not limited to fixed text tem-

plates. Instead, they may encode semantic guidance, spatial structure, or temporal/motion-related cues
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that help the model focus on more informative evidence in aerial observations.

This distinction is important because aerial videos differ substantially from conventional ground-
view videos. Informative action cues are often weak, spatially sparse, and easily dominated by clut-
tered background regions. As a result, effective prompting in aerial video understanding should not
only adapt class semantics, but also guide the model toward more relevant spatial-temporal patterns.

Based on this perspective, SCP introduces soft conditional prompts that are input-dependent and
directly influence representation learning. Therefore, SCP should be understood not simply as prompt
tuning in the text space, but as a semantic-aware prompting framework for improving spatial-temporal

representations in aerial video understanding.

4.4 Method

4.4.1 Overview

SCP follows a prompt-conditioned recognition framework for aerial video understanding. Given

an input video X, the model predicts the action label through

f:faofe([X7P]>7 4.1)

where f. denotes the prompt-guided input encoder, P denotes the prompt, and f, denotes the temporal
reasoning module.

The framework contains two main components. The first is a prompt-guided input encoder,
which injects semantic guidance into visual feature extraction. The second is an auto-regressive tem-

poral reasoning module, which models temporal dependencies over the prompt-enhanced features.
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As shown in Figure 4.3, the overall framework supports multiple prompt forms, including learnable
prompts, optical-flow-based prompts, and large-vision-model-based prompts. Among these, the pro-
posed Soft Conditional Prompting (SCP) serves as the central learnable prompt mechanism in this
chapter.

The rest of this section is organized as follows. We first describe prompt-guided input encoding,
then present the proposed SCP mechanism, followed by auxiliary prompt forms, temporal reasoning,

and learning objectives.
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Figure 4.3: Overview of the action recognition framework. We use transformer-based
action recognition methods as an example. We designed a prompt-learning-based encoder

to help better extract the feature and use our auto-regressive temporal reasoning algorithm
for recognition models for enhanced inference ability.

4.4.2 Prompt-Guided Input Encoding

Prompt learning aims to improve representation learning by providing additional task-relevant
guidance to the model input. In aerial video understanding, such guidance is particularly useful be-
cause the actor is often small and action-relevant cues can be easily overwhelmed by background
variation, camera motion, and viewpoint change. By conditioning the encoder on prompt signals, the

model can more effectively focus on action-relevant regions and capture more discriminative spatial-
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temporal patterns.

Formally, given an input video X, the prompt-guided encoder takes as input the combination
[ X, P], where P may be either predefined or learnable. The output of the encoder is a prompt-enhanced
feature sequence

XP={al ah, ... 2}

These features are then processed by the temporal reasoning module for action prediction. In this
chapter, prompts are not treated as generic add-ons, but as semantic guidance signals that help the

model better associate weak aerial evidence with the corresponding action semantics.

4.4.3 Soft Conditional Prompting

A single static prompt is often insufficient for aerial video understanding. Different videos may
involve different action categories, scene layouts, camera viewpoints, motion patterns, and levels of
ambiguity. A prompt that is useful for one input may therefore be suboptimal for another. This
motivates a prompt mechanism that can preserve shared task-level information while still adapting to
the specific content of each video.

To address this, we propose Soft Conditional Prompting (SCP), which dynamically generates
prompts from a pool of prompt experts. As illustrated in Figure 4.4, the key idea is to combine two
forms of prompt knowledge: input-invariant prompt experts, which capture shared task information
across the dataset, and input-adaptive prompt composition, which allows the prompt to change with

the input video.
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4.4.3.1 Prompt Expert Pool

SCP maintains a pool of learnable prompt experts

P={P,P,,..., P}, 4.2)

where each P, denotes a learnable prompt token and [ is the number of experts. These prompt experts
are shared across all training samples and are updated through the training process. Their role is to
encode prompt knowledge that remains broadly useful across videos, such as shared action semantics
or recurrent spatial-temporal patterns.

Unlike a single learned prompt, the expert-pool design allows the model to represent prompt
knowledge in a more flexible way. Different experts may capture different aspects of the task, while

the final prompt can be composed differently for different videos.

4.4.3.2 Input-Adaptive Prompt Generation

For a specific input video X*, SCP computes dynamic weights that determine how the prompt
experts should be combined:

P* = Matmul(c(FC(X™)), P), 4.3)

where FC(+) is a fully connected projection and o(-) denotes the sigmoid activation. The resulting
weight vector is input-dependent and allows the model to generate a customized prompt P* for the

current video.
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Figure 4.4: Soft Conditional Prompt Learning (SCP): Learning input-invariant (prompt
experts) and input-specific (data dependent) prompt. The input-invariant prompts will be
updated from all the inputs, which contain task information, and we use a dynamic mecha-
nism to generate input-specific prompts for different inputs. Add/Mul means element-wise
operations. B x S x ('is the input features’ shape, and [ is the expert’s number in the
prompt pool.

The prompt-enhanced feature for frame z; is then written as

xf = fe(zi, pi]), v € X¥, p; € P, 4.4)

where f. denotes the prompt-guided encoder. In this design, the prompt experts capture shared se-
mantic priors, while the dynamic composition mechanism adapts the prompt to the current video. This
allows SCP to jointly model input-invariant prompt knowledge and input-specific semantic guidance.

This formulation is especially suitable for aerial video understanding. Because aerial videos vary
substantially in viewpoint, motion strength, and scene context, a fixed prompt may not be expressive
enough to provide useful guidance across all inputs. SCP instead provides a soft and adaptive form of
semantic conditioning, allowing the model to preserve common action knowledge while tailoring the

prompt to the specific visual evidence available in each video.
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4.44 Auxiliary Prompt Forms

Although SCP is the primary learnable prompt mechanism in this chapter, the framework also
supports non-learnable prompt forms that provide auxiliary semantic cues. These additional prompts
are useful for understanding the broader design space of prompt-guided aerial video understanding

and for evaluating whether external sources of guidance can complement learnable prompts.

4.44.1 Optical Flow Prompt

Optical flow provides explicit motion information between frames and can serve as a prompt

that highlights dynamic regions. For adjacent clips or selected frames, the optical flow is computed as

0; = O(z4, xj), 4.5)

where O(-, -) denotes the optical flow operator and x;, x:; are selected frames from neighboring clips.

The resulting prompt-conditioned input is written as

[X7 P] = {xk * 04 | Tk € Clzpz}v (46)

where * denotes element-wise fusion.

The optical flow prompt is useful because it explicitly emphasizes motion information, which
can guide the recognition model toward action-relevant temporal change. At the same time, unlike
SCP, it does not learn semantic prompt knowledge from data and therefore serves as a complementary

but less adaptive guidance mechanism.
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4.44.2 Large Vision Model Prompt

Large vision models can also provide useful high-level guidance without requiring task-specific
retraining. In this chapter, we use the Segment Anything Model (SAM) to generate mask-based

prompts from image prompts such as points or bounding boxes. For frame x;, the generated prompt is

pi = SAM (x;, boxes/points), 4.7)

and the prompt-conditioned input becomes

[XvP]:{$z*pz|Z€ [17m]} (4.8)

These mask-based prompts can guide the model toward semantically important regions in the
frame and can therefore serve as another form of external semantic prior. In the context of this chapter,
they help illustrate that prompt-guided aerial action recognition is not restricted to one specific prompt

type, but instead supports a broader family of semantic guidance signals.

4.4.5 Auto-Regressive Temporal Reasoning

Prompt-enhanced features still require temporal reasoning in order to support action recognition.
To model temporal dependencies more effectively, SCP uses an auto-regressive temporal reasoning
module over the feature sequence

XP={al ab ... 2l }

Let 2% denote the prompt-enhanced feature at time step i. The model predicts the subsequent
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temporal representation through

z+1 - fa< H fa + xz—i—l) ) (49)

J<i+1

where f, denotes the auto-regressive temporal reasoning module. The role of this component is to
accumulate temporal context over the sequence and improve the model’s ability to reason about action
progression after the visual evidence has already been semantically conditioned by prompts.

In the thesis context, this temporal component should not be viewed as the central novelty of the
chapter. Rather, it is a supporting module that complements the prompt-guided semantic conditioning

by ensuring that the semantically enhanced features are also temporally integrated.

4.4.6 Learning Objectives

The framework supports both single-agent and multi-agent action recognition.

For single-agent action recognition, we use the standard cross-entropy loss:

C

exp (@} )
L, =— Yn,c log —— (4.10)
; chﬂ exp<x£,i)

where C' is the number of classes, 77, . is the predicted logit for class ¢, and y, . is the ground-truth
label indicator.
For multi-agent action recognition, where multiple action labels may be present, we use binary

cross-entropy with logits:

Lne == [yncloga(@h ) + (1 = yne) log(1 — o(if )] . (4.11)
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where o(+) denotes the sigmoid function.
These objectives allow the same prompt-guided framework to operate across both single-agent
and multi-agent settings, making SCP applicable to a broader range of aerial and robotic video under-

standing problems.

4.5 Experimental Evaluation

In this section, we evaluate SCP on both aerial and ground-view action recognition benchmarks
in order to assess two questions. First, does prompt-based semantic guidance improve action recog-
nition under challenging aerial observation conditions? Second, do the benefits of SCP generalize

beyond aerial datasets to broader video understanding settings?

4.5.1 Datasets and Evaluation Setting

We evaluate SCP on three representative benchmarks that cover controlled aerial recognition,
more challenging multi-agent aerial recognition, and large-scale ground-view video understanding.

For NEC-Drone, we follow the same dataset introduced in Chapters 2 and 3. In this chapter,
NEC-Drone mainly serves as a controlled aerial benchmark for evaluating whether prompt-based se-
mantic guidance improves recognition when actors remain small and action cues are visually weak
[6].

For Okutama-Action, we evaluate SCP in a more challenging multi-agent aerial setting. Com-
pared with NEC-Drone, Okutama-Action involves more complex aerial scenes, multiple people, and
stronger ambiguity in the spatial distribution of action-relevant evidence, making it especially suitable

for evaluating semantic guidance under realistic aerial observation conditions [17].
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For Something-Something V2, we follow the same benchmark setting introduced earlier in
Chapter 3. In this chapter, it is used to evaluate whether the benefits of SCP extend beyond aerial
datasets to a broader video recognition setting in which semantic interpretation of object interactions
and temporal change remains important [68].

We compare against baseline and prior state-of-the-art methods on top-1 and top-5 accuracy,
and evaluate SCP in both aerial and non-aerial domains to test whether prompt-based semantic con-
ditioning should be understood as a general recognition enhancement rather than as a dataset-specific

design.

4.5.2 Implementation Details

Unless otherwise specified, experiments follow the original paper settings. For NEC-Drone,
training uses SGD with momentum 0.9 and weight decay 5 x 10~%, with the initial learning rate set
to 0.1 for training from scratch and 0.05 for Kinetics-pretrained initialization. Videos are resized to
224 x 224 during training and evaluated with multi-crop testing after resizing the shorter side to 256.
For Okutama-Action, ROI-aligned features are extracted and optimized with the corresponding multi-
label objective. For Something-Something V2, we follow the MViTv2 fine-tuning protocol used in the

original SCP implementation. Unless otherwise stated, the rest of the setup follows the original SCP

paper.

4.5.3 Main Results

The main quantitative results are shown in Tables 4.1, 4.2, and 4.3. Together, these results

evaluate SCP under three complementary perspectives: performance on a controlled aerial benchmark,
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performance on a more challenging multi-agent aerial benchmark, and transfer to a large-scale non-

aerial video benchmark.

Method pretrain Top-1 Acc (%) 1
X3D-random [2] Kinetics400 52.0
X3D-uniform [2] Kinetics400 55.4
K-centered [84] N/A 36.3

SCP-uniform (Ours) Kinetics400 59.4

Table 4.1: Comparison with existing methods on NEC-Drone. Our SCP improves 4.0-

7.4% over X3D and 23.1% over K-centered.

Table 4.1 shows that SCP improves performance on NEC-Drone over baseline sampling-based
alternatives. In particular, SCP reaches 59.4% Top-1 accuracy, improving over X3D-uniform by 4.0 %
and over K-centered by 23.1%. This result is meaningful because NEC-Drone is already a relatively
controlled aerial benchmark. The gain therefore suggests that SCP is not only helpful in highly clut-
tered aerial scenes, but also beneficial in settings where the main challenge lies in weak actor visibility
and semantic ambiguity rather than in large scene complexity alone. In other words, even when tempo-
ral sampling and backbone choice are fixed, better semantic guidance still improves aerial recognition.

Table 4.2 further shows that the benefits of SCP become even more pronounced on Okutama-
Action, which is substantially more challenging than NEC-Drone due to multi-agent activity, clut-
tered aerial scenes, and stronger ambiguity in action-relevant regions. Without bounding boxes, SCP
reaches 71.54%, outperforming DroneAttention by 3.17 %. With bounding-box guidance, SCP reaches
75.93%, exceeding the corresponding prior method by 10.20%. These gains are especially important
because they suggest that semantic guidance is most valuable when the visual scene is more complex
and when multiple candidate actors or activities compete for attention. In such settings, prompt condi-
tioning appears to help the model better associate the available aerial evidence with the correct action
semantics.
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Method Frame size Top-1 Acc (%) T

AARN [85, 86] crops 33.75

Lite ECO [86, 87] crops 36.25
I3D(RGB)[23, 86] crops 38.12
3DCapsNet-DR[86, 88] crops 39.37
3DCapsNet-EM[86, 88] crops 41.87
DroneCaps[86] crops 47.50
DroneAttention without bbox[89]  720x420 61.34
SCP without bbox (Ours) 224 x224 71.54
DroneAttention with bbox [89] 720x420 72.76
SCP with bbox (Ours) 224 x224 75.93

Table 4.2: Comparison with the state-of-the-art results on the Okutama dataset. With
bbox information, we achieved 10.20% improvement over the SOTA method. Without
bbox information, we outperformed the SOTA by 3.17%.

Method pretrain Top-1 Acc (%) T Top-5 Acc (%) T
TEA [90] ImageNet 1k 65.1 89.9
MoViNet-A3 [43] N/A 64.1 88.8

ViT-B-TimeSformer [28] ImageNet 21k 62.5 /

SlowFast R101, 8x8 [26]  Kinetics400 63.1 87.6
MViTv1-B, 16 x4 [45] Kinetics400 64.7 89.2
MViTv2-S, 16 x4 [91] Kinetics400 67.3 91.0
SCP (Ours) Kinetics400 68.3 91.4

Table 4.3: Comparison with the state-of-the-art results on the Something Something
V2. Our SCP improves 3.6% over MViTv1 and 1.0% over strong SOTA MViTv2.

A second important observation from Table 4.2 is that SCP remains strong both with and without
explicit bounding-box input. This indicates that the benefit of the method does not depend solely on
precise external localization. Instead, the learned prompt mechanism itself contributes meaningful
semantic guidance, which is consistent with the main thesis of this chapter.

Finally, Table 4.3 shows that the benefit of SCP generalizes beyond aerial video understanding.
On Something-Something V2, SCP improves over strong recent baselines, including MViTv1 and
MViTv2. This result is important because it shows that prompt-based semantic guidance is not only

useful under aerial-specific conditions, but also beneficial in broader video recognition settings where
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semantic interpretation of temporal interactions matters. At the same time, the improvement is smaller
than on Okutama-Action, which is consistent with the intuition that semantic guidance becomes espe-
cially valuable when the visual evidence is weaker or more ambiguous, as is often the case in aerial
videos.

Taken together, the results in Tables 4.1—4.3 support the central claim of this chapter: even after
temporal evidence has been better aligned and better selected, recognition can still benefit substantially
from improved semantic guidance. SCP therefore complements the previous chapters by refining not

where or when evidence is observed, but how that evidence is interpreted.

4.5.4 Comparison Across Prompt Forms

A key question is whether the gains observed in the previous section come specifically from SCP
or more generally from the use of prompt guidance. To study this, we compare several prompt forms,
including optical flow prompts, large vision model prompts, and the proposed learnable SCP prompts.

The results are shown in Table 4.4.

Method Frame size Top-1 Acc (%) T
Baseline 224 x224 71.54
Baseline + Optical Flow 224224 72.13
Baseline + Large Vision Model (SAM)  224x224 74.68
Baseline + SCP 224 x224 75.93

Table 4.4: Ablation study in terms of different prompts on the Okutama dataset. We
evaluated various prompts, including optical flow, a large vision model(SAM [1]), and
SCP. The large vision model and SCP achieved better accuracy.

Table 4.4 shows that prompt guidance is beneficial more broadly, but that different prompt forms
are not equally effective. Compared with the baseline, optical flow prompts provide a small improve-

ment, suggesting that explicit motion cues can help guide the model toward action-relevant temporal
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change. Large vision model prompts yield a larger gain, which indicates that stronger region-level
semantic priors are particularly helpful in aerial videos, where the actor is small and difficult to iso-
late directly from raw RGB frames. SCP achieves the best result overall, improving from 71.54% to
75.93%. This result is important because it suggests that learnable and input-adaptive semantic guid-
ance is more effective than fixed auxiliary prompts alone. In other words, prompt guidance is useful in
general, but the adaptive and expert-based formulation of SCP provides the strongest form of guidance

among the tested prompt types.

4.5.5 Component Analysis

To understand the contribution of different parts of the full framework, we next perform a

component-wise analysis on Okutama-Action. The results are shown in Table 4.5.

Component Frame size Top-1 Acc (%) T
Baseline 224x224 71.54
Baseline + ROI 224x224 73.61
Baseline + ROI + Large Vision Model (SAM)  224x224 74.68
Baseline + ROI + SCP 224x224 76.34

Table 4.5: Ablation study in terms of the effect of different components in our method
on the Okutama dataset. We evaluated ROI, Large Vision Model (SAM), and SCP. The
experiments showed the effectiveness of our proposed methods.

Table 4.5 shows that each component contributes positively, but their effects are not identical.
Adding ROI alignment already improves over the baseline, which is expected because it helps the
model focus on the most relevant region of the frame. Adding the large vision model prompt yields a
further gain, indicating that external semantic priors provide additional useful guidance beyond spa-
tial focusing alone. The best result is achieved by replacing that auxiliary prompt with SCP, which

increases accuracy to 76.34%. This is especially informative because it shows that the main benefit
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does not come merely from providing any extra guidance signal, but from using a learnable and input-
adaptive semantic conditioning mechanism. The component analysis therefore supports the core claim

of this chapter: semantic guidance is most effective when it is both structured and adaptive.

4.5.6 Prompt Expert Analysis

We also analyze the number of prompt experts used in the SCP prompt pool. This experiment
is important because SCP relies on a balance between shared prompt knowledge and input-adaptive

flexibility. The corresponding results are shown in Table 4.6.

Method Frame size Top-1 Acc (%) 1

Baseline 224x224 71.54
Baseline + SCP with 4 Experts ~ 224x224 76.16
Baseline + SCP with 8 Experts ~ 224x224 76.34
Baseline + SCP with 16 Experts =~ 224x224 75.93
Baseline + SCP with 32 Experts ~ 224x224 73.70

Table 4.6: Ablation study in terms of different experts number on the Okutama
dataset. We evaluated various experts number including 4, 8, 16, and 32. From our
experiment, with the expert number of 8 achieved better accuracy.

Table 4.6 shows that a moderate number of prompt experts provides the best trade-off between
flexibility and optimization stability. Increasing the expert number from 4 to 8 yields a small im-
provement, suggesting that a richer prompt pool helps the model encode more diverse shared task
knowledge. However, performance begins to decrease once the number of experts becomes too large.
This trend indicates that an excessively large prompt pool may make the conditional combination
problem harder to optimize and may weaken the stability of the learned semantic guidance. The best
result is achieved with 8 experts, which supports the design choice adopted in the main experiments.
More broadly, this experiment reinforces the idea that SCP works by combining shared prompt struc-

ture with input-adaptive prompt generation; both under-capacity and over-capacity can weaken this
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balance.

4.5.7 Large Vision Model Prompt Analysis

To better understand the behavior of large vision model prompts, we further compare different

input forms used to generate prompts from SAM. The results are shown in Table 4.7.

Method Frame size Top-1 Acc (%) 1
Large Vision Model (SAM) with 1 point 224x224 58.12
Large Vision Model (SAM) with 2 points 224x224 58.02
Large Vision Model (SAM) with 4 points (Line)  224x224 66.30
Large Vision Model (SAM) with bbox point 224x224 74.68

Table 4.7: Ablation study in terms of different inputs for large vision model on the

Okutama dataset. We evaluated various inputs including single point, two points, four

points, and bbox. From our experiment, the large vision model with bbox achieved better

accuracy.

Table 4.7 shows that the quality of externally generated prompts depends strongly on the prompt
input format. Sparse point-based prompts lead to relatively weak performance, while more structured
inputs such as line prompts and especially bounding-box prompts produce much stronger results. This
trend is meaningful because it suggests that large vision model prompts are only as useful as the spatial
guidance used to generate them. Bounding-box-based prompts perform best because they provide
more stable and complete coverage of the actor region, which is especially important in aerial videos
where the foreground is small and ambiguous. This analysis also clarifies the role of large vision

model prompts in this chapter: they provide a valuable source of auxiliary semantic guidance, but

their effectiveness still depends on the quality and stability of the prompting signal.
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Figure 4.5: Visualization. We first detect the interested target and generate the prompts,
then predict the action.

4.5.8 Qualitative Analysis

To further understand how prompt guidance affects recognition, we visualize both the prompt-
guided action recognition process and the outputs produced by large vision model prompts. These
qualitative results are shown in Figures 4.5 and 4.6.

Figure 4.5 illustrates the overall behavior of prompt-guided recognition. The visualization shows
that the framework first identifies the target region, then conditions recognition on the corresponding
prompt, and finally predicts the action. This process helps clarify the role of semantic guidance in
the chapter: the prompt is not simply an auxiliary feature, but an explicit mechanism for directing the
model toward action-relevant evidence before temporal reasoning is applied.

Figure 4.6 further illustrates the behavior of prompts generated from a large vision model. Dif-
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Figure 4.6: Large Vision Model Prompts from the large vision model, no supervision
needed. We visualize the outputs in terms of different prompts, including bbox, line, and
different points. bbox and line have more stable outputs, which means better prompts
result in better outputs.

ferent input prompt types lead to noticeably different outputs, and the more structured prompts, such
as bounding boxes and line-based inputs, produce more stable and complete masks than sparse point
prompts. This is consistent with the quantitative results in Table 4.7. Together, these visualizations
suggest that prompt guidance helps the model focus on action-relevant targets and regions, especially
under challenging aerial viewpoints where the actor is small, visually weak, or partially ambiguous.

Taken together, the analyses in this section provide a more detailed picture of why SCP is ef-
fective. Prompt guidance is useful more generally, but SCP provides the strongest gains because it
learns a structured pool of prompt experts and generates prompts adaptively for each input video. At

the same time, auxiliary prompts derived from optical flow and large vision models reveal a broader
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design space for semantic guidance, suggesting that future work may benefit from combining learned

and externally generated prompts in a more unified framework.

4.6 Discussion

SCP can be understood as a lightweight semantic guidance framework for aerial video under-
standing. Its main significance is therefore not only that it improves recognition accuracy on NEC-
Drone, Okutama-Action, and Something-Something V2, but that it shows how weak and noisy aerial
evidence can be interpreted more reliably when the model is guided by adaptive semantic priors. In this
setting, the challenge is not merely to extract stronger visual features, but to help the model associate
limited and ambiguous visual observations with the correct action semantics.

