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Human-centric vision tasks, such as human detection and pose understanding, are fundamentally

constrained by limited data availability and the high cost of annotation, posing significant challenges

for data-driven learning approaches. These challenges are further amplified in UAV-based and multi-

modal scenarios. In UAV-based settings, large variations in viewpoint, scale, and imaging conditions

demand substantially more data to learn robust and generalizable representations. In multimodal set-

tings, annotation becomes more complex, requiring semantically consistent alignment across modal-

ities (e.g., vision and language), which further limits scalability. This dissertation addresses these

challenges through advances in dataset design, synthetic data utilization, and scalable multimodal an-

notation, supported by novel methods, benchmarks, and systematic analyses.

For UAV-based scenarios, we focus on aerial-view human detection. We first introduce Archangel,

a hybrid benchmark that integrates real and synthetic imagery with metadata on camera position and



human pose, enabling fine-grained evaluation under diverse conditions. Our analysis reveals that

naively incorporating synthetic data into training is often ineffective due to the domain gap between

synthetic and real data. To address this, we propose Progressive Transformation Learning (PTL),

which incrementally selects and transforms synthetic data to better align with the real domain based

on measured domain discrepancies before incorporating it into training, leading to improved detection

performance in data-scarce settings. We further develop SynPoseDiv, a synthetic pose diversifica-

tion framework that combines a diffusion-based pose generator with a pose-guided image translation

model, enhancing synthetic data diversity and improving performance.

For multimodal scenarios, we address the challenge of scalable annotation for composed pose

retrieval (CPR). We propose AutoComPose, a framework based on multimodal large language models

(LLMs) that enables automatic pose-transition annotation. To evaluate its effectiveness, we construct

new CPR benchmarks, demonstrating improved retrieval performance while substantially reducing

reliance on manual annotation.

In summary, this dissertation demonstrates that data scarcity in human-centric vision can be

effectively mitigated through improved dataset curation, the effective use of synthetic data via pro-

gressive sim-to-real transformation, enhanced pose diversity, and automated multimodal annotation.

These contributions advance scalable and data-efficient learning in complex visual environments.
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Chapter 1: Introduction

Human-centric vision tasks, such as human detection [1], pose estimation [2], and pose re-

trieval [3], are central to a wide range of applications, including surveillance [4], search and rescue [5],

sports analysis [6], and rehabilitation [7]. In recent years, data-driven approaches, particularly deep

learning methods, have driven substantial progress in these domains through increasingly powerful

models and the availability of large-scale datasets [8]. However, these methods remain heavily depen-

dent on access to abundant, high-quality annotated data. In many real-world scenarios, collecting such

data is challenging, expensive, and often not scalable.

Unmanned aerial vehicle (UAV)-based vision [9, 10, 11] scenarios present a particularly de-

manding case. Compared with conventional ground-based imagery, UAV imagery exhibits much larger

variation in viewpoint, scale, and image quality [12]. As a result, human appearance can vary drasti-

cally depending on the UAV’s position and perspective. Developing robust and generalizable models

under these conditions requires datasets that not only capture broad visual diversity but also provide

metadata describing the relationship between scene content and imaging conditions. However, existing

UAV-based datasets often lack such detailed metadata, limiting both model development and system-

atic analysis. This limitation motivates the exploration of alternative data sources that can provide

richer control and annotation.

Synthetic data has emerged as a promising solution [13, 14, 15, 16]. Modern rendering tools [17,

18] enable scalable data generation with minimal annotation cost by providing precise control over fac-

tors such as viewpoint, human appearance, pose, and scene composition. However, naively incorpo-

rating synthetic data into training pipelines is often insufficient due to the visual discrepancy between

synthetic and real imagery [19, 20]. Accurately measuring this discrepancy, commonly referred to as

the domain gap, and effectively aligning synthetic and real data through sim-to-real transformation
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become key challenges in fully exploiting synthetic data for model training.

Beyond domain alignment, diversity is equally critical in constructing effective synthetic datasets.

In human-centric vision, human pose is a primary source of appearance variation [21]. Poses are highly

diverse, structurally complex, and infeasible to enumerate exhaustively, especially in aerial-view sce-

narios. Nevertheless, existing synthetic data pipelines typically rely on limited, closed-source, and

handcrafted character and motion assets, restricting scalability and coverage of plausible pose varia-

tions. Enhancing pose diversity in a scalable manner is therefore essential for improving the perfor-

mance of models trained with synthetic data, particularly under limited real-data conditions.