This perspective helps explain why SCP is a natural complement to the previous two chapters.
Chapter 2 showed that aerial video understanding benefits from making temporal features more stable.
Chapter 3 showed that it also benefits from making temporal inputs more informative. SCP addresses
the remaining step: even when evidence has been better aligned and better selected, the model must
still interpret that evidence correctly. The role of prompt-guided conditioning is precisely to improve
this semantic interpretation process.

The experimental results support this view. The strongest gains appear on more challenging
aerial settings, especially Okutama-Action, where multiple agents, cluttered scenes, and ambiguous
action-relevant regions make semantic interpretation particularly difficult. This suggests that semantic
guidance is most valuable not when evidence is already clean and obvious, but when the recognition
problem is limited by ambiguity in how the available evidence should be understood.

From the perspective of Part I, SCP completes the progression established across the first three
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chapters. MITFAS improves where evidence is aligned, PMI Sampler improves when informative ev-
idence is selected, and SCP improves how that evidence is semantically interpreted. Together, these
chapters show that robust aerial video understanding requires not only stronger spatial-temporal evi-
dence, but also stronger guidance for interpreting that evidence under aerial-specific observation con-
ditions.

More broadly, this chapter suggests that prompt learning can play a useful role beyond standard
vision-language adaptation. In aerial video understanding, prompts act less as generic transfer tools
and more as lightweight semantic controllers that steer the model toward task-relevant interpretation.
This makes SCP a meaningful example of how semantic guidance can become part of representation

refinement rather than simply an auxiliary add-on.

4.7 Limitations

Although SCP improves action recognition across both aerial and ground-view benchmarks, it
still has several limitations.

First, the quality of prompt guidance depends on the quality of the underlying visual evidence.
When the actor is extremely small, heavily occluded, or poorly localized, the prompt may not provide
sufficient semantic support to fully resolve the ambiguity. In such cases, prompt conditioning can
improve interpretation only to the extent that useful visual evidence is still present in the input.

Second, SCP introduces additional design choices that affect performance, including the number
of prompt experts, the prompt type, and the form of auxiliary guidance. As shown in the additional
analysis, the effectiveness of prompt-based conditioning depends on how these components are con-

figured. This means that semantic guidance is helpful, but not entirely plug-and-play; it still requires a
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suitable prompt design for the target setting.

Third, although the framework supports auxiliary prompt forms such as optical flow and large
vision model outputs, these auxiliary prompts are themselves dependent on external preprocessing or
upstream models. Their usefulness therefore depends not only on the recognition task, but also on
the quality and stability of the generated prompt signal. In particular, large vision model prompts can
vary substantially depending on the prompt input format, and may not always provide equally reliable
guidance.

Finally, while SCP improves how the model semantically interprets aerial observations, it does
not directly solve all remaining challenges in aerial video understanding. In particular, it does not ex-
plicitly address longer-horizon activity structure, richer interaction modeling, or cross-domain transfer
beyond the evaluated benchmarks. These limitations suggest that semantic guidance is an important

part of aerial representation refinement, but not the final step.

4.8 Conclusion

In this chapter, we presented SCP [71], a prompt-based semantic guidance framework for aerial
video understanding. By conditioning the recognition model with prompts that encode shared task
knowledge while remaining adaptive to the input video, SCP improves how weak and ambiguous
aerial visual evidence is interpreted. The framework further supports auxiliary prompt forms derived
from optical flow and large vision models, showing that prompt-guided recognition provides a flexible
and effective mechanism for semantic conditioning.

Experimental results on NEC-Drone, Okutama-Action, and Something-Something V2 show that

SCP consistently improves recognition performance across both aerial and non-aerial settings. The
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gains are especially strong in more challenging aerial scenarios, which supports the central claim of
this chapter: after temporal evidence has been better aligned and better selected, recognition can still
benefit substantially from stronger semantic guidance.

From the perspective of Part I, SCP completes the progression developed across the first three
chapters. MITFAS improves temporal consistency, PMI Sampler improves temporal informativeness,
and SCP improves semantic interpretability. Together, these chapters establish the central argument
of Part I: robust aerial video understanding depends on refining not only the spatial-temporal evidence
available to the model, but also how that evidence is semantically interpreted.

With this chapter, Part I concludes by showing that improved aerial video understanding can be
achieved through three complementary forms of representation refinement: alignment, selection, and

semantic guidance.
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Part II

Practical and Scalable Aerial Perception under Real-World Constraints
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Practical aerial perception requires more than strong recognition performance. In real-world
UAV settings, perception models must often operate under limited computation, restricted onboard
resources, and scarce labeled data, making both efficiency and scalability essential. The chapters in
this part study how aerial perception can be designed to remain effective under such constraints. In
particular, we focus on two complementary directions: computation-aware inference and supervision-
efficient learning. Together, these methods improve how aerial perception systems are deployed and

trained in realistic environments where both hardware and annotation budgets are limited.

Chapter 5:  AZTR: Aerial Video Action Recognition with Auto Zoom and Temporal

Reasoning

5.1 Introduction

This chapter begins Part II, which studies practical and scalable aerial perception under real-
world constraints. While Part 1 focused on improving representation quality for aerial video under-
standing, the emphasis of this chapter is different: it asks how aerial perception can remain effective
when computation, preprocessing capability, and deployment resources are limited. In this sense, the
goal is not only to recognize actions accurately, but also to do so in a way that remains compatible
with realistic aerial platforms.

Aerial video action recognition is an important problem in aerial perception, with applications

in surveillance, public safety, search and rescue, human-robot interaction, and autonomous monitoring
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[7,9, 13]. Compared with conventional ground-view video understanding, aerial action recognition is
substantially more challenging because the actor often occupies only a small fraction of the frame, the
background dominates the visual field, actor scale changes with altitude and viewpoint, and camera
ego-motion introduces substantial appearance variation across time [5, 16, 18, 33]. These properties
make it difficult for standard action recognition models to extract robust and discriminative features
directly from full-frame aerial videos.

The problem becomes even more difficult in practical deployment settings. Many strong video
recognition models are designed for desktop GPUs and assume abundant memory, computation, and
support for heavy spatio-temporal processing [2, 23, 27, 28]. In practical aerial systems, however,
inference may need to run on mobile, embedded, or edge hardware with much tighter resource con-
straints. Under such conditions, simply increasing model size or input resolution is often inefficient,
since most of the additional computation is still spent on irrelevant background rather than on action-
relevant foreground content.

These observations motivate a design that is both aerial-specific and deployment-aware. Rather
than processing the entire frame uniformly, it is more effective to first focus computation on the target
actor and then perform temporal reasoning on the resulting target-centered representation in a way that
can adapt to different hardware budgets.

To this end, this chapter presents AZTR [37], short for Auto Zoom and Temporal Reasoning.
AZTR addresses aerial action recognition through two complementary ideas. First, it introduces an
auto zoom mechanism that localizes the target actor, dynamically selects an appropriate crop size,
and rescales the target-centered region to increase the proportion of action-relevant visual information.
Second, it introduces a temporal reasoning module that aggregates target-centered features over time

using computation-aware designs suitable for both edge devices and desktop GPUs. In this way, AZTR
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improves not only recognition accuracy but also deployment practicality.

Figure 5.1 illustrates the main challenge addressed in this chapter. In aerial videos, the actor
often occupies only a small portion of the frame, while background clutter, scale variation, and camera
motion make direct full-frame recognition inefficient. AZTR addresses this challenge through target-
centered spatial adaptation and efficient temporal reasoning. From the perspective of this dissertation,
AZTR serves as an early example of practical aerial perception: it shows that aerial-specific spatial
adaptation and hardware-aware temporal modeling together form an effective foundation for real-
world deployment.

The main contributions of this chapter are as follows:

* We introduce an auto zoom strategy for aerial action recognition that localizes the target actor,

dynamically rescales the crop region, and reduces the dominance of background content.

* We develop a computation-aware temporal reasoning framework that supports different tem-

poral modeling choices on edge devices and desktop GPUs.

* We demonstrate that combining target-centered spatial adaptation with efficient temporal rea-
soning yields strong gains on multiple aerial action recognition benchmarks while preserving

favorable speed-accuracy trade-offs for practical deployment [37].

5.2 Related Work

Since the earlier chapters of this dissertation have already reviewed the broader literature on
conventional action recognition and aerial video understanding, here we focus more narrowly on prior

work most relevant to practical aerial perception under real-world constraints. In particular, this chap-
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Figure 5.1: Overview of the aerial action recognition challenges addressed by AZTR.
In aerial videos, the actor often occupies only a small portion of the frame, while back-
ground clutter, scale variation, and camera motion make direct full-frame recognition in-
efficient. AZTR addresses this problem through target-centered auto zoom and efficient
temporal reasoning.

ter is most closely connected to research on aerial action recognition under deployment limitations, as

well as adaptive spatial focus and efficient temporal modeling.

5.2.1 Aerial Action Recognition under Practical Constraints

Aerial action recognition has attracted increasing attention because of its relevance to surveil-
lance, search and rescue, public safety, and autonomous monitoring [7, 8, 16]. Benchmarks such as
Okutama-Action, Drone Action, MultiViewPoint, and UAV-Human highlight the distinctive difficul-
ties of aerial action understanding, including small actors, cluttered backgrounds, viewpoint variation,
and camera motion [5, 17, 18, 33]. Prior methods have explored aerial-specific modeling, transfer
learning, domain adaptation, and frequency-domain reasoning [6, 46—438].

While these methods improve recognition under aerial viewpoints, many still inherit the basic

processing assumptions of conventional video recognition and do not explicitly address practical de-
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ployment constraints. In particular, they often process the full frame uniformly even though most
pixels correspond to irrelevant background, and they do not directly study how aerial action recog-
nition can remain effective on resource-constrained hardware. AZTR is motivated by this gap and

focuses explicitly on both recognition accuracy and deployment efficiency.

5.2.2 Adaptive Spatial Focus and Efficient Temporal Modeling

The design of AZTR is also related to a broader line of work on adaptive computation and
efficient temporal reasoning in video understanding. Prior methods have studied how to reduce video
redundancy through frame selection, dynamic inference, or lightweight temporal aggregation [2, 3,
43]. These ideas are relevant because aerial videos also contain substantial redundancy, and not all
frames contribute equally to recognition.

However, aerial action recognition introduces an additional spatial inefficiency that is less pro-
nounced in many conventional video settings: the action-relevant actor often occupies only a small
region of the frame, while the rest of the image is dominated by background [5, 18, 34]. This means
that practical aerial perception requires more than efficient temporal modeling alone. It also requires
a way to allocate spatial computation more effectively so that the recognition model focuses on infor-
mative target-centered content rather than uniformly processing the entire frame.

AZTR differs from general video efficiency methods by explicitly combining spatial adapta-
tion through auto zoom with temporal reasoning under a controllable computational budget [37]. In
this sense, the method is not simply an efficient inference strategy, but an aerial-specific recognition
framework that addresses both spatial inefficiency and temporal modeling under practical deployment

constraints.
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5.3 Problem Formulation and Motivation

Consider an input aerial video

V - {Fl,FQ,...,FT},

where each frame F; € R”*W >3 and the task is to predict an action label

yed{l,...,C},

where C' is the number of action categories. In a standard video recognition pipeline, the model learns

a direct mapping

g=rw),

where f is typically implemented using a spatial feature extractor together with a temporal aggregation
module.

This formulation is often inefficient for aerial action recognition. In aerial videos, the actor
frequently occupies only a small fraction of the frame, while the rest of the image is dominated by
background. As a result, applying full-frame recognition uniformly across all spatial locations spends
substantial computation on irrelevant content rather than on the action-relevant foreground. At the
same time, aerial videos still require temporal reasoning, since many actions can only be distinguished
through motion evolution across frames rather than from a single appearance cue.

These two factors create a practical tension. On the one hand, the model should focus more com-

putation on the target-centered region in order to improve spatial efficiency and increase the proportion
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of useful visual evidence. On the other hand, it must still preserve sufficient temporal context to sup-
port reliable action recognition. This tension becomes especially important in real-world deployment,
where inference may need to run on hardware with limited memory, latency, or compute budget.

These observations motivate a recognition framework that is both aerial-specific and deployment-
aware. Rather than processing the full frame uniformly, the model should first adapt its spatial input
to the target actor and then perform temporal reasoning on the resulting target-centered representation
under a controllable computational budget.

This is the motivation behind AZTR. The framework addresses practical aerial action recogni-
tion through two complementary components: auto zoom, which dynamically selects a target-centered
crop and rescales it to emphasize action-relevant content, and temporal reasoning, which aggregates
the resulting features over time using hardware-aware designs suitable for different deployment set-
tings. In this sense, AZTR refines not only what is recognized, but also how computation is allocated

during recognition.

5.4 Method

5.4.1 Overview

Within this dissertation, AZTR is studied as a practical aerial perception framework for ac-
tion recognition under real-world computational constraints. The central goal is not only to improve
recognition accuracy, but also to allocate computation more effectively so that aerial action recognition
remains suitable for deployment on both edge devices and desktop GPUs. Unlike the chapters in Part I,
which primarily refine representation quality for aerial video understanding, this chapter focuses on

how spatial-temporal processing itself can be made more deployment-aware.
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Given an input aerial video

V: {]17127...,17“},

AZTR first transforms the full-frame video into a target-centered sequence through an auto zoom
mechanism, and then applies a temporal reasoning module to infer the action label. This overall

structure can be written as

Q = ftemp(fzoom(v))v

where f,00om(+) denotes the target-centered spatial adaptation stage and ftemp(-) denotes the temporal
reasoning stage.

The framework contains two main components. The first is auto zoom, which localizes the
target actor, dynamically selects a crop size, and rescales the resulting target-centered region so that the
model receives a higher proportion of action-relevant visual information. The second is computation-
aware temporal reasoning, which aggregates target-centered features over time using designs that
can be adjusted to different hardware settings. Figure 5.2 illustrates the overall AZTR pipeline, while

Figures 5.3 and 5.4 detail the two main components.

5.4.2 Auto Zoom

A central difficulty in aerial action recognition is that the target actor often occupies only a very
small portion of the frame. As a result, full-frame processing wastes a large amount of computation on
irrelevant background while providing only a limited amount of actor-centered evidence to the recog-
nition model. To address this issue, AZTR introduces an auto zoom mechanism that automatically
localizes the target actor, crops the relevant region, and rescales it before recognition.

Let b; denote the bounding box associated with the target actor in frame ;. Based on this
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Figure 5.2: Overall pipeline of AZTR. The input aerial video is first processed by the auto
zoom module to produce target-centered spatial crops. These target-centered observations
are then passed to a temporal reasoning module whose form can be adapted to different
deployment settings, enabling practical aerial action recognition under varying computa-
tional budgets.

estimate, AZTR constructs a target-centered region

ft — Z(It7 bt)a

where Z(-) denotes the zooming, cropping, and resizing operation. Unlike a fixed crop, AZTR chooses
the crop size dynamically from a discrete set of candidate resolutions, such as [480, 640, 720, 960,
based on both the raw video resolution and the actor size. The crop is selected so that the actor
occupies approximately 15% to 20% of the cropped region, which provides a good balance between
local detail and surrounding context [37]. After cropping, the selected region is resized to the backbone
input resolution.

This design provides two important benefits. First, it increases the proportion of actor pixels in
the model input, allowing the backbone to focus more directly on the action. For example, the original
study reports that on UAV-Human, a human actor may occupy only about 2% to 5% of the full frame,

whereas after auto zoom the proportion increases to roughly 16% to 22% [37]. Second, because the
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Figure 5.3: Auto zoom module. AZTR localizes the target actor, selects an appropriate
crop region based on actor scale and frame resolution, and resizes the resulting target-
centered crop for feature extraction. This increases the proportion of action-relevant con-
tent while suppressing irrelevant background.

crop follows the target across time, the resulting view partially compensates for UAV motion and keeps

the actor more spatially centered, thereby reducing background-dominated temporal noise.

5.4.3 Sparse Detection and Bounding Box Propagation

To make target-centered processing practical for real deployment, AZTR does not run the de-
tector on every frame. Instead, it computes detections only on a sparse set of key frames, typically
corresponding to only 10% or 20% of all frames [37]. These key frames serve as anchors for target
localization, while the remaining frames use propagated or interpolated boxes.

For initialization, key frames are selected uniformly with a fixed stride. Since the detector may
occasionally produce low-confidence or inaccurate boxes, AZTR first retains only detections with
confidence above a threshold, and then predicts the next key-frame location based on the previous

target trajectory:

Tpyq x4+ (Dy + 0p,) cos(0,—1 + 6p)
_ , (5.1)

Y1 Y + (Dy 4 dp, ) sin(fy—1 + dp)
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where

D, = distance : , op, = Dy — Dy,

and

Ty — Tg—1

0,1 = arctan (M> , g =01 — 0;_5.

The predicted location is then compared with the detector output. If the detector output is miss-
ing or too far from the predicted location, the prediction is used instead. For normal frames between
key frames, the bounding boxes are obtained by linear interpolation. This sparse-detection design
substantially reduces localization cost while preserving sufficiently accurate target-centered crops for

downstream recognition.

5.4.4 Target-Centered Feature Extraction

After auto zoom, each transformed frame I, is processed by a visual backbone:

Ty = ¢(It)7

where ¢(-) denotes the backbone network. For edge deployment, AZTR uses lightweight backbones
such as MoViNet, whereas for higher-capacity desktop settings it uses stronger backbones such as

X3D-M [2, 37, 43]. The resulting feature sequence
X = {ZEl,JZQ, .. ,ZET}

serves as the input to temporal reasoning.
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Because the features are extracted from target-centered regions rather than full frames, the repre-
sentation is less dominated by background appearance and more concentrated on the actor and its local

context. This makes the subsequent temporal modeling both more informative and more efficient.

5.4.5 Computation-Aware Temporal Reasoning

Although auto zoom improves the spatial support of the representation, action recognition still
depends on modeling temporal evolution. AZTR therefore introduces a temporal reasoning module
whose specific form can be adjusted according to the hardware setting.

For edge devices, AZTR uses lightweight temporal reasoning based on (2D + 1D) convolution
and shallow attention mechanisms. The main idea is to extract spatial features frame by frame and then
fuse them temporally with inexpensive 1D temporal operations. This design is suitable for platforms
that do not efficiently support heavy 3D convolution.

For desktop GPUs, AZTR can use stronger temporal modules, including 3D convolution or
deeper attention-based reasoning, to improve recognition performance when computational resources
are less restrictive.

The most flexible formulation in AZTR is the attention-based temporal reasoning module, which

uses both cross-attention and self-attention. Let

XQ c ]RNX]\/[7 XKV c RTXD

denote the query sequence and the input feature sequence, respectively, where 7' is the number of

frames, D is the frame embedding dimension, /V is the number of learned query tokens, and M is the
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query dimension. The projected query, key, and value features are written as

Fo, Fx, Fv = p(Xg), p(Xkv), p(Xkv), (5.2)

where the projection maps the key and value to a controllable dimension S.

The attention weights are then computed as

FoFy
A = softmax , (5.3)

B

and the output is obtained by

7 = AV. (5.4)

Cross-attention is used to map the input frame sequence to a new sequence of controlled size,
while self-attention further models dependencies within the resulting sequence. An important property
of this design is that its complexity is linear in the input temporal dimension 7" and the number of self-
attention layers L, while the projection dimension S provides an explicit handle to trade accuracy for
efficiency [37]. This makes the temporal reasoning stage particularly suitable for practical deployment,

where different platforms may require different computational budgets.

5.5 Experimental Evaluation

In this section, we evaluate AZTR on multiple aerial action recognition benchmarks and ana-
lyze both its recognition performance and deployment efficiency. Since AZTR is motivated by the
practical challenge of running aerial perception under limited computational resources, our evaluation
is designed to answer two questions. First, does target-centered spatial adaptation improve aerial ac-
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Figure 5.4: Computation-aware temporal reasoning in AZTR. After extracting target-
centered per-frame features, the model performs efficient temporal aggregation using
hardware-aware reasoning modules, enabling different accuracy-efficiency trade-offs for
edge and desktop settings.

tion recognition across different datasets and difficulty levels? Second, can AZTR preserve favorable

speed-accuracy trade-offs under realistic deployment constraints?

5.5.1 Datasets

AZTR is evaluated on three aerial action recognition benchmarks that together cover both prac-
tical edge deployment and larger-scale aerial generalization.

RoCoG-v2 contains 99 long aerial videos with 17 action categories. The videos are trimmed
into 5,828 short clips of duration 1-5 seconds, and the original study further obtained 70,124 hu-
man bounding-box annotations in a semi-automatic manner to support localization [37]. In this chap-
ter, RoCoG-v2 mainly serves as the practical edge-deployment benchmark, since it is paired with
lightweight models evaluated on the Qualcomm Robotics RB5 platform.

For UAV-Human and Drone Action, we follow the same datasets introduced earlier in this dis-
sertation. As discussed in previous chapters, UAV-Human is a large-scale aerial-view human behavior

understanding benchmark with substantial viewpoint, scale, and background variation [5], while Drone
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Action is an outdoor aerial action dataset with realistic camera motion and large viewpoint differences
[18]. In this chapter, these two datasets are mainly used to evaluate whether the practical design of
AZTR also remains effective on larger-scale and more diverse aerial recognition benchmarks beyond
the edge-deployment setting.

Taken together, these datasets allow us to evaluate AZTR under both constrained and large-scale
aerial settings, and to assess not only recognition performance but also the practical value of target-

centered computation.

5.5.2 Implementation Settings

AZTR is evaluated under two deployment regimes.

Edge deployment. A lightweight implementation is deployed on the Qualcomm Robotics RB5
platform with a Kryo 585 CPU and Adreno 650 GPU. In this setting, MoViNet serves as the backbone
and the temporal reasoning module uses efficient streaming or (2D + 1D) temporal operations [37].
This setting is particularly important because it reflects the real deployment constraints that motivate
this chapter.

Desktop GPU setting. A higher-capacity implementation is evaluated on NVIDIA RTX A5000
GPUs using X3D-M and stronger temporal reasoning modules. This setting allows us to study whether
the same target-centered design remains beneficial even when the computational budget is less restric-
tive.

This dual-setting evaluation is central to the chapter, since AZTR is intended not only to im-
prove recognition accuracy but also to preserve a favorable speed-accuracy trade-off under realistic

deployment constraints.
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Figure 5.5: Practical deployment setup of AZTR on the Qualcomm Robotics RBS
platform. The system highlights the real-world inference pipeline used for edge deploy-
ment and illustrates that AZTR is designed not only for recognition accuracy but also for
practical on-device operation.

Method Frames Input Size Init. Top-1 Acc (%) 1
MoViNet A0 [43] 8 172 x 172 None 17.8
MoViNet A0 [43] 8 172 x 172 Kinectics 23.4
MoViNet A2 [43] 8 224 x 224 Kinectics 28.1
MoViNet A3 [43] 8 256 x 256 Kinectics 29.0

AZTR (Ours) 8 172 x 172 Kinectics 29.5
MoViNet A0 [43] 20 172 x 172 None 27.5
MoViNet A0 [43] 20 172 x 172 Kinectics 32.8
MoViNet A2 [43] 20 224 x 224 Kinectics 34.1

AZTR (Ours) 20 172 x 172 Kinectics 40.2

Table 5.1: Results on RoCoG-v2. We demonstrate that our approach can improve the
top-1 accuracy by 6.1%-7.4%, outperforms all SOTA methods that can be deployed on the
RBS5 platform.

5.5.3 Main Results

The main quantitative results are shown in Tables 5.1, 5.2, and 5.3. Together, these results eval-
uate AZTR under three complementary perspectives: practical edge deployment on RoCoG-v2, large-
scale aerial generalization on UAV-Human, and high-accuracy outdoor aerial recognition on Drone
Action.

Table 5.1 shows the practical edge-deployment behavior of AZTR on RoCoG-v2. AZTR consis-
tently outperforms lightweight MoViNet baselines in both the 8-frame and 20-frame settings, despite
using only 172 x 172 target-centered inputs. In the 8-frame case, AZTR improves over MoViNet A3
from 29.0% to 29.5%, even though A3 uses a larger input resolution. In the 20-frame case, the gain be-
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Method Backbone  Frames Input Size Init. Top-1 Acc (%) T

X3D-S [2] - 16 224 x 224  None 21.5
X3D-M [2] - 16 224 x 224  None 27.0
X3D-L [2] - 16 224 x 224  None 27.6
FAR [49] X3D-M 16 224 x 224  None 27.6
FAR [49] X3D-M 8 540 x 540  None 28.8
AZTR (Ours) X3D-M 16 224 x 224  None 39.2
13D [23] ResNet-101 8 540 x 960 Kinetics 21.06
X3D-M [2] - 16 224 x 224 Kinetics 30.6
FNet [92] 13D 8 540 x 960 Kinetics 24.39
FAR [49] 13D 8 540 x 960 Kinetics 29.21
FAR [49] X3D-M 16 224 x 224 Kinetics 31.9
FAR [49] X3D-M 8 620 x 620 Kinetics 39.1
AZTR (Ours) X3D-M 16 224 x 224 Kinetics 47.4

Table 5.2: Benchmarking UAV Human and comparisons with prior arts. We compared
with the state-of-the-art methods, which demonstrates an improvement of 8.3% — 10.4%
over SOTA methods. Trained on high-end desktop GPUs.

comes much larger: AZTR reaches 40.2%, improving over MoViNet A2 by 6.1% and over MoViNet
A0 by 7.4%. This is an important result for the chapter because it shows that better spatial allocation
can compensate for, and even outperform, stronger full-frame backbones under strict deployment con-
straints. In other words, AZTR does not simply add complexity; it reallocates computation toward the
actor-centered region in a way that improves recognition efficiency.

Table 5.2 shows that the benefits of AZTR extend well beyond the edge setting. On UAV-Human,
AZTR substantially improves over prior aerial action recognition methods under both training-from-
scratch and Kinetics-initialized settings. Without pretraining, AZTR improves over FAR from 28.8%
to 39.2%, which is a very large gain on a difficult benchmark. With Kinetics initialization, AZTR
reaches 47.4%, outperforming FAR by 8.3% in its strongest reported setting and improving over the
weaker aerial baselines by as much as 10.4%. These gains are especially meaningful because UAV-
Human contains substantial viewpoint variation, background clutter, and scene diversity. The result

therefore suggests that target-centered spatial adaptation is useful not only for deployment efficiency,
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Method Frames  Input Size Init. Top-1 Acc (%) T

HLPF [54] All 1920 x 1080  None 64.36
PCNN [55] - 1920 x 1080  None 75.92
X3D-M [2] 16 224 x 224 Kinetics 83.4
FAR [49] 16 224 x 224 Kinetics 92.7
AZTR (Ours) 16 224 x 224 Kinetics 95.9

Table 5.3: Results on Drone Action. We demonstrate that AZTR improves the state-of-
the-art accuracy by 3.2%, reaching 95.9% on Drone Action. Trained on high-end desktop
GPUs.

but also for improving recognition robustness at scale.

Table 5.3 shows that AZTR also achieves very strong performance on Drone Action, reaching
95.9% Top-1 accuracy and improving over FAR by 3.2%. Since Drone Action is an outdoor aerial
benchmark with relatively small actor regions and significant viewpoint differences, this result further
supports the chapter’s central claim: focusing computation on the action-relevant target while preserv-
ing efficient temporal reasoning improves aerial action recognition across different environments and
dataset scales.

Taken together, the results in Tables 5.1-5.3 show that AZTR is effective across both practical
edge deployment and stronger desktop-GPU settings. More importantly, the gains are consistent across
datasets with different scales and difficulties, which suggests that AZTR captures a general principle of
practical aerial perception: spatially reallocating computation toward the actor is often more valuable

than uniformly scaling up full-frame processing.

5.5.4 Deployment Efficiency and Platform Analysis

Since AZTR is designed for practical aerial perception under real-world constraints, it is also im-
portant to evaluate its deployment efficiency across different platforms. Tables 5.4 and 5.5 summarize

the platform support analysis and the measured inference speed on RB5 CPU.
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Platforms C3D MP3D AP3D DC3D

TL (CPU)[93] v

TL + NNAPI (CPU/GPU/DSP)[93] X
Tensorflow + MNN (CPU/GPU)[93][94]
TL + MNNJ[93][94] X

X N X X
X N X X
X X X X

Table 5.4: Supported operations on different platforms 3D operators are not well sup-
ported on most edge devices or processors, as highlighted here. Therefore, we use 2D+1
conv and an efficient attention mechanism on the RB5 platform. TL: Tensorflow Lite,
C3D: Conv3D, MP3D: MaxPooling 3D, AP3D: AveragePooling 3D, DC3D: Depthwise

Conv3D
Method Input Size Inference Time per frame
MoViNet AO [43] 172 x 172 33.2 ms
MoViNet A2 [43] 224 x 224 106.4 ms
MoViNet A3 [43] 256 x 256 124.0 ms
AZTR (Ours) 172 x 172 56.5 ms

Table 5.5: Inference Time on RB5 CPU. Our method takes 56.5 ms for inference on one
frame (on average) which is 2 times faster than MoViNet A3 on the RBS5, and also results
in improvement on top-1 accuracy, see Table 5.1.

Table 5.4 highlights an important systems-level motivation for AZTR. Many 3D video operators
are not well supported on typical edge-device software stacks, especially when deployment involves
mobile processors and lightweight runtimes. This limitation means that strong conventional video
models cannot always be transferred directly to practical aerial systems. AZTR addresses this issue
by using more deployment-friendly temporal operations, such as 2D + 1D convolution and efficient
attention, rather than relying on heavy 3D operators that may be poorly supported in practice.

Table 5.5 further shows that AZTR preserves a favorable speed-accuracy trade-off on the RB5
platform. Although AZTR is slower than the smallest MoViNet A0 baseline, it remains approximately
2x faster than MoViNet A3 while also achieving higher Top-1 accuracy, as shown in Table 5.1.
This comparison is especially important because it shows that AZTR is not simply accurate or simply

efficient in isolation; rather, it occupies a more favorable operating point in the deployment trade-off
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Figure 5.6: Qualitative visualization of AZTR. Compared with full-frame processing,
the proposed auto zoom strategy allocates more visual emphasis to the actor and provides
a cleaner target-centered representation for downstream temporal reasoning.

space. In practical terms, this means that AZTR is better aligned with real-world aerial perception
needs, where recognition quality must be balanced against limited on-device computation.

Figure 5.5 complements these results by illustrating the actual ROS2-based deployment pipeline
on RB5. Together, the platform analysis and the measured inference speed show that AZTR is not
merely a recognition method evaluated on offline benchmarks, but a framework explicitly designed for

realistic edge deployment.

5.5.5 Qualitative Analysis

Figure 5.6 illustrates the qualitative behavior of AZTR. Compared with full-frame processing,

the auto zoom strategy produces a target-centered representation that better preserves action-relevant
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visual evidence while suppressing irrelevant background clutter. This visual difference is important
because it explains why AZTR improves both accuracy and efficiency: the model spends more of its
representational and computational budget on the actor rather than on the surrounding scene. The
qualitative evidence therefore supports the same conclusion as the quantitative results, namely that

practical aerial perception benefits substantially from target-centered spatial adaptation.

5.6 Discussion

AZTR can be understood as a target-centered and deployment-aware spatial-temporal frame-
work for aerial video understanding. Its main significance is therefore not only that it improves action
recognition accuracy, but that it shows how aerial perception can be redesigned so that computation
is allocated more effectively under real-world deployment constraints. In this setting, the challenge is
not simply to build a stronger recognizer, but to ensure that the limited computational budget available
on practical aerial platforms is spent on the most informative visual content.

This perspective helps explain why AZTR differs from the methods in Part I. The earlier chapters
focused primarily on improving representation quality: MITFAS improved temporal consistency, PMI
Sampler improved temporal informativeness, and SCP improved semantic interpretability. By contrast,
AZTR addresses a different but equally important question: how should spatial-temporal computation
itself be organized when aerial perception must run under realistic hardware constraints? The answer
proposed in this chapter is that practical aerial recognition should first reallocate spatial computation
toward the target actor and then perform temporal reasoning in a form that can adapt to different
deployment platforms.

The experimental results support this interpretation. On RoCoG-v2, AZTR improves recognition
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while remaining practical for RB5 deployment, showing that target-centered spatial adaptation can
outperform stronger full-frame baselines even under strict edge-device constraints. On UAV-Human
and Drone Action, the same design also yields substantial gains at larger scale, which suggests that the
benefit of target-centered computation is not limited to one deployment setting or one dataset. In this
sense, AZTR captures a broader principle of practical aerial perception: spatially focusing computation
on the actor is often more valuable than uniformly increasing model capacity over the whole frame.

From the perspective of Part II, this chapter plays an important opening role. It marks the shift
from improving aerial representations under idealized training settings to designing aerial perception
systems that remain effective under limited memory, latency, and compute. AZTR therefore estab-
lishes a central theme of the second part of the dissertation: robust aerial perception in the real world
depends not only on recognition quality, but also on computation-aware design choices that make
deployment feasible.

More broadly, the chapter suggests that practical aerial perception requires jointly considering
what information is most relevant and where computation should be spent. In aerial videos, these
two questions are tightly coupled because the actor is small and the background dominates the frame.
AZTR shows that explicitly addressing this coupling leads to better operating points in the accuracy-

efficiency trade-off space, which is likely to remain important for future UAV perception systems.

5.7 Limitations

Although AZTR improves aerial action recognition under practical deployment constraints, it
still has several limitations.

First, the framework depends on successful target localization. If the actor is poorly detected,
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heavily occluded, or ambiguously separated from nearby people, the auto zoom stage may provide an
inaccurate target-centered crop, which can reduce the benefit of the downstream temporal reasoning
module.

Second, AZTR is primarily designed for target-centered single-actor recognition. In more com-
plex aerial scenes with multiple interacting people or overlapping activities, a single target-centered
crop may be insufficient to capture all action-relevant context.

Third, while AZTR improves the speed-accuracy trade-off, it does not eliminate the broader
challenge of adapting aerial perception models across different hardware, sensing conditions, and
deployment domains. In particular, the best temporal reasoning configuration may still vary across
platforms and resource budgets.

These limitations suggest that practical aerial perception benefits from target-centered spatial
adaptation, but that more flexible multi-actor reasoning and broader deployment generalization remain

important directions for future work.

5.8 Conclusion

In this chapter, we presented AZTR [37], a practical aerial action recognition framework that
combines target-centered auto zoom with computation-aware temporal reasoning. By reallocating
computation toward the actor and reducing the dominance of irrelevant background, AZTR improves
both recognition accuracy and deployment efficiency across multiple aerial benchmarks.

Experimental results on RoCoG-v2, UAV-Human, and Drone Action show that AZTR achieves
strong gains under both edge-device and desktop-GPU settings. These results support the central claim

of this chapter: practical aerial perception is not only a matter of making models smaller or faster, but
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of redesigning spatial-temporal processing so that computation is directed toward the most informative
evidence under real-world constraints.

From the perspective of Part II, AZTR serves as the opening chapter by establishing a key princi-
ple for practical and scalable aerial perception: aerial-specific spatial adaptation and hardware-aware
temporal modeling are both necessary for effective real-world deployment. This chapter therefore
marks the transition from representation refinement in Part I to deployment-aware aerial perception

under realistic operating conditions.
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Chapter 6: FALCON: Future-Aware Object-Centric Self-Supervised Learning for

Aerial Action Recognition

6.1 Introduction

This chapter continues Part II, which studies practical and scalable aerial perception under real-
world constraints. While Chapter 5 addressed the inference side of this problem by improving de-
ployment efficiency through target-centered spatial adaptation and hardware-aware temporal reason-
ing, this chapter addresses a complementary challenge on the learning side: how can we learn ef-
fective aerial action representations when labeled aerial videos are limited and expensive to curate?
[5, 16, 18, 37]

Aerial action recognition is a fundamental capability for aerial perception, with applications in
surveillance, search and rescue, intent estimation, and human-robot collaboration [7-9]. Compared
with conventional ground-view videos, aerial footage presents a substantially more difficult learning
problem [5, 16, 18, 33]. Human actors and manipulated objects are often extremely small, large clut-
tered backgrounds dominate the field of view, and camera ego-motion introduces substantial appear-
ance variation across time [5, 18, 33]. As a result, action-relevant evidence is both weak and spatially
sparse, making it easy for a model to overfit to background statistics while under-emphasizing the

subtle human- and object-centric cues that actually determine the action label [5, 16, 34].
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The supervision problem further amplifies this difficulty. Large-scale labeled aerial datasets re-
main much smaller than their ground-view counterparts, and obtaining dense annotations for aerial
videos is costly [5, 16, 18]. This makes self-supervised learning especially attractive for aerial ac-
tion recognition [25, 29, 95-97]. Among existing self-supervised paradigms, masked autoencoding
has emerged as a strong pretraining strategy for videos because it learns spatial-temporal representa-
tions by reconstructing masked content from visible context [29, 97-101]. However, standard masked
autoencoding is not well aligned with the visual structure of aerial videos [5, 18, 102]. Under se-
vere background dominance, random masking and uniform reconstruction often allow the pretraining
objective to be solved primarily through background appearance and scene layout, while the most
action-relevant human and object regions remain under-represented in both the visible set and the
reconstruction target [102—-106].

A second mismatch arises in the temporal domain. Conventional masked reconstruction mainly
focuses on recovering missing content within the observed clip, which can often be solved through
short-range appearance continuity [29, 97, 99]. For aerial action recognition, however, discrimina-
tive cues often depend on how human- and object-centric regions evolve over time [5, 18, 107, 108].
Naively extending reconstruction to entire future frames is not an ideal solution, since full-frame fu-
ture prediction can again be dominated by ego-motion and cluttered background change rather than by
action-relevant motion [5, 33, 102, 109].

These observations suggest that effective self-supervised learning for aerial action recognition
should satisfy three requirements [102]. First, it should preserve sufficient visibility of action-carrying
regions under masking [102-104]. Second, it should allocate reconstruction supervision toward those
regions rather than uniformly across the frame [102, 105, 106]. Third, it should provide stronger
temporal supervision by modeling how object-centric motion evolves into the future, while avoiding
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background-dominated future prediction [102, 107-109].

To this end, this chapter presents FALCON, an aerial-tailored self-supervised pretraining objec-
tive that is both object-aware and future-aware [102]. FALCON uses off-the-shelf object cues only
during pretraining to mitigate background-dominated learning and introduces an object-centric dual-
horizon future reconstruction objective to encourage anticipatory motion understanding [102]. Im-
portantly, these object cues are used only to instantiate pretraining priors: no detector input, bounding
boxes, or additional preprocessing are required during downstream fine-tuning or inference [102]. This
makes FALCON practical not only as an aerial-specific pretraining strategy, but also as a deployment-
friendly action recognition framework [37, 102].

Figure 6.1 illustrates the central challenge addressed in this chapter. In aerial videos, action-
relevant humans and objects occupy only a small portion of the frame, while standard reconstruction-
based pretraining can be dominated by background content [5, 18, 102]. FALCON addresses this
problem by using object-aware masking and loss design together with future-aware supervision that is
focused on object-centric motion evolution [102].

From the perspective of this dissertation, FALCON complements AZTR by addressing a differ-
ent aspect of practical aerial perception. Whereas AZTR improves how inference-time computation
is allocated, FALCON improves how representations are learned when dense supervision is limited
[37, 102]. Together, these chapters show that practical aerial perception depends on both efficient
inference and supervision-efficient representation learning.

The main contributions of this chapter are as follows:

* We identify two key aerial-specific objective mismatches in masked video pretraining: background-

dominated reconstruction learning and weak supervision for object-centric motion evolution
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[102].

* We introduce object-aware masked reconstruction, which uses objectness priors to balance
token visibility and reallocate reconstruction supervision toward action-relevant regions in ob-

served clips [102].

* We propose an object-centric dual-horizon future reconstruction objective that models both
short- and long-horizon motion evolution using future supervision restricted to object-centric

regions [102].

* We show that FALCON consistently improves aerial action recognition on NEC-Drone and
UAV-Human, while also generalizing to standard transfer benchmarks and preserving efficient

RGB-only inference without detector overhead at test time [102].

6.2 Related Work

Since the earlier chapters of this dissertation have already reviewed the broader literature on
action recognition and aerial video understanding, here we focus more narrowly on prior work most
directly related to self-supervised video pretraining and supervision designs that emphasize action-

relevant spatial-temporal structure.

6.2.1 Self-Supervised Video Pretraining

Self-supervised learning has become an important direction for video representation learning
because it reduces dependence on large-scale manual annotation while still producing transferable

spatial-temporal features. Early work explored contrastive and predictive objectives for learning video
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Figure 6.1: Overview of FALCON. Stage 1 (Pre-training): Given unlabeled UAV
videos, we use off-the-shelf detections only during pretraining to instantiate objectness
cues and optimize an object-aware masked reconstruction objective together with object-
centric dual-horizon future reconstruction. Stage 2 (Fine-tuning & Inference): The pre-
trained model is transferred to UAV action recognition using labeled videos, and inference
is performed end-to-end from raw RGB without detectors or region processing.
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representations from unlabeled data [107, 108]. More recently, masked pretraining has emerged as
a particularly strong paradigm for visual and video representation learning [29, 97-101]. The cen-
tral idea is to reconstruct masked content or predict masked features from visible context, thereby
encouraging the encoder to learn informative spatial-temporal representations directly from video.
These methods have shown strong performance on conventional video benchmarks, but most of
them treat reconstruction supervision in a relatively uniform manner across the frame [29, 97, 100].
In many standard video settings, this is reasonable because foreground objects occupy a substantial
fraction of the image and the visual signal is relatively balanced. In aerial videos, however, the actor
and manipulated objects are often spatially sparse, while large cluttered backgrounds dominate the
frame [5, 16, 18, 33]. Under such conditions, standard masked reconstruction can be solved too easily
through background appearance and scene layout, weakening the learning signal associated with the
human- and object-centric regions that actually determine the action label. FALCON is motivated
by this mismatch and studies how masked video pretraining should be modified to better match the

structure of aerial footage.

6.2.2 Object-Aware and Future-Aware Learning

A related line of work has explored how auxiliary structure, such as object-centric supervision,
region-aware learning, or future prediction, can improve visual representation learning. Object-aware
approaches encourage the model to focus on semantically meaningful regions rather than treating all
patches equally [104—106, 109]. This idea is especially relevant to aerial videos, where action-relevant
humans and objects occupy only a small part of the frame and can otherwise be overwhelmed by

background-dominated learning.
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Future-aware learning provides another important source of supervision, since many actions
can only be understood by modeling how motion evolves over time rather than by reconstructing
appearance within the observed clip alone [107, 108]. However, in aerial settings, naively predicting
the future of the whole frame is problematic because full-frame future change is often dominated by
ego-motion and cluttered background variation rather than by object-centric action evolution [5, 18,
33]. This means that future supervision must also be structured in a more targeted way.

FALCON differs from prior self-supervised video learning methods by combining these two
ideas in an aerial-specific manner [102]. It uses objectness priors only during pretraining to guide
both masking and reconstruction supervision, and it introduces an object-centric dual-horizon future
reconstruction objective to strengthen temporal learning without requiring detector input during down-
stream fine-tuning or inference. In this sense, FALCON is not simply another masked video pretraining
method, but a self-supervised learning framework designed to better match the spatial and temporal

structure of aerial videos.

6.3 Problem Formulation and Motivation

Consider an input aerial video

V - {Fl,FQ,...,FT},

where each frame F, € R¥>*Wx3 and the task is to predict an action label

ye{l,...,C}.
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In a standard video recognition pipeline, a model learns a mapping

where f is typically initialized either from supervised pretraining or from a generic self-supervised
video representation learner.

In this chapter, we are particularly interested in the self-supervised setting, where the encoder is
first pretrained by reconstructing masked video content and is then fine-tuned for downstream action

recognition. Let the observed clip be denoted by

VO - {Fl,FQ, e ,FTO},

and let the future clip be

Vf - {FTO+17 cee 7FT}-

A standard masked video pretraining objective learns a representation by reconstructing masked con-
tent in the observed video, and in some cases may be extended to future prediction. Although this
formulation is effective for conventional videos, it is not well aligned with the structure of aerial action
data.

The first mismatch is background-dominated reconstruction. In aerial videos, the actor and
manipulated objects often occupy only a very small portion of the frame, while most visible tokens
correspond to background. Under random masking and uniform reconstruction, the pretraining objec-
tive can often be solved primarily through background appearance and scene layout, even though these

regions contribute relatively little to the action semantics. As a result, the learned representation may
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under-emphasize the small human- and object-centric regions that are most relevant for downstream
aerial action recognition.

The second mismatch is weak supervision for object-centric motion evolution. Conventional
masked reconstruction mainly focuses on recovering missing content within the observed clip, which
can often be solved through local appearance continuity. However, aerial action recognition frequently
depends on how human- and object-centric regions evolve over time. A naive future-prediction ob-
jective over the whole frame is not an ideal solution, because future change in aerial videos is often
dominated by ego-motion and cluttered background variation rather than by the action itself. What is
needed is not simply more future prediction, but future supervision that is concentrated on the regions
most likely to carry action-relevant motion.

These observations suggest that effective self-supervised learning for aerial action recognition
should satisfy two requirements. First, it should preserve and emphasize action-relevant human and
object regions during masked reconstruction. Second, it should provide stronger temporal supervision
by modeling future motion evolution in an object-centric manner rather than through full-frame future
reconstruction.

These requirements motivate an aerial-tailored pretraining framework that is both object-aware
and future-aware. Rather than treating all spatial regions and temporal targets uniformly, such a frame-
work should emphasize action-relevant human and object regions during reconstruction and strengthen
temporal supervision through object-centric motion evolution. This is the central motivation behind

FALCON, whose design is presented in the next section.
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6.4 Method

6.4.1 Overview

Within this dissertation, FALCON is studied as a supervision-efficient pretraining framework for
aerial action recognition. The central goal is to improve how representations are learned from aerial
videos when dense manual annotation is limited and expensive to obtain. Unlike Chapter 5, which
focuses on practical inference through target-centered spatial adaptation and hardware-aware temporal
reasoning, this chapter focuses on improving the pretraining objective itself so that self-supervised
learning is better matched to the structure of aerial videos.

FALCON follows an object-aware and future-aware self-supervised learning framework. As
illustrated in Figure 6.2, the method first performs object-aware masked reconstruction on the observed
clip, where objectness cues are used both to balance token visibility under masking and to allocate
reconstruction supervision toward action-relevant regions. It then introduces an object-centric dual-
horizon future reconstruction objective on the future clip to strengthen temporal learning beyond the
observed frames.

The rest of this section is organized as follows. We first describe the overall pretraining for-
mulation, then present object-aware reconstruction on the observed clip, followed by the proposed

object-centric dual-horizon future reconstruction objective.
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Figure 6.2: FALCON pipeline. Given a UAV clip, we split it into observed and future
frames. Pretraining-time detections instantiate an observed object-aware prior (H° —
S — M?) to enable stratified masking and object-centric supervision for observed recon-
struction, and a future contextual prior (H? — RS — W) that restricts where dual-horizon
future reconstruction is supervised. An MAE encoder—decoder reconstructs observed to-
kens and fully masked future tokens with short/long losses and a horizon-consistency reg-
ularizer, optimized by Lraicon = Lobs + Lshort + Liong + Leons-

6.4.2 Overall Pretraining Formulation

Let the input clip be decomposed as

VvV ={ve, v/,

where V0 € RTxCXHXW denotes the observed clip and V/ € RTr*CxH>xW denotes the future clip.
FALCON uses an asymmetric encoder—decoder architecture for self-supervised pretraining. The pre-
trained encoder is then transferred to downstream action recognition.

The pretraining objective contains two complementary parts. On the observed clip, FALCON
performs object-aware masked reconstruction, using objectness cues to address the spatial imbal-
ance between small action-relevant regions and dominant background content. On the future clip,
it performs object-centric dual-horizon future reconstruction, using future supervision restricted to a

contextual object-motion region. Importantly, the object cues are used only during pretraining to in-
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stantiate masking and supervision priors; no detector input is required during downstream fine-tuning

or inference.

6.4.3 Object-Aware Reconstruction on Observed Frames

FALCON pretrains on the observed clip VV° with an object-aware masked reconstruction ob-
jective. The key idea is to couple foken visibility under masking with supervision allocation during
reconstruction under a shared objectness prior. This is essential in aerial videos, where foreground

humans and objects are extremely sparse relative to the background.

6.4.3.1 Objectness Prior

Given off-the-shelf detections on observed frames, denoted as

_{{bt’b ztl t= 1?

we construct a pixel-level objectness heatmap by Gaussian aggregation:

To mt Ci 2+ _ Ci 2
Ho( Z ZGXP( — Ly ) 202(3/ Yt, ) ) ’ 6.1)

Otlzl

where (¢, yf;) is the center of bounding box b;;. Projecting H° to the patch grid yields patch-wise
objectness scores

= {So} (6.2)

]1’ h

This objectness prior provides a soft estimate of which spatial regions are more likely to contain

action-relevant human or object evidence.
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6.4.3.2 Balanced Object-Aware Masking

Aerial videos suffer from severe foreground—background imbalance. If masked autoencoding
uses semantics-agnostic random masking, then the visible token set can easily be dominated by back-
ground patches, leaving insufficient action-relevant evidence for the encoder.

To address this issue, FALCON introduces a balanced object-aware masking strategy based on
stratified token visibility. Specifically, patches are first sorted by their objectness score S7 and parti-
tioned into equal-length bins corresponding to objectness quantiles. Visible tokens are then selected
so as to cover the full score range by sampling one visible patch from each bin. The resulting spatial
mask pattern is replicated across time to form the observed mask M°.

This design has two desirable effects. First, it prevents small human- and object-centric re-
gions from being systematically excluded from the visible set. Second, it still preserves contextual
background cues rather than over-collapsing visibility onto foreground only. In this way, the encoder
receives a more balanced mixture of foreground evidence and context, which is especially important

under the extreme spatial imbalance of aerial videos. Figure 6.3 illustrates this masking process.

6.4.3.3 Object-Centric Reconstruction Loss

Balancing visibility alone is not sufficient if the reconstruction loss is still dominated by back-
ground regions. FALCON therefore also reallocates reconstruction supervision according to the same
objectness prior.

Let K™ denote the masked observed tokens and let V° be the decoder predictions. The
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Figure 6.3: Object-aware masking via stratified bin sampling. Detections are aggre-
gated into an objectness heatmap H° and projected to a patch score map S°. Patches are
sorted by S° and partitioned into equal-length bins; we sample one visible patch per bin
to form a balanced mask M°, ensuring coverage of both action-relevant (high-score) and

contextual (low-score) regions.
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observed-frame reconstruction loss is defined as

Lope= Y @iV —Vel3, (6.3)
(L'eKin'u,o
- SY + 1
w; = L - , (6.4)
ZjeKmUﬂo(Sj + 1)

where p is the mean objectness score.

The additive p provides a background floor that avoids zero-weight tokens and stabilizes op-
timization, while still prioritizing action-relevant regions through the normalized objectness scores.
Overall, the observed-clip branch mitigates UAV background dominance by jointly shaping the input
evidence through balanced masking and the learning signal through object-centric supervision alloca-

tion.

6.4.4 Object-Centric Dual-Horizon Future Reconstruction

Beyond observed-clip reconstruction, FALCON introduces a future-aware objective to explicitly
learn motion evolution. Let

vIi={vsvh,

where V* and V! denote short- and long-horizon future clips, respectively. All future tokens are
masked and reconstructed from observed context, while supervision is restricted to an object-centric

region in order to reduce ego-motion- and background-dominated learning.
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6.4.4.1 Future Supervision Region

We compute a future objectness heatmap H7 in the same manner as Eq. (6.1), using pretraining-

time detections on future frames. From this heatmap, we form a high-response support set

Q= {(z,y) | H (z,y) > ymax(H')}, (6.5)

compute its bounding rectangle, and dilate it by a fixed margin to obtain a contextual block:

R’ = Dilate(BBox(Q),m), (6.6)

where Dilate(-, m) expands the rectangle by m patch units along each spatial direction. Projecting R/

to the patch grid yields a future-region weight map

W = {w 1. (6.7)

Compared with the token-level objectness scores S° used on the observed clip, the future super-
vision region R/ defines a broader contextual object-motion block. This is important because future

motion often depends not only on the object itself, but also on its immediate local context.

6.4.4.2 Dual-Horizon Reconstruction Objective

Let K% and K! denote the masked token sets for the short- and long-horizon future clips,

respectively. Using normalized weights derived from W/, FALCON defines two horizon-specific
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losses:

‘Cshort = Z wlf HV; - ‘7Z|’§7 (68)
Z’eKinv,s

Ling= > @ |Vi=Vil3, 6.9)
Z’eK'an,l

f

where @] is normalized from W/,

To encourage temporal coherence across horizons, FALCON further applies a consistency loss:

Econs = HES - Zl”%; (610)

where z* and z' denote the mean decoder-predicted token features over the short- and long-horizon
futures, respectively, averaged over spatial tokens within the future supervision region.

This dual-horizon design is important because the two horizons capture complementary aspects
of action dynamics. The short horizon emphasizes local motion continuity, whereas the long horizon
encourages more anticipatory temporal reasoning. By restricting both objectives to object-centric re-
gions, FALCON strengthens temporal supervision without allowing future prediction to be dominated

by full-frame background change.

6.4.5 Unified Objective

The full pretraining objective is

L= Eobs + Eshort + Elong + ['cons- (6 1 1)
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This formulation directly addresses the two mismatches identified in the previous section. The
observed-clip branch mitigates background-dominated reconstruction learning, while the future branch
strengthens supervision for object-centric motion evolution. Importantly, object cues are required only
during pretraining to instantiate the masking and supervision priors. During downstream fine-tuning

and inference, the model operates on RGB video alone.

6.5 Experimental Evaluation

In this section, we evaluate FALCON on both aerial action recognition benchmarks and stan-
dard transfer benchmarks in order to assess three questions. First, does aerial-tailored self-supervised
pretraining improve downstream aerial action recognition? Second, do the learned representations
transfer across datasets with different aerial biases and capture conditions? Third, does FALCON

preserve practical inference efficiency by avoiding detector overhead at test time?

6.5.1 Datasets and Evaluation Setting

We evaluate FALCON on two aerial action recognition benchmarks and two standard transfer
benchmarks.

For NEC-Drone and UAV-Human, we follow the same datasets introduced earlier in this disser-
tation. As discussed in previous chapters, NEC-Drone is a controlled aerial action benchmark with
relatively small actors and indoor aerial viewpoints, while UAV-Human is a much larger and more di-
verse aerial-view human behavior understanding benchmark with substantial viewpoint, background,
and illumination variation [5, 6]. In this chapter, these two datasets are used to evaluate whether

aerial-tailored self-supervised pretraining improves downstream aerial action recognition under both
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controlled and large-scale conditions.

To assess broader transferability, we further evaluate FALCON on UCF101 [69] and HMDBS51
[70]. These two standard video action benchmarks are used here not as the primary target domain,
but as transfer datasets for evaluating whether the representations learned by FALCON remain useful
beyond aerial footage.

Unless otherwise specified, FALCON follows the original pretraining setting in which object
cues are used only during pretraining to instantiate masking and supervision priors, while downstream
fine-tuning and inference use only RGB inputs. This distinction is important because it allows us to
evaluate not only recognition accuracy, but also whether the learned representations remain practical

for deployment.

6.5.2 Implementation Details

Following the original FALCON setting, we pretrain the model with masked video reconstruc-
tion on aerial data and then fine-tune on downstream action recognition tasks. Unless otherwise spec-
ified, the default configuration uses a ViT-B or ViT-L backbone with 16-frame inputs at resolution
224 x 224, itialized from Kinetics-400 pretraining. The observed and future segments are jointly
used during self-supervised pretraining, while only RGB inputs are required during downstream fine-
tuning and inference. Object cues are used only to construct pretraining priors and are not required at

test time.

6.5.3 Main Results on Aerial Benchmarks

The main aerial action recognition results are shown in Table 6.1.
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NEC-Drone UAV-Human

Method Backbone Extra data Input Size Frames GFLOPs Params. Top-1 Acc (%) 1 Top-1 Acc (%)
supervised
FAR [48] X3D-M K400 540 x 960 8 65 4M 71.4 38.6
DiffFAR [49] X3D-M K400 540 x 960 8 130 4M 80.7 41.9
AZTR [37] X3D-M K400 224 x 224 16 7 4AM - 474
MITFAS|[38] X3D-M K400 224 x 224 16 7 4M 78.6 50.8
PMI Sampler [39] X3D-M K400 224 x 224 16 7 4M 62.5 55.0
MVIT vl [45] MViT-B K400 224 x 224 16 71 3™ 34.6 24.3
ViViT FE [27] ViT-B IN-21K 224 x 224 16 284 116M 38.4 34.1
TimesFormer [28] ViT-B K400 224 x 224 8 196 131M 40.5 38.4
MotionFormer [110]  VIT-B IN21K + K400 224 x 224 8 370 109M 73.6 50.4
self-supervised
ST-MAE [30] ViT-B K400 224 x 224 16 180 87M - 45.1
VideoMAE [29] ViT-B K400 224 x 224 16 180 87M 82.5 62.1
MVD [111] ViT-B  IN21K + K400 224 x 224 16 180 87M 77.6 60.5
SiamMAE [112] ViT-B K400 224 x 224 16 180 87M 76.4 60.1
FALCON(Ours) ViT-B K400 224 x 224 16 180 87M 85.4 67.9
VideoMAE [29] ViT-L K400 224 x 224 16 597 305M 88.4 71.5
VideoMAE v2 [83] ViT-G K400 224 x 224 16 5100 632M 82.2 61.1
FALCON(Ours) ViT-L K400 224 x 224 16 597 305M 91.0 774

Table 6.1: Results on NEC-Drone and UAV-Human. FALCON sets new state of the art,
improving over VideoMAE by +2.9%/+5.8% (ViT-B) and +2.6%/+5.9% (ViT-L) top-1 on
NEC-Drone/UAV-Human.

Table 6.1 shows that FALCON consistently improves over prior self-supervised video pretrain-
ing methods on both NEC-Drone and UAV-Human. With a ViT-B backbone, FALCON improves over
VideoMAE by +2.9% on NEC-Drone and +5.8% on UAV-Human. With a ViT-L backbone, the gains
remain strong, reaching +2.6% on NEC-Drone and +5.9% on UAV-Human. These results are espe-
cially important because they show that aerial-tailored pretraining objectives remain beneficial even
when starting from strong masked autoencoding baselines.

The larger gain on UAV-Human is particularly meaningful. Compared with NEC-Drone, UAV-
Human is more diverse and contains stronger variation in background, illumination, and scene scale.
The fact that FALCON yields even larger improvements there suggests that its object-aware and future-
aware design is especially helpful when the foreground is weaker and the action signal is more eas-
ily overwhelmed by nuisance variation. This directly supports the main claim of the chapter: self-
supervised pretraining for aerial videos should not treat foreground and background uniformly, since

standard reconstruction objectives otherwise under-emphasize the most action-relevant regions.
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UCF101 HMDB51

Method Backbone Extra data Param (M) Top-1 Acc (%) + Top-1 Acc (%) |
Vi2CLR [95] S3D K400 9 89.1 55.7
CORP [113] Slow-R50 K400 32 93.5 68.0
CVRL [24] Slow-R50 K400 32 92.9 67.9
CVRL [24] Slow-R152 K600 328 94.4 70.6
pBYOL [25] Slow-R50 K400 32 94.2 72.1
VIMPAC [114] ViT-L HowTo100M 307 92.7 65.9
MVD [111] ViT-B IN-1K + K400 87 97.0 76.4
VideoMAE [29] ViT-B K400 87 96.1 73.3
FALCON (Ours) ViT-B K400 87 97.0 76.6

Table 6.2: Results on UCF101 and HMDBS1. FALCON improves over VideoMAE by
+0.9% on UCF101 and +3.3% on HMDB51.

6.5.4 Transfer to Standard Action Recognition Benchmarks

To evaluate whether the learned representation remains useful beyond aerial action recognition,
we next report transfer results on UCF101 and HMDBS51, shown in Table 6.2.

Table 6.2 shows that FALCON also improves over the corresponding VideoMAE baseline on
standard transfer benchmarks. The gains are modest on UCF101 and clearer on HMDBS51, which is
consistent with the fact that HMDBS5]1 is generally more challenging and benefits more from stronger
pretrained representations. These results indicate that FALCON does not simply overfit to aerial-
specific data statistics. Instead, object-aware and future-aware pretraining appears to improve the
quality of the learned visual-temporal representation in a way that remains transferable to broader
action recognition settings.

This transfer behavior is important from a thesis perspective. Although FALCON is motivated by
aerial action recognition, its benefits are not restricted to one narrow aerial domain. Rather, the method
demonstrates that pretraining objectives designed around foreground relevance and motion evolution

can improve downstream performance even when the target benchmark is more conventional.
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NEC-Drone UAV-Human

Method Backbone Extra data — UAV-Human  — NEC-Drone
Top-1 Acc (%) 1 Top-1 Acc (%) 1
VideoMAE [29] ViT-B K400 59.4 76.6
MVD [111] ViT-B IN-1K + K400 58.7 76.1
SiamMAE [112] ViT-B K400 57.2 75.2
FALCON (Ours) ViT-B K400 64.1 80.6
VideoMAE [29] ViT-L K400 61.6 79.1
FALCON (Ours) ViT-L K400 66.0 82.7

Table 6.3: Transfer Learning Ability. Cross-dataset transfer between NEC-Drone and
UAV-Human.

6.5.5 Cross-Dataset Transfer Between Aerial Benchmarks

A central motivation for self-supervised pretraining is improved transferability across datasets
with different biases and capture conditions. To evaluate this property more directly in the aerial
domain, we report cross-dataset transfer results between NEC-Drone and UAV-Human in Table 6.3.

Table 6.3 shows that FALCON achieves the strongest transfer performance in both directions.
With a ViT-B backbone, it improves NEC-Drone — UAV-Human transfer from 59.4% to 64.1%, and
UAV-Human — NEC-Drone transfer from 76.6% to 80.6%. With a ViT-L backbone, the gains remain
similarly strong. This result is particularly important because it suggests that FALCON improves not
only in-domain recognition, but also cross-dataset robustness. By centering pretraining supervision on
human and object regions rather than on background-dominated reconstruction, the learned encoder
becomes less sensitive to dataset-specific nuisance factors and transfers more effectively across aerial

benchmarks.
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NEC Drone UAV-Human Inference time

Method Data Aug. Backbone Top-1 Acc (%) 1 Top-1 Acc (%) 1T  /video (ms)
AZTR [37] v X3D-M - 47.4 37.1
MITFAS [38] v X3D-M 78.6 50.8 92.4
FALCON (Ours) X ViT-B 854 67.9 18.7

Table 6.4: Inference time comparison. On an RTX A5000 GPU, FALCON runs at
18.7 ms/video, achieving ~2x and ~5x speedups over AZTR and MITFAS while im-
proving accuracy.

6.5.6 Inference Efficiency

Since object cues are used only during pretraining, FALCON incurs no detector overhead during
downstream evaluation. Table 6.4 compares inference latency with prior aerial-specific methods.

Table 6.4 shows that FALCON achieves the lowest per-video latency among the compared meth-
ods while also improving recognition accuracy. This is an important practical advantage. Unlike prior
methods that require online alignment, detector input, or additional object-aware processing at test
time, FALCON retains the simplicity of RGB-only inference. In this sense, the method improves su-
pervision efficiency during learning without increasing inference complexity during deployment. This
property makes FALCON especially relevant to Part 11, where practical and scalable aerial perception

1s a primary concern.

6.5.7 Ablation Studies

To understand why FALCON works, we perform a series of ablation studies on UAV-Human, as
summarized in Table 6.5. These ablations evaluate the contribution of the core components, the design
of the future reconstruction objective, the masking strategy, the observed—future clip split, the masking
ratio, the amount of available object cues, and the sensitivity to detector quality.

The core component ablation in Table 6.5(a) shows the contribution of the main losses and
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Model Variant ~ Lyps OAM  Lgore  Liong  Leons Top-1 Acc (%) 1
Baseline 62.1

+ OAM v 64.0

+ Lops v v 66.4

+ Lport v v v 66.8

+ Liong v v v v 67.1
Full FALCON Vv v v v v 67.9

(a) Core Component Ablation. Each component independently contributes.

Future Design

Top-1 Acc (%) 1

No future prediction 66.4
Single horizon (uniform) 67.1
Short-horizon only 66.8
Long-horizon only 66.5
Bidirectional (past + future) 67.0
Dual-horizon (ours) 67.9

Supervision Region Top-1 Acc (%) 1

Full frame 66.1
Tight bounding box 67.5
Heatmap weights 66.5
Expanded R/ (ours) 67.9

(b) Future Horizon Design.

(c) Future Supervision Region.

Top-1 Acc (%) 1

Masking
w/o Future w/ Future #Observed #Future Top-1 Acc (%) T
Random 63.7 65.5 12 4 67.9
Tube [29] 64.1 66.3 10 6 67.5
Block 62.1 61.8 8 8 67.2
Ours 66.4 67.9 (f) Observed vs. Future Split.
(d) Masking Strategy.
Mask Ratio 50% 60% 70% 80% 90% 95% Videos with boxes 25% 50% 75% 100%
Top-1 Acc (%) 1 67.8 679 67.9 673 662 64.7 Top-1 Acc (%) 618 654 67.1 67.9
(e) Masking Ratio. (g) Partial Bboxes.
CrowdHuman UAV-Human
Detector Backbone mAP 7 Top-1 Acc (%) 1
None (Vanilla VideoMAE) - - 62.1
Cascade Mask R-CNN MobileNet 65.7 63.9
Faster R-CNN HRNet 72.3 66.1
Cascade Mask R-CNN HRNet 84.1 67.9

(h) Detector Quality. Consistent gains even with weaker detections.

Table 6.5: Ablation Studies. OAM: object-aware masking. Results on UAV-Human un-

less noted.
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the object-aware masking strategy. Starting from the baseline VideoMAE-style pretraining objective,
object-aware masking (OAM) alone already improves Top-1 accuracy from 62.1% to 64.0%, indi-
cating that balancing token visibility is beneficial even before changing the loss. Adding the object-
aware observed-frame reconstruction loss further improves performance to 66.4%, which confirms that
reweighting supervision toward action-relevant regions is also important. Incorporating short-horizon
and long-horizon future objectives yields additional gains, and the full model reaches 67.9%. This pro-
gressive improvement shows that the gains are cumulative rather than coming from a single dominant
component.

The future horizon comparison in Table 6.5(b) evaluates different future prediction designs. Fu-
ture prediction is clearly useful compared with using no future objective, but not all designs are equally
effective. A single-horizon future objective improves performance, while the proposed dual-horizon
design performs best at 67.9%. This result suggests that short-range and long-range motion evolution
provide complementary supervisory signals. In aerial videos, where action semantics often depend
on both immediate motion continuity and broader temporal progression, combining the two horizons
produces a stronger pretraining objective than either one alone.

The supervision-region comparison in Table 6.5(c) further studies how future supervision should
be spatially allocated. Reconstructing the full frame performs worse than restricting supervision to
object-centric regions, which is consistent with the observation that full-frame future prediction can be
dominated by ego-motion and background change. A tight bounding-box region is already effective,
but the proposed expanded contextual future region R/ performs best. This indicates that future su-
pervision should remain object-centric while still preserving a modest amount of surrounding context,
since local context is often useful for modeling motion evolution.

The masking strategy comparison in Table 6.5(d) shows that random masking and tube masking

155



improve over the baseline, but both are inferior to the proposed object-aware masking strategy. The gap
is especially clear when future supervision is included, where the proposed masking reaches 67.9%.
This result directly supports one of the central arguments of the chapter: in aerial videos, masking
should not treat all patches uniformly, because the small action-relevant foreground can otherwise be
easily overwhelmed by background-dominated visibility patterns.

The masking ratio study in Table 6.5(¢) shows that performance is strongest around 60% to 70%,
with 70% giving the best result. Lower masking ratios do not force the model to learn sufficiently
strong representations from sparse observations, while very high masking ratios make the pretraining
task too difficult. This behavior is broadly consistent with masked autoencoding literature, but the
result here also shows that FALCON remains stable over a reasonably wide range of ratios.

The observed—future split in Table 6.5(f) shows that the best result is obtained with 12 observed
frames and 4 future frames, while allocating more frames to the future branch slightly reduces per-
formance. This suggests that future supervision is beneficial, but only when the model still retains
sufficient observed context for stable reconstruction and representation learning. In other words, fu-
ture prediction should complement rather than replace strong observed-frame supervision.

The partial-bbox study in Table 6.5(g) evaluates the effect of partial object annotations during
pretraining. As the percentage of videos with object cues increases, downstream performance im-
proves steadily, reaching the best result when all videos are equipped with boxes. Importantly, the
model still retains a substantial gain even when only a fraction of training videos provide object cues.
This suggests that FALCON is not overly brittle with respect to the availability of pretraining object-
ness priors, which is encouraging for practical settings where object annotations may be incomplete or
only partially available.

Finally, the detector-quality analysis in Table 6.5(h) shows that stronger detectors improve down-
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stream performance, but even weaker detectors still provide gains over vanilla VideoMAE. This result
is important because it shows that FALCON does not require perfect detections in order to be effective.
Instead, the method benefits from objectness priors in a graded manner, which makes it more practical
for real aerial datasets where detector quality may vary across scenes and domains.

Taken together, these ablations show that FALCON works because it addresses the two key ob-
jective mismatches identified earlier in the chapter: spatial imbalance in observed-frame reconstruction
and weak supervision for object-centric motion evolution. The gains therefore reflect a better align-
ment between the pretraining objective and the structure of aerial videos, rather than simply a stronger

backbone or a larger pretraining recipe.

6.5.8 Qualitative Analysis

We finally provide qualitative analysis to better understand the behavior of FALCON. Figure 6.4
visualizes attention maps on UAV-Human scenes under both in-domain and cross-domain settings.
Specifically, we compare in-domain pretraining on UAV-Human followed by fine-tuning on UAV-
Human, and cross-domain pretraining on NEC-Drone followed by fine-tuning on UAV-Human. Com-
pared with the baseline, FALCON consistently produces more concentrated attention on the human
regions while suppressing irrelevant background responses. This difference is especially pronounced
in the cross-domain setting, where the baseline tends to attend more diffusely to background content,
whereas FALCON remains more focused on the action-relevant foreground. These qualitative observa-
tions are consistent with the quantitative transfer results in Table 6.3, and further support the claim that
object-aware and future-aware pretraining helps the model learn representations that are less sensitive

to dataset-specific background bias and more robust across aerial domains.
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Figure 6.4: Attention visualization under in-domain and cross-domain transfer. We
visualize attention maps on UAV-Human scenes under two settings: in-domain pretrain-
ing on UAV-Human followed by fine-tuning on UAV-Human, and cross-domain pretrain-
ing on NEC-Drone followed by fine-tuning on UAV-Human. Compared with the base-
line, FALCON produces more concentrated attention on human regions while suppressing
background responses. The difference is more pronounced in the cross-domain setting,
qualitatively supporting the improved transfer robustness shown in Table 6.3.
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6.6 Discussion

FALCON can be understood as an aerial-tailored self-supervised pretraining framework that
reallocates learning emphasis toward action-relevant spatial-temporal structure. Its central significance
is therefore not only that it improves downstream aerial action recognition, but that it shows how
pretraining objectives themselves should be redesigned when the visual structure of the target domain
is highly imbalanced. In aerial videos, both the visible token distribution and the reconstruction target
can easily be dominated by background content. FALCON addresses this issue by shifting pretraining
emphasis toward human- and object-centric regions and by strengthening supervision for object-centric
motion evolution.

The experimental results support this interpretation. The gains are not explained by a larger
model or a more generic pretraining recipe alone, but by better alignment between the pretraining

objective and the spatial-temporal structure of aerial videos. In particular, the stronger improvements
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on UAV-Human and the cross-dataset transfer gains suggest that object-aware and future-aware su-
pervision helps the encoder become less dependent on dataset-specific nuisance factors and more
sensitive to the motion patterns that actually determine aerial actions. This indicates that supervision-
efficient aerial perception depends not only on reducing the need for labels, but also on allocating
self-supervised learning signals in a way that better matches aerial data.

From the perspective of the overall dissertation, FALCON complements AZTR by addressing
the learning side of practical and scalable aerial perception. While AZTR improves how computation
is allocated during inference, FALCON improves how supervision is allocated during representation
learning. Together, these chapters show that practical aerial perception requires both deployment-
aware inference and supervision-efficient pretraining. In this sense, FALCON helps establish a broader
thesis point of Part II: aerial perception under real-world constraints is improved not only by making
inference more efficient, but also by making representation learning better matched to weakly super-

vised aerial data.

6.7 Limitations

Although FALCON improves self-supervised aerial action pretraining, it still has several limita-
tions.

First, the method relies on objectness priors during pretraining. Although these priors are not
required at downstream inference time, the quality and coverage of the pretraining object cues still
affect how effectively the masking and supervision are allocated.

Second, FALCON is designed primarily for action recognition settings in which the most rele-

vant signal is concentrated on a small set of human- and object-centric regions. In scenes with highly
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distributed activity patterns or more complex multi-agent interactions, object-centric priors alone may
be insufficient to capture all relevant semantics.

Third, while the proposed dual-horizon future objective improves temporal supervision, it still
focuses on relatively local future evolution. Longer-horizon activity structure, richer interaction dy-
namics, and broader cross-domain generalization remain important open directions for future work.

These limitations suggest that object-aware and future-aware pretraining is an important step

toward supervision-efficient aerial perception, but not a complete solution on its own.

6.8 Conclusion

In this chapter, we presented FALCON [102], an aerial-tailored self-supervised pretraining
framework for action recognition. By combining object-aware masking, object-aware reconstruction
supervision, and object-centric dual-horizon future reconstruction, FALCON improves how represen-
tations are learned from aerial videos under weak and spatially sparse action evidence.

Experimental results on NEC-Drone, UAV-Human, and standard transfer benchmarks show
that FALCON consistently improves downstream recognition performance while preserving efficient
RGB-only inference without detector overhead at test time. These results support the central claim of
this chapter: practical aerial perception depends not only on efficient inference, but also on pretraining
objectives that are better aligned with the spatial and temporal structure of aerial videos.

From the perspective of Part II, FALCON complements AZTR by addressing the learning side of
practical and scalable aerial perception. Whereas AZTR improves how computation is allocated during
inference, FALCON improves how supervision is allocated during representation learning. Together,

these two chapters show that pratical and scalable aerial perception requires both deployment-aware
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inference and supervision-efficient pretraining.
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Part II1

Transferable Aerial Perception Across Views, Modalities, and Camera Networks
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Aerial perception often extends beyond a single viewpoint or sensing stream. Many practical
systems require correspondence across aerial and ground observations, heterogeneous sensing modal-
ities, or multiple cameras with different viewpoints and scales. The chapters in this part study how
learned representations can preserve task-relevant consistency when the sensing condition changes. In
particular, we focus on two complementary directions: transferable cross-view localization and trans-
ferable cross-camera identity association. Together, these methods improve the robustness of aerial

perception across views, modalities, and camera networks.

Chapter 7:  AGL-Net: Transferable Aerial-Ground Cross-Modal Localization under

Scale Variation

7.1 Introduction

This chapter begins Part III, which studies transferable aerial perception across views, modali-
ties, and camera networks. Unlike the previous parts of this dissertation, which focused on aerial video
understanding and practical aerial perception under deployment constraints, the emphasis here is on
transferable correspondence across sensing conditions [37, 102, 115]. In many real-world robotic
systems, aerial perception does not operate in isolation within a single sensing regime. Instead, aerial
observations often serve as global references that must be related to local ground-level sensing cap-
tured from different viewpoints, modalities, and spatial scales [116—119]. This chapter studies such

transfer in the context of global localization, where a ground robot must localize itself within a large-
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scale aerial map [120, 121].

Global localization is a fundamental capability for long-range navigation in autonomous driv-
ing, field robotics, and GPS-denied environments [32, 120, 121]. A robot must estimate its global
position and orientation in order to plan over large areas, maintain consistent situational awareness,
and recover from drift in local odometry [11, 32, 121]. While short-range motion can often be handled
using onboard sensing alone, reliable global localization remains difficult when GPS is unavailable,
inaccurate, or unreliable [32, 120, 121]. In such settings, the robot must infer its pose by matching
local observations against a global reference map [120, 122, 123].

This problem becomes substantially more challenging when the local observation and the global
map come from different viewpoints and sensing modalities [116, 118, 119, 124]. In this chapter, the
local query is a ground LiDAR scan, while the global reference is an aerial RGB map. This creates
a severe representation gap [120, 125]. The LiDAR scan captures sparse local 3D geometry from a
ground viewpoint, whereas the aerial map provides dense visual appearance from an overhead per-
spective [120, 125, 126]. Establishing correspondence across these inputs is difficult because the two
modalities encode the scene in fundamentally different ways and share only limited direct appearance
similarity [119, 120, 124, 127].

A further challenge arises from scale variation. The LiDAR scan is naturally measured in met-
ric coordinates, but the aerial map may have uncertain or varying resolution, especially in practical
deployment scenarios where map crop scale and coverage are not guaranteed to be fixed in advance
[128—130]. As a result, even if the correct local structure is present in the aerial map, direct matching
can still fail when the local and global observations are misaligned in scale [128, 131, 132]. This issue
is especially important for metric localization, where the goal is not merely coarse place recognition,

but accurate estimation of position and heading in the global map frame [118, 120, 131].
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These observations suggest that effective aerial-ground localization should satisfy two require-
ments. First, it should learn transferable representations that remain robust across large viewpoint and
modality changes [116, 124, 125, 127]. Second, it should explicitly account for scale inconsistency
between the local ground observation and the global aerial reference [128, 129, 131]. Methods that
rely only on same-modality registration, fixed-scale assumptions, or appearance-level similarity are
therefore not well suited to this setting [120, 122, 124].

To address these challenges, this chapter presents AGL-Net, an Aerial-Ground Localization
Network for cross-modal metric global localization [128]. AGL-Net uses a unified two-stage match-
ing design. In the first stage, it extracts neural representations from the ground LiDAR scan and the
aerial RGB map and performs coarse cross-modal matching [128]. In the second stage, it extracts
structural skeleton features from both modalities and performs refined matching with explicit scale
alignment [128]. In addition, the model is trained with pose, scale, and skeleton supervision so that
the learned representation becomes not only correspondence-aware, but also scale-aware and struc-
turally meaningful [128]. This design allows AGL-Net to localize under unknown map scales without
requiring preprocessed aerial imagery at a fixed metric resolution [128].

Figure 7.1 illustrates the central challenge addressed in this chapter. A ground robot must lo-
calize itself using a local LiDAR scan and a global aerial RGB map despite substantial differences in
viewpoint, sensing modality, and spatial scale. AGL-Net addresses this problem through transferable
cross-modal matching with explicit scale alignment.

From the perspective of this dissertation, AGL-Net serves as the first chapter in Part III by
studying transferable correspondence across sensing regimes. Whereas the earlier parts primarily
focused on understanding aerial videos themselves, this chapter studies how aerial perception can

function as a global reference for ground-level robotic observations under large changes in viewpoint,
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modality, and scale [37, 102, 115, 128]. In this sense, the chapter extends aerial perception from
understanding within one sensing regime to correspondence across sensing regimes.

The main contributions of this chapter are as follows:

* We formulate aerial-ground metric localization as a transferable cross-modal matching problem

between local ground LiDAR scans and global aerial RGB maps.

* We propose AGL-Net, a two-stage matching architecture that combines neural feature matching

and skeleton-based structural refinement for robust pose estimation [128].

* We introduce an explicit scale alignment module together with scale-aware supervision to han-

dle varying and unknown aerial map scales without requiring pre-aligned imagery [128].

* We construct a CARLA-based dataset for precise metric localization training and evaluation,

and show that AGL-Net outperforms strong baselines on both CARLA and KITTT [128].

7.2 Related Work

Since the earlier chapters of this dissertation have already reviewed the broader literature on
aerial perception and robotic visual understanding, here we focus more narrowly on prior work most
directly related to aerial-ground localization across viewpoints, modalities, and scales. In particular,
this chapter is most closely connected to three lines of research: cross-view geo-localization, LiDAR-
and map-based global localization, and cross-modal metric localization under structural and scale

mismatch.
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Figure 7.1: Overview of aerial-ground cross-modal metric localization. A ground
robot must localize itself using a local LiDAR scan and a global aerial RGB map under
substantial viewpoint, modality, and scale differences. AGL-Net addresses this problem
through transferable cross-modal matching with explicit scale alignment.
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7.2.1 Cross-View and Aerial-Ground Geo-Localization

Cross-view geo-localization studies how to localize a ground-level observation using an over-
head aerial or satellite reference. Early work formulated this problem as matching between street-view
and aerial imagery, showing that direct appearance matching fails under drastic viewpoint changes and
that cross-view representation learning is necessary [116—118]. More recent learning-based methods
substantially improved retrieval performance by using siamese metric learning, global feature aggre-
gation, and increasingly large-scale benchmarks [124, 127, 133-136]. These methods demonstrate
that cross-view correspondence can be learned despite strong viewpoint variation, and they establish
aerial-ground matching as an important tool for GPS-denied localization and robotic navigation.

A related direction has moved beyond coarse retrieval toward fine-grained or metric cross-view
localization. Rather than asking only which aerial tile best matches a ground query, these methods
aim to estimate more precise position and, in some cases, orientation within the aerial map frame
[127, 132, 137, 138]. This shift is important because practical robotic localization often requires
metric pose estimation rather than approximate place recognition alone. However, most existing cross-
view geo-localization methods still focus on image-to-image matching, typically between ground RGB
images and aerial or satellite RGB imagery. As a result, they do not directly address the more severe
cross-modal gap considered in this chapter, where the query is a local ground LiDAR observation and

the reference is a global aerial RGB map.

7.2.2 LiDAR- and Map-Based Global Localization

Global localization has also been studied extensively from the perspective of LiDAR and map-

based robotic localization. A large body of work localizes a robot by aligning LiDAR scans to a prior
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map, often using geometric registration, learned place recognition, or learned localization features
[121-123]. These approaches are effective when a dense prior LIDAR map is available and when
the reference and query are relatively compatible in sensing modality. However, maintaining a prior
LiDAR map is costly, and the reference map may not always be captured by the same sensing platform
as the robot.

To reduce this dependence on prior LIDAR maps, several works have studied localization against
overhead imagery or public map sources. FLAG explored air-ground localization using feature-based
alignment between onboard sensing and aerial references [126]. More recently, Get to the Point
showed that a robot can perform both place recognition and metric localization from LiDAR obser-
vations using overhead imagery as a map proxy [120]. Related work further investigated localization
against OpenStreetMap priors and point-based localization between LiDAR and overhead imagery
[129, 139]. These methods are especially relevant to this chapter because they move toward the same
general goal of localizing ground sensing against overhead map references without requiring a prior Li-
DAR map. Nevertheless, many of them either rely on handcrafted structural alignment, focus primarily
on place recognition before localization refinement, or do not explicitly model the scale inconsistency

between local ground observations and aerial reference maps that arises in practical deployment.

7.2.3 Cross-Modal Localization under Structural and Scale Mismatch

The problem addressed in this chapter lies at the intersection of the two lines above, but in-
troduces an additional difficulty: the query and reference differ not only in viewpoint, but also in
sensing modality and spatial scale. A ground LiDAR scan captures sparse local geometry in metric

coordinates, whereas an aerial RGB map provides dense visual appearance from an overhead view.
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Establishing correspondence across such inputs is harder than conventional image-based cross-view
matching, since direct texture or appearance similarity is weak and only higher-level structural cues
are consistently shared.

A few recent works have begun to explore this broader cross-source setting. In particular, Cross-
Loc3D studies aerial-ground cross-source 3D place recognition and shows that transferable aerial-
ground correspondence can be learned even across different sensing regimes [125]. At a broader
level, recent surveys on cross-view geo-localization and aerial visual place recognition also empha-
size the growing importance of localization across heterogeneous viewpoints and sensing conditions
[119, 130]. However, existing methods still leave two important gaps. First, many focus on retrieval-
style localization rather than direct metric pose estimation. Second, even when structural matching is
considered, scale variation is often assumed away through fixed-resolution aerial tiles or pre-aligned
references.

This chapter addresses these gaps through AGL-Net [128]. Unlike standard cross-view im-
age geo-localization methods, AGL-Net performs aerial-ground cross-modal localization between
ground LiDAR and aerial RGB maps. Unlike approaches that depend primarily on a fixed refer-
ence scale, AGL-Net explicitly models scale alignment and combines coarse neural matching with
refined skeleton-based structural matching. In this way, the method is designed not only to recognize
aerial-ground correspondence, but also to localize robustly under unknown and varying aerial map

scales.
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7.3 Problem Formulation and Motivation

We consider aerial-ground metric localization, where a ground robot must estimate its pose with

respect to a global aerial reference map. Let the local observation be a ground LiDAR scan

1) c RNXB

and let the global reference be an aerial RGB map

A c RHXWX?)

The goal is to estimate the robot pose

p=(z,y,0),

where (z,y) denotes the ground-plane position in the aerial map coordinate frame and ¢ denotes the
heading angle. Unlike coarse place recognition, this task requires metric localization, namely, recov-
ering both the matched region and the corresponding position and orientation with sufficient spatial
precision for downstream navigation [118, 120, 131]. Figures 7.1 and 7.2 illustrate this setting.

A straightforward solution would be to learn or optimize direct correspondence between the
local observation and the aerial reference. However, this is difficult in the present setting for three
reasons. First, the query and reference come from different viewpoints and sensing modalities, making
direct appearance-level matching unreliable [116, 124, 125, 127]. Second, the LiDAR query covers
only a limited local region, so coarse similarity alone may be insufficient for precise pose recovery

in large environments [120, 131, 138]. Third, the aerial reference may be observed at varying or
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Figure 7.2: Examples of the aerial-ground localization setting. The local observation
is a ground LiDAR scan, while the global reference is an aerial RGB map. This creates
substantial differences in viewpoint, modality, and scale, motivating a transferable local-
ization framework.

unknown scales, which further complicates fine-grained correspondence and metric pose estimation
[128, 129, 132].

These challenges imply that effective aerial-ground localization should satisfy three require-
ments: it should learn transferable representations across viewpoint and modality gaps, preserve struc-
tural information for fine-grained matching, and explicitly account for scale inconsistency between the
local and global observations [125, 128, 131]. These requirements motivate a localization framework
that combines coarse cross-modal correspondence with structure-aware refinement and explicit scale

alignment. The next section presents AGL-Net, which is designed around these principles.
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7.4 Method

7.4.1 Overview

Within this dissertation, AGL-Net is studied as a transferable aerial-ground localization frame-
work that connects aerial perception with ground-level robotic sensing. Unlike the earlier chapters,
which primarily focused on understanding aerial videos themselves, this chapter studies how aerial
observations can serve as global references for localization across viewpoint, modality, and scale
changes. The central goal is to estimate the pose of a ground robot by matching a local LiDAR
observation against a global aerial RGB map.

As illustrated in Figure 7.3, AGL-Net follows a two-stage localization pipeline. In the first stage,
the model extracts neural representations from the ground LiDAR scan and the aerial RGB map and
performs coarse cross-modal matching to estimate an initial pose hypothesis. In the second stage, it
extracts structural skeleton features from both modalities and performs refined matching with explicit
scale alignment. This combination is important because coarse neural matching provides transferable
cross-modal correspondence, while structure-aware refinement improves localization precision under
local ambiguity and scale mismatch.

To support this design, AGL-Net is trained with supervision on pose estimation, scale predic-
tion, and skeleton consistency. The resulting representation is therefore encouraged to be not only
correspondence-aware across sensing modalities, but also structurally meaningful and robust to scale
variation. In this way, the framework addresses the three requirements identified in the previous sec-
tion: cross-modal robustness, fine-grained structural matching, and explicit scale awareness.

The rest of this section is organized as follows. We first describe the feature extraction process

173



Neural Map Skeleton Scale-adjusted Skeleton

3D Pointcloud Representation Skeleton Representation Representation
Input 3D Point & Encoder T o
BEV Encoder i b " -
O mme - L Predicted Pose
r - 'S ]
SN e ’ . Scale a il } . 2]
SR (o IR L O Ali; e} ‘e [ 3=7
;l& e nmen. \\K&\! e rs X
L i B i ! MNSE
T B - h ‘|! k
P E SR

— — —» Matching Flow
———» Pose Calculatio

—— Network Flow
J

I
o Map Skeleton
Aerial Map Encoder Neural Map Encoder Skeleton Predicted Pose
Input Representation Representation

Figure 7.3: Overview of AGL-Net. Given a ground LiDAR scan and an aerial RGB map
patch, AGL-Net extracts neural and skeleton representations, performs coarse neural fea-
ture matching, and then refines localization through skeleton-based matching with explicit
scale alignment.

for the ground LiDAR scan and the aerial RGB map. We then introduce the scale alignment module
and the proposed two-stage matching strategy. Finally, we present the training objectives used to

optimize the full localization framework.

7.4.2 Ground LiDAR Encoding

Given a ground LiDAR scan L, our goal is to produce a local bird’s-eye-view (BEV) repre-
sentation with consistent spatial resolution. This is important because, unlike the aerial map whose
image resolution may vary, LIDAR measurements are naturally defined in metric space. We therefore
encode the LiDAR scan into a BEV feature map f,., € R7*">C which serves as the local query
representation for subsequent localization.

We first discretize the raw point cloud into equally spaced 3D voxels V' € RT*WxL where each

voxel stores the points that fall into its spatial cell. For each voxel, the contained points are either
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downsampled or zero-padded to a fixed size. A PointNet encoder [140] is then applied within each
voxel to extract local point features, and Transformer blocks [141] are used to model the relations
among voxels. Following the general idea of PointPillars [142], the voxel features are scattered back
to their original spatial locations and compressed along the height dimension using 2D convolutions,
yielding the BEV pseudo-image fi.,. This representation reduces the viewpoint gap between the
ground LiDAR input and the aerial overhead map while preserving spatial structure such as road
boundaries, intersections, and building contours.

In addition to the dense BEV feature map, AGL-Net extracts a binary skeleton representation
fo, € REXWx2 'We use a CNN @ with 2D deformable convolution layers to generate this structure-
aware feature. The goal of this branch is to emphasize the geometric layout of the local scene while
suppressing redundant feature variation, so that the resulting representation can support more reliable
structural refinement in the later matching stage.

Overall, the LiDAR encoder produces two complementary outputs: the dense neural feature map

frew for coarse cross-modal correspondence and the structural representation f;,, for geometry-aware

refinement.

7.4.3 Aerial Map Encoding

Let Z,,q, denote an RGB patch cropped from the aerial overhead map M. The purpose of the
map encoder is to transform this global visual reference into a dense spatial representation that can be
matched against the local BEV LiDAR query.

We employ a pre-trained ResNet-50 [143] followed by a VGG19 network [144] to extract a

dense map feature f,,,, € R¥*"*C Unlike the LIDAR branch, which begins from sparse geometric
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measurements, the aerial branch starts from dense RGB appearance. Its role is therefore not merely
to preserve texture, but to produce a feature map whose spatial organization remains useful for aerial-
ground matching despite the severe modality gap.

As in the LiDAR branch, we additionally derive a structural skeleton representation f,,, €

s

map and is trained

RZ>W>2 from the neural map feature. This branch is implemented using a CNN &
to emphasize edges, lines, and layout cues that are more stable across modalities than raw color or
texture. In aerial imagery, structures such as road boundaries, geometric outlines, and topological
patterns provide a more reliable bridge to the LiDAR-side BEV structure than appearance alone.

The aerial encoder therefore also produces two complementary outputs: the dense neural feature
map fqp for coarse matching and the skeleton feature map f,;,,, for refined structural alignment. This

design allows the two modalities to interact first at the level of learned correspondence and later at the

level of explicit geometry.

7.4.4 Scale Alignment

A central challenge in our setting is that the local LiDAR scan and the aerial RGB map may
not be aligned in scale. The LiDAR input is always represented in metric coordinates, whereas the
aerial map can be provided at uncertain or varying spatial resolutions depending on the crop size, map
source, or deployment configuration. Even when the correct aerial region is identified, direct structural
matching may still fail if the local and global observations correspond to different scales.

To address this issue, we introduce a CNN-based scale classifier @, that operates on the map

skeleton feature f?°

map Tather than on the full neural map feature f,,q,. This choice is motivated by

the observation that structural cues, such as road widths, intersection shapes, and building outlines,
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provide a cleaner basis for scale reasoning than raw RGB appearance. Given a predefined range of
discrete scale bins, @, predicts a softmax-normalized weight for each bin, and the final continuous
scale factor S is computed as the weighted sum over these bins.

The predicted scale factor S is then used to transform the LiDAR-side skeleton feature f;,
before refined matching. We denote the scaled feature by f; = and use nearest-neighbor interpolation
so that the local skeleton can be resized while preserving its binary structural pattern.

When S > 1, the BEV skeleton corresponds to a smaller support region in the aerial map, so we
shrink the effective spatial support of f;  and place the result back into a zero-padded feature map of
the original size. When S < 1, we instead enlarge the relevant central region to align with a larger
support in the map. In both cases, the transformed feature retains the same tensor size as the original
representation, which simplifies the subsequent matching pipeline.

This scale alignment step is important because it explicitly compensates for spatial-resolution
mismatch before structural refinement. Without such correction, even accurate structural cues may fail

to align, which can significantly degrade metric pose estimation.

7.4.5 Two-Stage Template Matching

Given the neural and skeleton features from both branches, AGL-Net estimates the camera pose
n* = (u*,v*, %) through a two-stage matching process. The key idea is to separate coarse cross-modal
correspondence from fine-grained structural refinement. These two tasks are related but not identical:
identifying the correct neighborhood in a large aerial map requires robust high-level matching, whereas
accurate pose recovery requires precise local alignment.

In the first stage, we perform exhaustive matching between the neural map feature f,,,, and
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the BEV feature fi., across candidate poses 7. This produces a score volume §2, where each score
measures how well the transformed BEV feature aligns with the aerial map feature under the candidate

pose. Formally,

_XL Z fmap fbev()

pPEXXY

where 7(p) transforms a 2D point p from the BEV coordinate system into the aerial map frame. In

practice, the matching is implemented efficiently by rotating f., only /N, times and performing the

convolutions using batched multiplication in the Fourier domain. This stage provides a coarse local-

ization prior that is robust to the large modality gap, but it may still be ambiguous in environments
with repeated local structure.

In the second stage, we refine the localization hypothesis using the structural skeleton features.

After applying the predicted scale alignment, the model compares the LiDAR-side structural map f;,

with the aerial skeleton feature f?

map and computes a refined matching score

- )(L Z map fbev( )
eX x

Compared with €2, this term is less sensitive to modality-specific appearance differences and focuses
more directly on structural consistency between the two views.
The final pose likelihood combines both matching terms. We construct a discretized probability

volume over candidate poses by applying a softmax to the summed scores,

P = softmax(Q2 + V),
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and obtain the predicted pose by maximum likelihood estimation:

7]* = arg myz?XP('r] ’ fbev; fmap7 beev? rpr)'

This two-stage design is important because the two matching terms are complementary. The
neural feature term (2 captures broad cross-modal compatibility and helps identify plausible candidate
regions, while the structural term ¥ improves metric precision by enforcing geometry-aware local

alignment after scale correction.

7.4.6 Training Objectives

To optimize the full localization framework, we use a composite training loss
L= Luv@ + LS + Lskeletona

which jointly supervises pose estimation, scale prediction, and skeleton extraction.

The first term, L,,9, supervises the estimated camera pose. Since AGL-Net predicts a discretized
probability distribution over candidate poses, we train the model using the negative log-likelihood of
the ground-truth pose:

Luv@ - - 1ng(77*)

This objective encourages the matching pipeline to assign high probability to the correct position and
heading, and therefore directly optimizes the final localization behavior rather than a surrogate retrieval
score.

To guide the scale alignment module, we introduce a scale supervision term that penalizes the
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discrepancy between the predicted scale factor S and the ground-truth scale S;;. We use a mean squared

error loss:
B
Z (S —84)°,

where B is the batch size. This term is important because learning scale purely from the final pose
objective can be unstable under large scale variation.
Finally, we supervise the predicted skeleton map using a binary cross-entropy loss. Let y4(p)

denote the ground-truth skeleton label at spatial location p. Then

X i Y > [yyt(p) 10g fap(P) + (1 = ygu(p)) log (1 — ffnap(p))]

peEX XY

Lskeleton -

The ground-truth skeleton mask is obtained by projecting the LiDAR points onto the aerial map, as
illustrated in Figure 7.2. During inference, the model predicts the skeleton of the full map patch, while
the loss is computed only over the region covered by the LiDAR observation.

These three objectives act on different but complementary parts of the model. The pose loss
drives accurate global localization, the scale loss improves robustness to varying aerial resolution, and

the skeleton loss encourages meaningful structural representations for refined cross-modal alignment.

7.5 Experimental Evaluation

In this section, we evaluate AGL-Net on both simulated and real-world data to answer three ques-
tions. First, can aerial-ground cross-modal localization be performed accurately under large viewpoint
and modality discrepancies? Second, does explicit scale alignment improve metric localization when

the aerial reference is observed at varying scales? Third, do the results support the broader claim of this
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chapter—namely, that aerial perception can serve as a transferable global reference for ground-level

robotic sensing rather than being limited to aerial-only scene understanding?

7.5.1 Datasets and Evaluation Setting

We evaluate AGL-Net on both CARLA [145] and KITTI [146]. These two datasets serve com-
plementary roles in this chapter. CARLA provides a controlled environment for training and evaluation
with accurate pose supervision and systematically varied aerial map scales, while KITTI provides a
real-world benchmark for assessing whether the learned localization framework transfers beyond sim-
ulation.

CARLA is used as the primary benchmark for both training and quantitative evaluation. It
provides paired ground LiDAR observations and aerial reference maps together with precise pose
annotations, making it well suited for studying metric localization under controlled scale variation.
Since the main challenge of this chapter lies in aerial-ground localization under viewpoint, modality,
and scale differences, CARLA allows us to isolate these factors and evaluate the proposed scale-aware
design in a clean setting.

We also report results on KITTI [146] for comparison in a real autonomous driving scenario.
Compared with CARLA, KITTTI introduces additional challenges such as sensing noise, map mis-
match, and greater appearance variation, making aerial-ground localization substantially more diffi-
cult. Evaluating on both datasets therefore allows us to study AGL-Net in both a controlled metric
localization setting and a more realistic deployment setting. From the perspective of this disserta-
tion, this distinction is important: CARLA tests whether aerial-ground correspondence can be learned

under clean supervision, while KITTI tests whether such correspondence remains useful when aerial
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observations are used as transferable references in real-world sensing conditions.

We report both recall-based and error-based metrics. Specifically, Recall@X m/ denotes the
percentage of predictions whose position and orientation errors are within a specified threshold. We
report position recall at 1, 3, and 5 meters and orientation recall at 1, 3, and 5 degrees. In addition, we
report the average position error in meters and the average heading error in degrees. Together, these

metrics capture both strict localization success and overall pose estimation quality.

7.5.2 Implementation Details

We first convert each LiDAR scan into a BEV representation by voxelizing the point cloud
into pillars of size [2,2,30]. The point ranges along the x, y, and z axes are set to [—100, 100],
[—100, 100], and [—10, 20], respectively, and the maximum number of points per voxel is 128. For the
aerial reference, we crop overhead map patches of size 1024 x 1024 and 256 x 256 at different random
scales so that the resulting patches cover different physical areas while still containing the ground-truth
pose.

For the LiDAR branch, we set the PointNet feature dimension to 16 and use two attention blocks
with four heads and feature dimension 16. After four Conv2D layers with kernel size 1, the matching
dimension of fy., is reduced to 8. The skeleton extraction networks ®; , and @7, share the same
architecture, consisting of three deformable Conv2D layers with ReLU activations followed by a linear
layer. The scale classifier @, consists of three deformable Conv2D layers with ReLLU activations
followed by two linear layers, with 33 scale bins covering the range [0.5, 10].

We train all models on four NVIDIA RTX A6000 GPUs for 200k iterations using the Adam

optimizer with a learning rate of 10~*. The batch size is 48 for map patches of size 1024 and 4 for map
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Ground Map Size Avg. Loc. Avg. Ori. Lat. Recall (%) @ Xm 1 Long. Recall (%) @ Xm 1 Ori. Recall (%) @ X° 1

Map . Method . o
Modality (pixels) Error (m) | Error (°) | Im 3m 5m Im 3m 5m 1o 30 50
Image  retrieval 256 x 256 - - 3747 6624 7289 594 1688 2697 297 1232 2327
oSM Image  refinement 256 x 256 - - 50.83 78.10 8222 1775 4032 5240  31.03 6676 76.07
(rrry  Imaze  OrienterNet 256 x 236 - - 5126 8477 9181 2239 4679 5781 2041 5224 7353
LIDAR  OrienterNet* 256 x 256 28.01 830 286 880 1537 403 1147 1848 862 2411 3638
LiIDAR  AGL-Net 256 x 256 18.02 859 655 1888 3117 516 1500 2454 625 17.94 3187
LIDAR  OrienterNet* 256 x 256 2.23 1915  66.87 87.67 98.61 4438 81.51  97.69 5578 6271  66.26
Satellite  LiDAR  AGL-Net 256 x 256 1.83 376 7658 9214 1000  44.07 8844 9954 5747 68.41 7442
(CARLA)  "1iDAR  OrienterNet* 1024 x 1024 18.75 8271 3344 4099 5655 1341 1864 2250 3035 3143 3251
LiIDAR  AGL-Net 1024x 1024  14.96 5725 5054 57.94  69.49  18.64 2419  29.89 4206 4422 4622

Table 7.1: Results on KITTI and CARLA. Compared with the adapted OrienterNet base-
line, AGL-Net yields lower localization error and stronger recall on most evaluation met-
rics, demonstrating more robust aerial-ground localization across different environments
and map scales. Average localization and orientation errors are reported in meters and de-
grees, respectively. All recall values are reported as percentages. * indicates that we make
small modifications to the original method to take LiDAR modality input.

patches of size 256.

7.5.3 Main Results on CARLA and KITTI

The main quantitative comparisons are shown in Table 7.1. We compare AGL-Net with Orien-
terNet [147], which is originally designed for image-based localization. To provide a fair comparison
in our setting, we adapt OrienterNet to use LiDAR input instead of ground RGB images.

On CARLA, AGL-Net consistently outperforms OrienterNet across both position and orienta-
tion metrics. For example, with a map size of 224 x 224, AGL-Net reduces the average position error
by 0.4 meters and the average orientation error by 15.39. The advantage remains clear when the map
size is increased to 1024 x 1024, indicating that the proposed localization framework remains effec-
tive even as the global search space becomes larger. These results support the central design of the
method: coarse neural matching identifies plausible aerial-ground correspondences, while the second-
stage skeleton refinement further improves pose accuracy under local ambiguity and scale variation.

More importantly, the CARLA results show that aerial observations can indeed function as struc-

tured global references for local ground sensing. In other words, the model is not merely learning a
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benchmark-specific matching shortcut; it is learning a form of transferable aerial-ground correspon-
dence that remains useful for metric pose recovery even when the two inputs differ substantially in
viewpoint, modality, and scale. This directly supports the broader theme of Part III, where aerial per-
ception is studied not only as a source of semantic understanding, but also as a source of transferable
spatial reference.

On KITTI, the localization problem is substantially harder. Compared with image-map geo-
localization, matching LiDAR scans to overhead RGB maps introduces a stronger cross-modal gap,
and the real-world data also contains additional noise from sensor calibration, map mismatch, and
localization uncertainty. Even under these conditions, AGL-Net achieves encouraging performance
and improves the average position error over OrienterNet by 9.99 meters. The orientation improvement
is less consistent than on CARLA, which likely reflects the greater difficulty of precise structural
alignment on real-world data. Nevertheless, the KITTI results still demonstrate that the proposed
framework transfers beyond simulation and remains effective in realistic driving environments.

This real-world behavior is particularly important from a dissertation perspective. If the gains
were limited to CARLA alone, the chapter would mainly show that aerial-ground localization is fea-
sible in a controlled setting. By contrast, the KITTI results suggest that aerial representations can
remain useful even when the target sensing platform, environmental conditions, and data quality differ
substantially from the training setup. This moves the contribution beyond a single benchmark and
supports the broader claim that aerial perception can be extended from aerial-only understanding to
transferable cross-sensing spatial reasoning.

Taken together, these results support a broader point of Part III. The value of aerial perception is
not restricted to understanding aerial observations themselves; it can also provide a transferable global

reference for ground-level robotic sensing. The gains on both CARLA and KITTI therefore suggest
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Feature Skeleton Scale Scale Avg. Loc. Avg. Ori. Loc. Recall (%) @ X m 7 Ori. Recall (%) @ X° 1
Match. Match. Align. Aug. Error (m)| Error (°) |

1m 3m 1° 3°
v X X X 10.12 41.86 9.24 29.58 32.36 35.90
v X X v 2.23 19.15 3097 68.88 55.78 62.71
X v X X 3.53 10.61 7.55 37.29 10.32 13.56
X v X v 3.40 10.26 8.47 43,76 12.17 16.18
v v X X 9.14 33.25 9.71 30.66 50.23 54.24
v v X v 2.33 17.53  31.28 69.34 54.24 62.10
v v v X 9.50 40.41 10.94 33.59 32.67 36.52
v v v v 1.83 3.76 34.05 78.74 57.47 68.41

Table 7.2: Ablation studies on different components. Combining feature matching,
skeleton matching, scale alignment, and scale augmentation yields the best overall local-
ization performance, demonstrating that structural refinement and explicit scale handling
are both important for robust aerial-ground localization.

that aerial-ground correspondence can be learned despite large viewpoint, modality, and scale discrep-

ancies, extending aerial perception from scene understanding to cross-sensing spatial reasoning.

7.5.4 Ablation Studies

We next evaluate the contribution of the main components of AGL-Net using ablation studies on
map patches of size 256 x 256. The results are summarized in Tables 7.2 and 7.3.

Table 7.2 evaluates the contribution of different matching components. The results show that
scale augmentation already improves performance by exposing the model to aerial maps with varying
spatial resolutions during training. This helps the network learn more robust cross-modal correspon-
dences and reduces sensitivity to fixed-scale assumptions. The table also shows that skeleton matching
is more robust to scale variation than feature matching alone, since the structural representation em-
phasizes edges and layout cues that are less sensitive to raw appearance or local detail changes. When
scale alignment is introduced by explicitly predicting a scale factor and resizing the BEV skeleton
accordingly, the model achieves the best performance. This confirms that accurate scale compensation

is a key ingredient of metric aerial-ground localization.
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NLL Scale Skeleton Avg. Loc. Avg. Ori. Loc. Recall (%) @ X m 1 Ori. Recall (%) @ X° 1
Loss Loss Loss  Error (m) | Error (°) |

1m 3m 1° 3°
v X X 2.23 19.15 30.97 68.88 55.78 62.71
v v X 3.04 26.07 30.35 67.18 59.48 64.56
v X v 2.67 22.38 31.28 67.80 59.17 64.10
v v v 1.83 3.76 34.05 78.74 57.47 68.41

Table 7.3: Ablation studies on different loss terms. Combining both the scale loss and

the skeleton loss with the NLL objective yields the best overall localization performance,

giving the lowest localization and orientation errors together with the strongest recall on

most metrics.

This result is also important at the thesis level. Once aerial observations are used as references
for ground sensing, generic cross-modal similarity alone is no longer sufficient. The model must
additionally reason about how local structure transfers across sensing modalities and how that structure
should be spatially aligned under different map scales. The gains from scale alignment therefore
support a broader conclusion of this chapter: transferable aerial perception requires explicit geometric
reasoning once it is used for cross-sensing localization rather than aerial-only recognition.

Table 7.3 studies the role of the training objectives. Using both the scale loss Lg and the skeleton
loss Lgkereton Yields better performance than using either loss alone. This result is important because
the two losses supervise different but interdependent parts of the model. The scale loss encourages
the LiDAR-side structural representation to align with the aerial map at the correct resolution, but
its effectiveness depends on the quality of the learned structural cues. Conversely, the skeleton loss
improves the quality of the structure-aware representation, but by itself does not guarantee correct
scale reasoning. Their combination therefore leads to more stable and accurate pose estimation.

From the perspective of this dissertation, this finding is important because it shows that transfer-
able aerial perception requires more than generic feature matching alone. Once aerial observations are

used as global references for ground sensing, structural alignment and scale reasoning become essen-

tial for reliable cross-sensing localization. The ablation results therefore reinforce the broader theme
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of Part III: transferring aerial perception across sensing regimes requires representations that are not
only semantically meaningful, but also structurally and geometrically compatible.

Overall, the ablation results support the main design choices of AGL-Net. The gains do not come
from a single isolated modification, but from the interaction between cross-modal feature matching,
structure-aware refinement, and explicit scale alignment. This is consistent with the problem formu-
lation in the previous sections: robust aerial-ground localization requires not only transferable corre-
spondence across sensing modalities, but also fine-grained structural matching under varying spatial

scales.

7.5.5 Qualitative Results

Figure 7.4 presents qualitative examples of the predicted localization results on CARLA and
KITTI. These examples illustrate several important behaviors of AGL-Net. First, the method is able
to identify the correct aerial region despite the substantial difference between a sparse local LiDAR
observation and a dense aerial RGB map. Second, the refined matching stage improves local alignment
in scenes with repeated patterns or partial structural ambiguity. Third, the method remains reasonably
robust even when the aerial reference is observed under different scales.

The qualitative results are consistent with the quantitative findings. On CARLA, the predicted
poses tend to align closely with the ground truth, reflecting the effectiveness of the full coarse-to-fine
matching pipeline under accurate supervision. On KITTI, although the predictions are noisier, AGL-
Net still captures meaningful aerial-ground correspondence and often localizes near the correct map
region. These visualizations therefore support the main claim of this chapter: aerial observations can

function as transferable global references for ground-level localization when cross-modal matching is
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Figure 7.4: Qualitative localization results on CARLA and KITTI. AGL-Net is able to
recover meaningful aerial-ground correspondence despite substantial viewpoint, modality,
and scale differences. The examples also show that the proposed refinement stage im-
proves local structural alignment in challenging scenes.

combined with structure-aware refinement and explicit scale alignment.

7.6 Discussion

AGL-Net can be understood as a step from aerial perception for aerial-only understanding to-
ward aerial perception for cross-sensing spatial reasoning. The central contribution of this chapter is
therefore not only that it improves localization accuracy on CARLA and KITTI, but that it shows how
aerial observations can function as transferable global references for ground-level robotic sensing. In
this setting, the aerial map is no longer just a visual context source; it becomes a spatial prior against
which local ground observations must be aligned despite large discrepancies in viewpoint, modality,
and scale.

This perspective helps explain why the proposed design differs from standard cross-view re-
trieval or same-modality registration. Once aerial imagery is used as a global reference for ground

LiDAR localization, generic feature similarity is not sufficient. The model must first establish broad
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aerial-ground correspondence and then resolve fine-grained structural alignment under uncertain scale.
The two-stage design of AGL-Net reflects exactly this requirement: coarse neural matching captures
transferable cross-modal compatibility, while skeleton-based refinement and explicit scale alignment
improve metric precision by focusing on geometry that is more stable across sensing regimes.

From the perspective of Part III, this chapter also plays an important bridging role. The earlier
parts of this dissertation focused primarily on learning better representations for aerial videos and
improving practical aerial perception under weak supervision or deployment constraints. By contrast,
this chapter shows that aerial perception can also be useful when transferred beyond the aerial sensing
regime itself. In particular, it suggests that aerial observations can provide globally organized spatial
information that complements the local but metrically grounded structure captured by ground LiDAR.
This extends the role of aerial perception from understanding what is observed from above to reasoning
across sensing platforms using aerial information as a shared reference frame.

More broadly, the results suggest that transferable aerial perception depends on both semantic
correspondence and geometric compatibility. The semantic side is needed to bridge the large appear-
ance and modality gap between aerial RGB and ground LiDAR, while the geometric side is needed
to support precise localization once a plausible region has been identified. This dual requirement is
likely to remain important in other aerial-ground tasks beyond localization, including cross-platform

mapping, multi-robot coordination, and large-scale spatial reasoning.

7.7 Limitations

Although AGL-Net improves aerial-ground metric localization, it still has several limitations.

First, the current formulation assumes that the aerial map already provides sufficient structural
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cues for localization. In highly texture-poor environments or regions with weak geometric layout, the
skeleton-based refinement stage may become less reliable. Similarly, when large portions of the local
scene are occluded or poorly observed in the LiDAR scan, the structural correspondence between the
local and global observations may degrade.

Second, the current scale alignment module predicts a single global scale factor for the local
query. This is effective for the map variation studied in this chapter, but it may be insufficient when
scale mismatch is spatially nonuniform or when aerial reference quality varies significantly across re-
gions. More flexible alignment mechanisms may therefore be needed for broader deployment settings.

Third, while the KITTI results show promising transfer beyond simulation, the real-world evalu-
ation remains limited in scope. A broader study across more cities, sensing platforms, and map sources
would be needed to fully characterize how robust the learned aerial-ground correspondence is under
stronger domain shift. In particular, seasonal change, map aging, sensor noise, and large geographic
variation may all affect localization performance.

Finally, this chapter focuses on single-query localization against a static aerial reference. In
practical robotic systems, localization is often performed jointly with temporal filtering, mapping, or
multi-sensor fusion. Integrating AGL-Net into such broader systems remains an important direction
for future work.

These limitations suggest that AGL-Net should be viewed as an initial step toward transferable
aerial-ground localization rather than a complete solution. Nevertheless, the results of this chapter
indicate that explicit structure-aware and scale-aware matching is a promising direction for extending

aerial perception across sensing regimes.
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7.8 Conclusion

In this chapter, we presented AGL-Net [128], a transferable aerial-ground localization frame-
work for cross-modal metric pose estimation. By combining BEV LiDAR encoding, aerial map repre-
sentation learning, explicit scale alignment, and two-stage neural-plus-structural matching, AGL-Net
addresses the central challenge of aligning local ground LiDAR observations with global aerial RGB
references under large differences in viewpoint, modality, and scale.

Experimental results on CARLA and KITTI showed that AGL-Net consistently improves over
strong baselines and that its gains arise from the interaction between coarse cross-modal correspon-
dence, structure-aware refinement, and scale reasoning. These results support the main claim of this
chapter: accurate aerial-ground localization requires more than generic cross-view matching alone.
Once aerial observations are used as global references for ground sensing, structural compatibility and
explicit scale alignment become essential for reliable metric localization.

From the perspective of this dissertation, this chapter establishes the first part of a broader ar-
gument developed in Part III. Aerial perception is valuable not only for understanding aerial obser-
vations themselves, but also for serving as a transferable spatial reference across sensing regimes. In
this sense, AGL-Net extends aerial perception from aerial-only scene understanding to cross-sensing
spatial reasoning, showing how aerial information can support ground-level robotic localization even
under substantial modality and viewpoint mismatch.

This chapter also sets up the next stage of the dissertation. Whereas AGL-Net studies transfer
across aerial and ground sensing modalities, the following chapter investigates transfer across cam-
era networks, where correspondence must be established across viewpoints within multi-camera en-

vironments. Together, these chapters broaden the role of aerial and visual perception from isolated
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understanding within a single sensing regime to transferable reasoning across sensing platforms and

viewpoints.
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Chapter 8: CALIBFREE: Self-Supervised Calibration-Free Multi-Camera Multi-

Object Tracking

8.1 Introduction

This chapter continues Part III, which studies transferable aerial perception across views, modal-
ities, and camera networks. While Chapter 7 focused on transferable correspondence between aerial
and ground sensing for localization, this chapter addresses a different but closely related problem:
how can identity representations remain consistent across multiple cameras when camera calibration
is unavailable, unreliable, or impractical to maintain? [128, 148, 149]

Multi-object tracking (MOT) has made substantial progress in recent years through improve-
ments in detection quality, temporal association, and learned appearance modeling [150-153]. As
camera networks become increasingly common in surveillance, transportation, and smart-space envi-
ronments, multi-camera multi-object tracking (MCMOT) has become an important extension of this
problem [148, 149]. Compared with single-camera MOT, MCMOT must preserve identity not only
over time within each view, but also across cameras with different viewpoints, overlap patterns, and
camera-specific appearance bias [148, 154, 155]. This broader setting is especially important in prac-
tical deployments because multiple cameras can reduce blind spots, improve robustness to occlusion,

and extend tracking beyond the field of view of any individual camera [148, 149, 154].

193



Despite this promise, robust MCMOT in real-world camera networks remains difficult [149,
156]. Cross-camera observations often differ substantially due to viewpoint change, scale variation,
partial occlusion, illumination shift, and camera-dependent appearance bias [148, 149, 155]. As a
result, an identity representation that is stable within one camera may transfer poorly across other views
[148, 155]. Many existing MCMOT methods address this problem by relying on camera calibration,
geometric constraints, overlap priors, or scene-specific structural assumptions to establish cross-view
correspondence [149, 154, 157]. While these assumptions can be effective in controlled environments,
they are often difficult to maintain in practical deployments where cameras are reoriented, replaced,
drift over time, or undergo changes in overlap coverage [149, 156].

These limitations motivate a different direction. Rather than depending on camera geometry,
the model should learn cross-camera identity correspondence directly from raw visual observations
[155, 158]. In partially overlapping camera networks, synchronized detections across views naturally
provide a self-supervisory signal: detections that co-occur in time are likely to share useful cross-view
information even without manual identity labels [155, 158]. This suggests that a purely RGB-driven,
self-supervised representation may provide a stronger foundation for truly calibration-free MCMOT
[155, 158].

To this end, this chapter presents CALIBFREE, a self-supervised representation learning frame-
work for multi-camera tracking without camera calibration, geometric constraints, or manual identity
annotations [115]. The key idea is to learn two complementary detection-level embeddings with dis-
tinct roles: a view-agnostic feature for cross-camera association and a view-specific feature for within-
camera temporal tracking [115]. These two representations are learned through a joint distillation-and-
reconstruction scheme. Single-view distillation stabilizes identity-sensitive features within each cam-
era, while cross-view reconstruction aligns identity-relevant cues across cameras using synchronized
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visual overlap alone [115]. A feature-separation regularizer further encourages the two embeddings to
specialize rather than collapse into a single mixed representation [115].

From the perspective of this dissertation, CALIBFREE extends transferable aerial perception
from cross-modal localization to cross-camera identity consistency. Whereas AGL-Net learns cor-
respondence across viewpoint, modality, and scale for localization, CALIBFREE learns transferable
identity representations across camera networks for tracking [115, 128]. Together, these chapters show
that perception becomes more useful when it preserves task-relevant consistency under changing ob-
servation conditions rather than remaining confined to a single sensing setup [115, 128].

The main contributions of this chapter are as follows:

* We introduce a fully self-supervised MCMOT framework that requires neither camera calibra-

tion nor manual identity annotations, enabling robust deployment in dynamic camera networks

[115].

* We propose a representation learning strategy that separates view-agnostic and view-specific
embeddings, allowing cross-camera and within-camera associations to rely on features special-

ized for their respective roles [115].

* We develop a joint single-view distillation and cross-view reconstruction training scheme that
improves identity consistency across time and across cameras without geometric constraints

[115].

* We demonstrate strong and robust performance on challenging MCMOT benchmarks, showing
that CALIBFREE improves both over-time and cross-view tracking while remaining resilient to

detector noise and camera-dependent appearance variation [115].
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Figure 8.1: Multi-Camera Multi-Object Tracking (MCMOT) setup. Left: Multi-view
scenes with individuals tracked across overlapping camera views, each assigned a unique
color-coded bounding box. Top right: Flexible camera configurations illustrating variable
camera numbers and placements across scenarios, or due to factors like malfunction or
relocation. Bottom right: Examples of appearance variations for individuals across differ-
ent viewpoints, highlighting the challenge of maintaining consistent identity association in
multi-view tracking.

8.2 Related Work

Since the earlier chapters of this dissertation have already reviewed the broader literature on
aerial perception and transferable representation learning, here we focus more narrowly on prior work
most directly related to multi-object tracking across camera networks. In particular, this chapter is most
closely connected to four lines of research: single-camera multi-object tracking, multi-camera multi-
object tracking and its benchmarks, geometry- or calibration-dependent cross-camera association,

and self-supervised or unsupervised representation learning for cross-camera tracking.

8.2.1 Single-Camera Multi-Object Tracking

Single-camera MOT has advanced rapidly through improvements in detection quality, temporal
association, and learned appearance modeling. Early online tracking methods such as SORT and

DeepSORT showed that strong detection together with motion prediction and appearance affinity can
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already provide effective within-camera tracking [159, 160]. Subsequent methods further improved
performance by integrating detection and tracking more tightly, for example through joint detection-
tracking pipelines, point-based tracking formulations, and transformer-based association frameworks
[150-153, 161-163]. These methods demonstrate that stable identity association within a single view
can be learned effectively when temporal continuity and appearance consistency are both available.
However, single-camera MOT methods are fundamentally limited to within-view tracking. They
do not address the additional challenge of preserving identity across different cameras, where appear-
ance, viewpoint, scale, and overlap conditions may vary substantially. As a result, features that work
well for temporal association within one camera do not necessarily transfer reliably to cross-camera

identity matching.

8.2.2 Multi-Camera Multi-Object Tracking and Benchmarks

Multi-camera multi-object tracking extends the tracking problem across distributed camera net-
works by requiring both temporal continuity within each view and identity consistency across views.
Early work established this setting through benchmark design, performance measures, and graph-
based or optimization-based formulations that connect observations across cameras [148, 164, 165].
A number of datasets and benchmarks have since played an important role in this area, including
DukeMTMC, WILDTRACK, CityFlow, and more recent multi-view human association datasets such
as MvMHAT [155, 166-169]. These benchmarks collectively show that MCMOT is substantially
more challenging than single-camera MOT because association must remain reliable despite view-
point change, partial overlap, and camera-dependent visual bias.

Recent methods have continued to improve MCMOT performance using graph modeling, global
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association strategies, and stronger identity features [170—173]. At the same time, recent surveys
emphasize that practical deployment remains difficult because many methods still rely on assumptions
that become brittle in dynamic real-world camera networks [149, 156]. This motivates approaches that

reduce dependence on fixed camera geometry or manual scene engineering.

8.2.3 Geometry- and Calibration-Dependent Cross-Camera Association

A major line of prior work addresses cross-camera association through explicit spatial or tem-
poral constraints. Earlier approaches modeled multi-camera tracking using space-time consistency,
inter-camera transition patterns, or graph structures defined over calibrated views [154, 165, 174, 175].
More recent methods also exploit geometric relationships or structured scene priors to narrow the as-
sociation search space and improve tracking consistency across cameras [157, 172, 173].

These methods can be highly effective when calibration is accurate and camera layouts remain
stable. However, such assumptions are often difficult to maintain in practical deployments. Camera
networks may evolve over time due to camera replacement, reorientation, drift, or changing overlap
coverage, making calibration-dependent solutions increasingly costly to maintain at scale [149, 156].
This limitation is especially important for the problem studied in this chapter, where the goal is not
merely to improve association in a fixed network, but to learn identity representations that remain

useful even when explicit camera geometry is unavailable or unreliable.
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8.2.4 Self-Supervised and Unsupervised Representation Learning for Cross-Camera
Tracking

A complementary direction seeks to reduce annotation and calibration dependence by learn-
ing representations directly from the visual data itself. In person re-identification, unsupervised and
tracklet-based learning methods have shown that useful identity structure can emerge without full
manual labels [176—-178]. Related work has also explored self-supervised association across multi-
ple views, showing that co-occurring observations from different cameras can provide a meaningful
supervisory signal for cross-view learning [179].

This idea is especially relevant to MCMOT, where synchronized observations naturally provide
cross-view information even without explicit identity annotations. Recent work such as self-supervised
multi-view multi-human association demonstrates that cross-camera correspondence can indeed be
learned from synchronized RGB observations alone [155, 158]. However, existing methods still face
an important challenge: the same feature representation is often asked to support both within-camera
temporal tracking and cross-camera association, even though these two tasks emphasize different types
of information. Within-view tracking benefits from retaining camera-specific appearance details, while
cross-view matching requires suppressing such bias in favor of more stable identity-preserving cues.

This chapter addresses that gap through CALIBFREE [115]. Unlike calibration-dependent MC-
MOT methods, CALIBFREE learns identity correspondence without camera parameters or geometric
constraints. Unlike approaches that rely on a single shared embedding, it explicitly learns two com-
plementary representations: a view-agnostic feature for cross-camera matching and a view-specific
feature for within-camera temporal association. These representations are learned jointly through

single-view distillation, cross-view reconstruction, and feature-separation regularization, enabling a

199



fully self-supervised and calibration-free solution to multi-camera tracking.

8.3 Problem Formulation and Motivation

We consider multi-camera multi-object tracking (MCMOT) over synchronized video streams

from V' cameras. At time step ¢, let

DY ={D!|i=1,2,...,N'}

denote the set of person detections in camera v, where N, is the number of detections in that view.

The full multi-camera detection set at time ¢ is therefore

D,={D},D? ....D})}.

The goal of MCMOT is to assign detections to identities consistently across both time and cam-
eras. This requires solving two coupled association problems. The first is intra-camera tracking,
where detections must be associated over time within each camera to form temporally stable tracklets.
The second is cross-view matching, where detections from different cameras must be associated when
they correspond to the same subject. In contrast to single-camera MOT, MCMOT therefore requires
a representation that remains useful not only under temporal variation within a view, but also under
cross-camera viewpoint and appearance changes [148—153].

A straightforward approach would be to learn a single detection-level embedding and use it for
both within-camera and cross-camera association. However, this is problematic in the calibration-free

setting considered in this chapter. Temporal tracking within a camera often benefits from preserving
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local appearance details, including pose, clothing texture, and camera-dependent imaging character-
istics. By contrast, cross-camera matching requires suppressing such view-specific bias and empha-
sizing identity-preserving cues that remain stable across viewpoints [148, 155, 158]. A single shared
representation is therefore asked to satisfy two partially conflicting requirements.

A second challenge arises from the absence of camera calibration and manual identity annota-
tions. Many existing MCMOT approaches use geometric constraints, overlap priors, or scene-specific
calibration to reduce cross-camera ambiguity [149, 154, 157]. Without these signals, the model must
infer cross-view identity consistency directly from raw RGB detections alone. This makes the learning
problem substantially harder, since the supervision must come from synchronized observation struc-
ture rather than explicit labels or geometry.

These observations motivate learning two complementary detection-level embeddings with dif-

ferent association roles:

* a view-agnostic feature f,, intended to capture identity-preserving cues that remain consistent

aCross cameras, and

* a view-specific feature f,, intended to preserve appearance details that are useful for temporal

tracking within a camera.

The central question is therefore not only how to learn a strong tracking feature, but how to
learn specialized features that support different forms of association without labels or calibration. In
particular, an effective calibration-free MCMOT framework should satisfy three requirements. First, it
should learn temporally stable within-view representations from masked or partial detections. Second,
it should exploit synchronized cross-view observations to improve identity consistency across cameras.
Third, it should encourage functional specialization between the two learned embeddings rather than
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Figure 8.2: Overview of CALIBFREE. The method includes single-view distillation,
feature separation, and cross-view reconstruction. In single-view distillation (red box),
masked detections are encoded, and feature quality is supervised by a teacher model using
a distillation loss. A separation regularizer encourages the learned features to specialize
into view-agnostic and view-specific components. For cross-view reconstruction (purple
box), pooled view-agnostic features are processed to reconstruct masked patches across
views, optimized with a reconstruction loss.

allowing them to collapse into a single mixed representation [115, 155, 158].

These requirements motivate the design of CALIBFREE. Rather than relying on fixed camera
geometry, CALIBFREE learns representation specialization directly from synchronized RGB obser-
vations. As shown in Figure 8.1 and Figure 8.2, the framework combines single-view distillation,
cross-view reconstruction, and feature-separation regularization to learn one feature for within-camera
temporal association and another for cross-camera identity matching. The next section presents this

formulation in detail.
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8.4 Method

8.4.1 Overview

Within Part I, CALIBFREE studies transferable identity representation learning across camera
networks. Unlike Chapter 7, which focused on transferable correspondence across sensing modalities
for localization, this chapter considers how to preserve task-relevant identity consistency across views
when camera calibration is unavailable.

As illustrated in Figure 8.2, CALIBFREE consists of three main components. First, a shared
feature encoder extracts detection-level representations and splits them into a view-agnostic branch
and a view-specific branch. Second, single-view distillation improves feature stability within each
camera by training a masked student to match an unmasked teacher. Third, cross-view reconstruction
uses synchronized observations from overlapping cameras to align identity-relevant information across
views. A feature-separation regularizer is further applied to encourage the two branches to specialize
for different association roles.

The rest of this section first describes feature extraction and representation specialization, then
introduces single-view distillation and cross-view reconstruction, and finally presents the separation

loss, training objective, and inference procedure for MCMOT.

8.4.2 Feature Extraction and Representation Specialization

At each synchronized time step ¢, person detections are first extracted independently from all
camera views. Let D7 denote the i-th detection in camera v. Each detected region is cropped, resized

to a fixed spatial resolution, and partitioned into non-overlapping patches. After patch embedding,
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every detection is represented as a sequence of patch tokens that serves as the input to the shared
feature encoder.

To improve robustness to partial visibility and encourage contextual reasoning, CALIBFREE
applies random masking to the patch tokens before feature extraction. Specifically, for each detection
we randomly mask a subset of tokens with masking ratio p. Since cross-view reconstruction will later
use synchronized detections from multiple cameras, the same mask pattern is applied across all views
at the same time step. This preserves spatial correspondence across observations and ensures that the
reconstruction objective focuses on differences induced by viewpoint rather than arbitrary masking
inconsistency.

The visible tokens are then processed by a shared ViT-based encoder. Let the resulting patch-

level feature for a detection be denoted by

MvisE
feRTTE,

where M is the number of visible tokens and £ is the embedding dimension. Instead of using this
feature as a single mixed representation, CALIBFREE splits it channel-wise into two equally sized

components:

f, € RM"“XE/Q, f, € RMvinE/g

Here, f, is the view-agnostic feature, intended to encode identity-preserving information that transfers
across cameras, while f is the view-specific feature, intended to retain appearance details that are
useful for temporal tracking within a single view.

This separation is motivated by the observation that cross-camera association and within-camera
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tracking are related but not identical tasks. Cross-camera identity matching should suppress camera-
dependent bias and emphasize stable identity cues, whereas temporal tracking within a camera can
still benefit from local appearance information specific to that view. A single shared embedding must
therefore balance two partially conflicting objectives. By contrast, CALIBFREE explicitly allocates
representational capacity to each role.

In practice, the two branches are not assumed to be strictly disentangled in a strong theoretical
sense. Rather, the goal is functional specialization: the view-agnostic branch should become more
suitable for cross-view association, while the view-specific branch should become more effective for
within-view temporal tracking. The following two subsections describe the two supervisory signals

that drive this specialization.

8.4.3 Single-View Distillation

Single-view distillation is introduced to improve the stability of the learned detection represen-
tation within each camera. At a high level, this module trains a masked student encoder to recover
the representation produced by a stronger unmasked teacher on the same detection crop. This encour-
ages the student to preserve identity-relevant information even when only partial visual evidence is
available.

Formally, let the teacher process the full detection crop and output a patch-level representation
f*, while the student processes the masked version and outputs f*. The student is then trained to match
the teacher through a distillation objective

ﬁdistill .

In practice, this loss is applied at the patch-feature level so that the student learns to reconstruct stable
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local identity structure rather than only a global pooled descriptor.

This objective is especially useful for within-camera tracking. In a single view, detections may
vary over time because of pose change, occlusion, motion blur, or partial visibility. By forcing the
masked student to approximate the unmasked teacher, CALIBFREE encourages both f, and f, to
remain informative under incomplete observations. As a result, the learned representation becomes
more stable for temporal association within each camera.

However, single-view distillation alone is not sufficient for calibration-free MCMOT. It improves
robustness within a view, but it does not explicitly encourage identity consistency across views. This

motivates the second self-supervisory signal, cross-view reconstruction.

8.4.4 Cross-View Reconstruction

Cross-view reconstruction provides the main mechanism by which CALIBFREE learns cross-
camera consistency without camera calibration or identity labels. The key observation is that syn-
chronized detections from different cameras may contain complementary views of the same subject or
scene region. Even without explicit correspondence labels, these co-occurring observations provide a
meaningful supervisory signal for learning transferable identity features.

CALIBFREE uses the view-agnostic branch f, for this purpose. For each synchronized time
step, detection-level features from different cameras are first pooled and aggregated, and the resulting
multi-view representation is passed through a cross-view encoder—decoder pathway. The decoder is
trained to predict the masked patches of each target detection using information available from other

views. The associated reconstruction objective is denoted by

ﬁrecon .
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Unlike single-view masked modeling, this objective explicitly encourages the model to use in-
formation from other cameras. As a result, the learned view-agnostic representation is pushed to
encode identity-relevant structure that remains informative under viewpoint change. This is precisely
the property needed for cross-camera association in a calibration-free setting.

Another important advantage of this design is that it does not require geometry, epipolar con-
straints, or camera parameters. The only supervision comes from synchronized co-occurrence in RGB
observations. In this sense, cross-view reconstruction is the core mechanism that enables CALIBFREE

to learn cross-camera correspondence directly from raw multi-view video.

8.4.5 Feature Separation Regularization

Although single-view distillation and cross-view reconstruction provide complementary super-
vision, the two learned representations can still overlap substantially if no additional constraint is
imposed. In particular, without regularization, the view-agnostic and view-specific branches may col-
lapse into similar mixed features, weakening the intended specialization of the model.

To address this issue, CALIBFREE applies a separation loss

Liep,

which encourages f, and f, to capture different aspects of the detection representation. The purpose
of this term is not to claim strict disentanglement in a strong information-theoretic sense. Instead, the
goal is functional specialization: f, should become less sensitive to camera-dependent variation and
more suitable for cross-view association, while f, should retain appearance cues that remain useful for

temporal association within each camera.
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This regularization plays an important supporting role in the overall framework. Single-view dis-
tillation tends to preserve stable within-view information, while cross-view reconstruction encourages
cross-camera consistency. The separation loss complements these two objectives by allocating repre-
sentational capacity more explicitly across the two branches. Later experiments show that this leads to
more meaningful specialization and improved tracking behavior across intra-camera and cross-camera

settings.

8.4.6 Training Objective

The final training objective combines the three components described above:

L= 'Cdistill + 'Crecon + Esep~ (81)

These terms serve distinct but complementary roles. The distillation loss improves the stability
and quality of masked detection features within each camera. The reconstruction loss aligns identity-
relevant structure across synchronized views and provides the key self-supervisory signal for cross-
camera consistency. The separation loss encourages the two feature branches to specialize rather than
collapse into redundant representations.

Together, these objectives allow CALIBFREE to learn calibration-free identity representations
from synchronized RGB detections alone. Importantly, no manual identity labels, camera calibration
parameters, or explicit geometric constraints are required during training. The representation is instead
shaped entirely by temporal consistency within a view, synchronized co-occurrence across views, and

the pressure to specialize for different association roles.
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8.4.7 Inference for MCMOT

At inference time, each detection is encoded once and produces both f, and f;. These two
features are then used differently during tracking.

The view-specific feature f, is used primarily for within-camera temporal association. Since this
branch preserves appearance details that remain informative within a single view, it is more suitable
for linking detections over time inside each camera. By contrast, the view-agnostic feature f, is used
primarily for cross-camera association, since it is encouraged during training to suppress camera-
dependent bias and retain more stable identity-preserving cues across viewpoints.

This division of roles is central to CALIBFREE. Instead of forcing a single shared embedding
to solve both within-view and cross-view association, the framework uses two specialized embeddings
whose behavior is learned self-supervised during training. In this way, inference remains simple—each
detection is encoded once—but the learned representation is better aligned with the distinct demands

of MCMOT in dynamic camera networks.

8.5 Experimental Evaluation

In this section, we evaluate CALIBFREE on two challenging multi-camera benchmarks in order
to answer three questions. First, can calibration-free identity representations learned from synchro-
nized RGB observations support both within-camera and cross-camera association? Second, does the
proposed specialization into view-agnostic and view-specific features improve tracking performance
over strong baselines and simplified variants? Third, do the results support the broader claim of this
chapter—namely, that task-relevant identity consistency can be learned and transferred across camera

networks without camera calibration or manual identity annotations?
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8.5.1 Datasets and Evaluation Protocol

We evaluate CALIBFREE on two challenging multi-camera benchmarks: MMP-MvMHAT and
MvMHAT. These datasets serve complementary roles in this chapter. MMP-MvMHAT provides an in-
door setting with relatively dense view overlap and substantial identity ambiguity caused by cluttered
office-like layouts, while MVMHAT includes both indoor and outdoor scenes with greater variation
in camera layout, overlap pattern, and appearance conditions. Together, they allow us to test whether
CALIBFREE can remain effective across different levels of cross-view difficulty and deployment com-
plexity [155, 157, 158].

Following prior work, we evaluate performance along three axes. The first is over-time tracking,
which measures temporal identity consistency within each camera using metrics such as IDP, IDR,
IDF1, MOTA, and HOTA. The second is cross-view tracking, which measures cross-camera associa-
tion quality using AIDP, AIDR, AIDF1, and MHAA. The third is overall performance, summarized by
combined accuracy and F1-style measures. This protocol is important because calibration-free MC-
MOT must succeed not only in temporal tracking within each view, but also in maintaining identity
consistency across views [155, 157].

From the perspective of this dissertation, this evaluation setup is especially meaningful because it
tests whether transferable identity consistency can be learned across camera networks under changing
observation conditions. In other words, the goal is not merely to track well within one camera, but to

preserve task-relevant identity information when the view itself changes.

8.5.2 Main Results on MMP-MvMHAT

The main comparison on MMP-MvMHAT is shown in Table 8.1.
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Over-time Tracking Cross-view Tracking Overall

Methods IDP IDR IDF1 MOTA HOTA | AIDP AIDR AIDF1 MHAA ‘ A F
Supervised

Tracktor++[150] 67.0 56.0 61.0 67.2 46.2 62.0 232 33.8 19.1 43.1 474
CenterTrack[151] 359 241 288 48.2 27.1 29.3 39 6.8 3.1 257 17.8
TraDeS[152] 59.7 50.1 545 66.1 42.7 54.5 17.3 26.2 13.3 1397 404
TrackFormer[153] 41.8 28.6 34.0 46.7 30.2 39.9 5.3 9.4 32 25.0 21.7
DeepCC[148] 51.6 525 521 92.5 59.3 427 234 30.2 19.7 | 56.1 412
SVT[180] 63.1 634 633 96.7 68.8 53.8 334 412 29.8 | 63.1 523

Self-supervised
MvMHAT (YOLOX)[155] | 51.1 532 527 82.1 472 30.4 17.1 232 14.1 48.1 379
MvMHAT (GT)[155] 58.6 58.8 58.7 93.7 65.0 354 212 26.5 203 | 57.0 426
MvMHAT++ (YOLOX)[157] | 59.3 60.5 60.1 82.2 52.1 457 341 40.5 289 | 555 503
MvMHAT++ (GT)[157] 67.1 67.6 673 95.0 70.2 62.1 425 50.4 40.6 | 67.8 58.9

CALIBFREE (YOLOX) |813 77.1 79.1 82.5 59.2 523 484 50.3 344 | 584 64.7
CALIBFREE (GT) 82.2 78.0 80.0 97.6 75.7 55.0 509 52.8 442 |70.8 664

Table 8.1: Results on MMP-MvMHAT. CALIBFREE achieves the strongest overall per-
formance and consistently improves identity tracking quality across both over-time and
cross-view evaluation settings. All metrics are reported as percentages.

CALIBFREE achieves the strongest overall performance among both supervised and self-supervised
baselines. In over-time tracking, it reaches the best IDF1, MOTA, and HOTA, showing that the learned
features remain highly stable within each camera. In cross-view tracking, it also improves AIDR,
AIDF1, and MHAA over prior methods, indicating stronger identity consistency across camera view-
points.

A particularly important practical result is that CALIBFREE remains more robust to imperfect
detection boxes than prior self-supervised approaches. This matters because detector noise is un-
avoidable in real deployments, and a useful calibration-free system must remain effective even when
bounding boxes are not ideal. The gains on both temporal and cross-view metrics therefore suggest
that the proposed representation specialization improves not only benchmark performance, but also
robustness under realistic tracking conditions.

More broadly, these results support the central claim of this chapter. CALIBFREE is not sim-
ply learning a stronger generic embedding; rather, it is learning identity features that remain useful
under changing camera viewpoints without relying on calibration. This directly supports the broader

theme of Part III: perception becomes more useful when it preserves task-relevant consistency across
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Over-time Tracking Cross-view Tracking Overall
Methods IDP IDR IDF1 MOTA HOTA ‘ AIDP AIDR AIDF1 MHAA‘ A F

Supervised
Tracktor++[150] | 54.2 40.1 46.1 66.5 42.8 343 14.6 20.5 37.1 51.8 333
CenterTrack[151] | 44.3 33.5 38.1 63.5 37.8 29.7 9.1 13.9 34.1 48.8 26.0
TraDeS[152] 46.7 432 449 69.5 429 324 14.0 19.6 36.0 |52.8 322
TrackFormer[153] | 52.3 472 49.6 70.4 473 47.8 232 31.3 40.2 | 553 404
DeepCC[148] 447 442 444 63.9 41.1 579 348 43.4 43.8 | 539 439
SVT[180] 479 472 476 65.4 43.1 61.7  45.7 52.5 504 | 569 50.0

Self-supervised
MvMHAT[155] | 53.1 52.0 525 64.7 47.9 53.0 464 49.5 51.7 | 582 51.0
MvMHAT++[157] | 58.5 574 579 663 51.8 63.8  56.0 59.6 59.7 | 63.0 588

CALIBFREE |59.1 584 587 604 520 | 589 562 574  57.0 |584 581

Table 8.2: Results on MVMHAT. CALIBFREE achieves best or second-best performance
across most key metrics, showing strong tracking robustness in a more diverse multi-
camera benchmark. All metrics are reported as percentages.

observation regimes instead of remaining tied to a single view.

8.5.3 Results on MVMHAT

Table 8.2 reports results on the more diverse MVMHAT benchmark.

On this dataset, CALIBFREE again achieves best or second-best performance across most key
metrics. In particular, it attains the strongest over-time identity stability and remains highly competitive
for cross-view association. Although MVMHAT++ achieves slightly stronger precision-oriented cross-
view metrics in some settings, CALIBFREE delivers a more unified annotation-free framework with a
strong overall balance between within-view and cross-view performance.

This result is especially meaningful because MvMHAT includes more challenging deployment
conditions, including sparser overlap and greater camera diversity. The fact that CALIBFREE remains
competitive in this setting suggests that the learned specialization of view-agnostic and view-specific
features is not tied to a narrowly controlled benchmark. Instead, it remains useful when the camera
network becomes more heterogeneous and the assumptions needed by calibration-dependent methods

become less reliable.
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From a dissertation perspective, this point is important. If the gains were limited to the denser
and more controlled benchmark, the chapter would mainly show that self-supervised calibration-free
tracking is feasible in favorable settings. By contrast, the MvMHAT results suggest that transferable
identity consistency can remain useful even when the camera network becomes more diverse, which

better supports the broader argument of Part III.

8.5.4 Ablation Studies

We next analyze the main design components of CALIBFREE through three complementary
ablation experiments. These experiments are designed to answer different questions. First, does the
full framework outperform simpler variants that remove one or more training signals? Second, how
sensitive is the learned representation to the detector used during pretraining and inference? Third, do
the two learned feature branches indeed specialize into different functional roles, as intended by the
design of CALIBFREE?

Table 8.3 evaluates the effectiveness of the main training components by comparing four model
variants: a teacher-only feature baseline, a distillation-only variant, a reconstruction-only variant,
and the full CALIBFREE model. This experiment is designed to test whether the three proposed
ingredients—single-view distillation, cross-view reconstruction, and feature separation—play com-
plementary roles or whether the final gains can already be obtained from a simpler training objective.

The teacher-only baseline already provides reasonably strong over-time tracking, which suggests
that detection-level visual features contain useful identity information within each camera. Adding
single-view distillation further improves temporal stability, indicating that masked student learning

helps preserve identity-relevant cues under partial visibility and appearance variation. By contrast, the

213



Over-time Tracking Cross-view Tracking Overall
Methods IDP IDR IDF1 MOTA HOTA ‘ AIDP AIDR AIDF1 MHAA | A F

ViT-L (teacher) 82.1 77.8 1799 97.5 75.6 479 444 46.1 36.7 | 67.1 63.0
Distillation only | 784 67.8 72.7 97.2 68.4 475  40.1 435 344 | 658 58.1
Reconstruction only | 81.2 77.1 79.1 97.5 75.2 52.3 48.4 50.3 41.8 69.7 64.7

CALIBFREE ‘82.2 78.0 80.0 97.6 75.7 ‘ 550 509 52.8 44.2 ‘70.8 66.4

Table 8.3: Ablation studies on CALIBFREE variants. The full model achieves the
best overall performance, showing that distillation, cross-view reconstruction, and feature
specialization provide complementary benefits for calibration-free multi-camera tracking.
All metrics are reported as percentages.

Pretraining Inference Over-time Tracking Cross-view Tracking Overall
Detector Detector IDP IDR IDF1 MOTA HOTA \ AIDP AIDR AIDF1 MHAA \ A F
YOLOv7 YOLOvV7 59.9 575 58.6 449 47.7 472 443 45.7 164 | 30.7 522

Ground Truth YOLOV7 59.8 574 585 449 47.7 493  46.1 47.6 183 | 31.6 53.1
YOLOX YOLOX 813 77.1 79.1 82.5 59.2 523 484 50.3 344 | 584 647

Ground Truth YOLOX 81.0 76.8 78.9 82.5 59.0 540  50.1 52.0 375 | 60.0 655
Ground Truth Ground Truth | 82.2 78.0 80.0 97.6 75.7 550 509 52.8 442 | 70.8 664

Table 8.4: Ablation study on detector choice during pretraining and inference. CAL-
IBFREE remains relatively robust to the detector used during pretraining, while detector
quality at inference has a larger effect on final tracking performance. All metrics are re-
ported as percentages.

reconstruction-only variant is more beneficial for cross-view matching, since it explicitly encourages
the model to use synchronized observations from other cameras to recover masked content. The full
CALIBFREE model achieves the strongest overall balance, showing that temporal stabilization, cross-
view alignment, and representation specialization are all needed for robust calibration-free MCMOT.
This experiment therefore confirms that the gains do not come from a single stronger feature extractor,
but from the interaction between the three proposed training signals.

Table 8.4 studies the effect of detector choice during pretraining and inference. In this experi-
ment, different detectors are used to generate the person bounding boxes for representation learning
and for the final tracking stage. The purpose is to evaluate how strongly CALIBFREE depends on the
detector and whether the learned representation remains useful when the detector quality changes.

The results show that CALIBFREE is relatively robust to the detector used during pretraining,

while detector quality at inference time has a larger effect on final tracking performance. This is
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Feature Camera ID Acc. (%) 1 Intra-Cam IDF1 (%) 1 Cross-Cam IDF1 (%) 1

fa (view-agnostic) 33.6 71.8 64.2
fs (view-specific) 78.4 74.9 52.6
Merged (fq, + fs) 61.3 73.8 58.6
fa® fs - 74.2 59.7

Table 8.5: Camera-sensitivity probe. The view-specific feature f, is substantially

more camera-dependent and performs better for intra-camera association, while the view-

agnostic feature f, suppresses camera cues and performs better for cross-camera matching.

Merged uses a single shared embedding without feature separation, while f, & f; routes

fa and f; to cross-camera and intra-camera association, respectively; camera-ID probing

is therefore not applicable in that setting.
expected because poor detections at inference directly degrade both within-camera and cross-camera
association, regardless of how good the representation is. At the same time, the relatively small vari-
ation across pretraining detectors suggests that the learned representation is not tightly overfit to one
specific detector. This is an important practical property, since calibration-free tracking systems are
likely to be deployed with imperfect or changing detectors in real-world camera networks.

Table 8.5 provides direct evidence for feature specialization through a camera probing exper-
iment. In this experiment, we train a lightweight camera-ID classifier on top of each learned fea-
ture branch and measure how accurately the feature can predict from which camera a detection was
captured. The purpose of this test is not to improve tracking directly, but to diagnose what kind of
information each branch encodes. If a feature strongly preserves camera-dependent information, it
should achieve high camera-ID accuracy. Conversely, if a feature suppresses camera-specific bias and
becomes more view-invariant, its camera-ID accuracy should be lower.

The probing results show that the view-specific feature f; achieves much higher camera-ID
prediction accuracy, while the view-agnostic feature f, is substantially less camera-sensitive. This

is exactly the behavior intended by the design of CALIBFREE. The result indicates that f, retains

view-dependent appearance cues that are useful for within-camera temporal tracking, whereas f, sup-
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presses camera-specific information and is therefore better suited for cross-camera identity matching.
In other words, the two branches do not simply duplicate one another; they learn measurably different
functional roles. This experiment is especially important because it provides direct evidence that the
proposed feature separation is not only conceptually motivated, but also empirically realized in the
learned representation.

From the perspective of this dissertation, these ablation results are significant because they clar-
ify what transferable identity consistency requires in dynamic camera networks. The results suggest
that calibration-free MCMOT cannot be reduced to generic representation learning alone. Instead,
successful transfer across cameras requires three ingredients: stable within-view learning, explicit
cross-view alignment, and representation specialization that separates camera-dependent appearance

cues from camera-robust identity information.

8.5.5 Qualitative Analysis

Figure 8.3 visualizes cross-view reconstruction in CALIBFREE.

Even when large image regions are masked, the model can recover appearance and identity-
relevant structure using complementary observations from other views. This provides an intuitive
illustration of why synchronized co-occurrence is a powerful supervisory signal for calibration-free
MCMOT. Rather than relying on camera geometry, the model learns to use distributed visual evidence
across views to preserve the information needed for identity association.

These visualizations are consistent with the quantitative results. They suggest that CALIBFREE
is learning more than a benchmark-specific similarity function: it is learning how identity-relevant

structure persists across views and can be reconstructed from complementary observations. This qual-
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input mask reconstructed input mask reconstructed

Figure 8.3: Cross-view reconstruction results. The input images show the original crops,
while the masked images indicate regions removed for reconstruction. CALIBFREE re-
constructs the masked regions by leveraging complementary observations across views,
recovering consistent appearance and identity-relevant cues even when large portions are
obscured.

itative behavior reinforces the main claim of the chapter that cross-camera identity consistency can be

learned directly from synchronized RGB observations, without explicit calibration or annotation.

8.6 Discussion

CALIBFREE can be understood as a framework for learning transferable identity consistency
across camera networks. Its main significance is therefore not only that it performs multi-camera
tracking without calibration, but that it shows how task-relevant identity information can be preserved
under changing viewpoints without relying on explicit geometry. In this setting, the challenge is not
merely to build a stronger tracker, but to learn a representation that remains useful when the observation

regime itself changes from one camera to another.
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This perspective helps explain why the proposed design differs from conventional MCMOT
formulations. Once calibration is removed, cross-camera association can no longer depend on camera
parameters, epipolar constraints, or hand-designed transition structure. Instead, the model must learn
correspondence directly from synchronized visual evidence. At the same time, within-camera temporal
tracking and cross-camera identity matching do not place identical demands on the representation. The
former benefits from retaining local appearance detail, while the latter requires suppressing camera-
specific bias in favor of more stable identity-preserving cues. The central contribution of CALIBFREE
is to address this tension explicitly through representation specialization.

The experimental results support this interpretation. The gains are not explained by a single
stronger embedding or by a single auxiliary loss. Rather, they arise from the interaction between
three ingredients: feature stabilization within a view, alignment across views, and separation between
view-specific and view-agnostic information. In this sense, CALIBFREE suggests that calibration-free
MCMOT is best understood not as a pure tracking problem, but as a representation transfer problem
across camera networks.

From the perspective of Part III, this chapter complements Chapter 7 in an important way. AGL-
Net showed that aerial observations can serve as transferable global references across sensing modal-
ities for localization. CALIBFREE shows that identity representations can also remain transferable
across camera views for tracking. Together, these chapters broaden the role of perception from un-
derstanding within a single sensing regime to preserving task-relevant consistency across changing
observation conditions. This is the larger thesis-level significance of CALIBFREE.

More broadly, the results suggest that transferable perception in camera networks depends on
both invariance and specialization. A representation that is too view-specific may fail to generalize
across cameras, while one that is too aggressively view-invariant may discard information needed for
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local temporal association. CALIBFREE indicates that these competing demands are better handled
by explicitly allocating different representational roles rather than forcing a single embedding to solve
both problems at once. This principle may be useful beyond MCMOT, including in multi-view activity

understanding, distributed sensor fusion, and adaptive camera-network reasoning.

8.7 Limitations

Although CALIBFREE improves calibration-free MCMOT, it still has several limitations.

First, the current training formulation assumes at least some degree of synchronized cross-view
overlap. Cross-view reconstruction relies on co-occurring observations from different cameras, and
this signal weakens when overlap becomes extremely sparse or when synchronization quality dete-
riorates. As a result, the method may be less effective in camera networks where useful cross-view
co-occurrence is rare.

Second, the framework still depends on the quality of the person detections used as input. While
the detector ablation shows that CALIBFREE is reasonably robust to detector variation, poor detec-
tions at inference time can still degrade both within-camera and cross-camera association. In practice,
this means that calibration-free identity learning alone cannot fully compensate for severe upstream
detection errors.

Third, although the feature probing results support the intended specialization of f, and f, the
method does not guarantee strict disentanglement in a strong theoretical sense. The two branches are
encouraged to play different functional roles, but they may still share overlapping information. For
this reason, the claim of the chapter is best understood as one of functional specialization rather than

exact disentanglement.
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Fourth, the current formulation focuses on detection-level association in synchronized camera
networks and does not explicitly model richer temporal context beyond the training objectives them-
selves. In more complex settings, longer-term memory, adaptive temporal reasoning, or explicit un-
certainty modeling may further improve robustness, especially under prolonged occlusion or delayed
Cross-camera reappearance.

Finally, the empirical evaluation, although strong, remains limited to two multi-camera bench-
marks. Broader validation across more diverse camera networks, more severe domain shifts, and
different overlap regimes would be helpful for fully characterizing how well the learned identity rep-
resentations generalize in evolving real-world deployments.

These limitations suggest that CALIBFREE should be viewed as a strong step toward transfer-
able calibration-free MCMOT rather than a complete solution. Nevertheless, the results of this chapter
indicate that self-supervised representation specialization is a promising direction for preserving iden-

tity consistency across camera networks without geometric assumptions.

8.8 Conclusion

This chapter presented CALIBFREE [115], a fully self-supervised calibration-free framework
for multi-camera multi-object tracking. By combining single-view distillation, cross-view recon-
struction, and feature-separation regularization, CALIBFREE learns complementary view-agnostic
and view-specific embeddings that support both cross-camera and within-camera association without
requiring camera calibration or manual identity annotations. Experiments on MMP-MvMHAT and
MvMHAT demonstrated strong and robust tracking performance, and further analysis showed that the

learned feature branches indeed specialize for different association roles.
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The results support the main claim of this chapter: calibration-free MCMOT requires more than a
single generic tracking representation. Once identity must remain consistent across camera networks,
the model must simultaneously preserve temporal stability within a view and transfer identity cues
across views. CALIBFREE addresses this challenge by learning specialized representations whose
roles are aligned with these two distinct association problems.

From the perspective of this dissertation, CALIBFREE establishes the second part of the broader
argument developed in Part III. AGL-Net showed that transferable correspondence can be learned
across sensing modalities for localization. CALIBFREE shows that transferable identity consistency
can also be learned across camera views for tracking. Together, these chapters demonstrate that ef-
fective perception depends not only on strong within-domain representations, but also on transferable
representations that preserve task-relevant consistency when the observation condition changes.

More broadly, this chapter reinforces the central thesis theme that perception becomes substan-
tially more powerful when it is designed to transfer across views, modalities, and sensing configu-
rations rather than remaining confined to a single observation regime. In this sense, CALIBFREE
extends the scope of transferable perception from spatial correspondence across modalities to identity

correspondence across camera networks, and thereby completes the argument of Part III.
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Chapter 9: Conclusion

9.1 Thesis Overview

This dissertation studied aerial perception as a spatial-temporal representation learning prob-
lem. The central premise was that effective aerial perception requires representations that are refined
for aerial-specific visual understanding, practical under real-world deployment constraints, and trans-
ferable across heterogeneous sensing conditions. This perspective was motivated by the distinctive
characteristics of aerial, overhead, and elevated-view observations, including weak foreground visibil-
ity, large background dominance, viewpoint and scale variation, camera motion, limited labeled data,
and substantial shifts across sensing setups. Taken together, these factors make it difficult to directly
apply standard perception pipelines developed for conventional ground-view settings.

To address these challenges, this dissertation developed three complementary themes. The
first theme focused on refined spatial-temporal representation learning for aerial video understanding,
showing that aerial action recognition benefits from stronger temporal alignment, more informative
temporal evidence selection, and better semantic guidance. The second theme focused on practical
and scalable aerial perception under real-world constraints, showing that aerial perception depends not
only on representation quality, but also on efficient inference and supervision-efficient learning. The
third theme focused on transferable aerial perception across views, modalities, and camera networks,

showing that aerial perception becomes substantially more powerful when learned representations can
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preserve task-relevant consistency across changing sensing conditions.

Across these themes, the dissertation advanced a unified view of aerial perception beyond iso-
lated task-specific solutions. Rather than treating action recognition, self-supervised pretraining, lo-
calization, and multi-camera tracking as unrelated problems, this dissertation argued that they are
connected by three recurring requirements: refinement, practicality, and transferability. Refinement
is necessary because aerial observations are often weak, noisy, and dominated by irrelevant back-
ground. Practicality is necessary because aerial perception systems must operate under constraints
on computation, resources, and annotation. Transferability is necessary because aerial perception
increasingly involves heterogeneous sensing platforms, changing viewpoints, and distributed camera
environments. In this sense, the dissertation contributes not only individual methods, but also a broader

representation-centric perspective on what robust aerial perception should require.

9.2 Limitations of the Present Dissertation

Although this dissertation develops a unified perspective on aerial perception, several limitations
remain. First, the proposed methods are still largely organized around specific task settings, including
aerial action recognition, aerial-ground localization, and multi-camera tracking. While these tasks
reveal common representation learning principles, the dissertation does not yet provide a single unified
model that jointly addresses all of them within one aerial foundation framework.

Second, many of the proposed methods are evaluated in benchmark-driven settings with rela-
tively well-defined task formulations. Although these benchmarks capture important aerial-specific
challenges, they do not fully reflect the open-world, long-horizon, and continuously changing condi-

tions faced by real deployed aerial systems. In particular, issues such as evolving semantic categories,
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long-term environmental change, and large-scale multi-platform coordination remain only partially
addressed.

Third, the dissertation primarily studies perception as an inference problem over given obser-
vations. While this is an important step, many real aerial systems require tighter coupling between
perception and action, including viewpoint selection, motion planning, active sensing, and coordina-
tion across agents. These interactive aspects fall outside the main scope of the present dissertation.

Finally, although the dissertation studies transfer across views, modalities, and camera networks,
transferability is still examined in relatively structured settings. A broader understanding of how aerial
representations generalize across larger domain gaps, more diverse sensing configurations, and less

controlled deployment environments remains an important open problem.

9.3 Broader Perspective and Future Directions

Beyond the individual tasks studied in this dissertation, a broader perspective emerges: aerial
perception is fundamentally shaped by the tension between what is observable, what is practically
learnable, and what remains transferable across changing sensing conditions. Unlike many conven-
tional perception settings, aerial observations are rarely dense, stable, and semantically clean. Instead,
they are often characterized by weak foreground cues, dynamic viewpoints, large scene coverage,
sparse supervision, and substantial mismatch across platforms and sensing modalities. As a result,
progress in aerial perception depends not only on improving benchmark performance for individ-
ual tasks, but also on developing representation learning principles that remain effective under these
broader sources of variation.

One important future direction is the development of more unified aerial foundation models.
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Much of the work in this dissertation focused on task-specific solutions for action recognition, local-
ization, and tracking. While this was necessary to address the unique challenges of each setting, an
important next step is to investigate whether these ideas can be integrated into a more general aerial
representation learning framework. In particular, future models may need to jointly capture temporal
dynamics, geometric structure, semantic salience, and cross-view consistency within a shared pretrain-
ing paradigm, rather than treating these components separately.

A second promising direction is open-world aerial perception. Many current benchmarks assume
closed label spaces, fixed class definitions, and relatively constrained deployment settings. In practice,
however, aerial perception systems must often reason under open vocabulary, evolving environments,
and previously unseen events. Extending aerial perception from closed-set recognition toward open-
world understanding will require models that can generalize beyond predefined training categories,
adapt to new semantic concepts, and remain robust when the environment changes over time.

A third direction is the move from passive observation toward interactive and embodied aerial
intelligence. Most problems studied in this dissertation assume that perception is applied to already
captured observations. In real autonomous systems, however, perception and action are tightly cou-
pled: where to look, how to move, which viewpoint to acquire, and when to coordinate with other
sensing platforms all influence what can ultimately be understood. This suggests that future aerial
perception research should increasingly study the interplay between representation learning, decision
making, and active sensing, especially in long-horizon or multi-agent settings.

Finally, future work should further investigate multi-platform and cooperative perception. Sev-
eral chapters in this dissertation already moved in this direction by studying aerial-ground correspon-
dence and multi-camera identity consistency. A natural extension is to consider larger systems in
which aerial platforms, ground robots, static cameras, and other sensing agents cooperate within a
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shared perceptual framework. In such settings, the key challenge will be not only to transfer across
modalities and viewpoints, but also to learn representations that support communication, coordination,
and task-level consistency across distributed sensing systems.

In summary, this dissertation argued that aerial perception should be approached as a repre-
sentation learning problem defined by refinement, practicality, and transferability. Looking forward,
the field is likely to benefit most from methods that move beyond isolated task-specific solutions and
instead support unified, adaptive, and collaborative perception across diverse aerial sensing environ-
ments. It is in this broader sense that aerial perception can progress from specialized recognition

systems toward more general and robust visual intelligence.
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