A related challenge arises in multimodal human-centric tasks [22], where learning depends on

semantically aligned annotations across modalities such as vision and language. For instance, in com-

posed pose retrieval (CPR) [23], models must jointly interpret visual inputs and natural language de-

scriptions of pose transitions. Generating such annotations requires fine-grained descriptions of articu-

lated body movements, which are expensive to produce and difficult to scale manually. As multimodal

learning becomes increasingly important, scalable and reliable alternatives to manual annotation are

needed.

The central goal of this dissertation is to tackle data scarcity in human-centric vision through

improved dataset construction, effective utilization of synthetic data, and automated multimodal anno-

tation. Specifically, the work first introduces a new benchmark for UAV-based human detection that

combines real and synthetic imagery with rich metadata. It then explores how progressive sim-to-real

transformation enables more effective use of synthetic data for detector training, and how synthetic

datasets can be further enhanced by increasing pose diversity through generative modeling. Finally,

it addresses scalable annotation in multimodal learning by proposing an automated framework for

generating pose transition descriptions for CPR.
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The remainder of this dissertation is organized as follows. Chapter 2 introduces Archangel [24],

a hybrid UAV-based human detection benchmark that integrates real, mannequin, and synthetic im-

agery with aligned imaging conditions. It presents the dataset design, metadata structure, and exten-

sive analyses using UAV-oriented object detectors [25], with particular emphasis on the joint use of

real and synthetic data.

Chapter 3 proposes Progressive Transformation Learning (PTL) [26], a framework that incre-

mentally selects and transforms synthetic data to better align with the real domain based on measured

domain discrepancies before incorporating it into training. By iterating over transformation candidate

selection, virtual-to-real transformation, set updating, and detector training, this chapter demonstrates

how progressive learning enables more effective use of synthetic data in both in-domain and cross-

domain settings.

Chapter 4 further studies the role of pose diversity in synthetic datasets. It presents SynPose-

Div [27], a framework that diversifies poses in an existing synthetic dataset by integrating a diffusion-

based pose generator, a target pose selection strategy, and a pose-guided image translation process.

The results show that increased pose diversity improves both detection performance and scalability

across multiple benchmarks and training regimes.

Chapter 5 shifts focus to multimodal human pose understanding and investigates the challenge

of scalable annotation for CPR. It introduces AutoComPose [28], a three-stage framework based on

multimodal large language models (MLLMs) for automatically generating structured, diverse, and

expressive pose transition descriptions. A cyclic training strategy is further employed to improve

the robustness. Experimental results demonstrate that automated annotations can reduce reliance on

manual labeling while achieving superior retrieval performance on newly collected CPR benchmarks.

Finally, Chapter 6 concludes the dissertation by summarizing the key contributions, discussing
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the broader impact of this work on human-centric vision, and outlining promising directions for future

research.

In summary, this dissertation contributes to both UAV-based human detection and multimodal

pose retrieval. It demonstrates that data scarcity in human-centric vision can be effectively mitigated

through improved dataset curation, effective synthetic data generation and utilization, and automated

multimodal annotation. These contributions advance the development of scalable learning frameworks

for human understanding in complex visual environments.
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Chapter 2: Archangel — A Hybrid UAV-based Human Detection Benchmark with

Position and Pose Metadata

2.1 Introduction

With the recent rapid advancement in edge computing technology coupled with resource-limited

mobile platforms, particularly unmanned aerial vehicles (UAVs) with electro-optical (EO) sensor pay-

loads, a wide range of UAV-enabled applications have been more prevalent. Notable examples include

UAV-enabled search and rescue in disaster management [29], aerial surveillance and reconnaissance

for civilian and military purposes [30], precision agriculture [31], traffic analysis [32], and intelligent

transportation applications [33]. Lately, owing to the remarkable progress of artificial intelligence and

machine learning technology, tailored to distinct constraints of small UAV platforms, these UAV-based

applications have been frequently providing promising solutions and successfully achieving the goals

and operational requirements of their corresponding applications. Central to the above UAV-based

applications are streamlined plug-ins that can effectively interrogate real-time imagery, captured with

UAVs, and provide image/video analytics relevant to UAV-based scene understanding, particularly

object detection and recognition.

Recently, extensive efforts in object detection and recognition have led to extraordinary advances

in the perception accuracy in various challenges associated with large-scale object detection bench-

marks that were captured primarily with ground-based cameras [34, 35, 36]. Compared to ground-

based object detection and recognition, UAV-based object detection poses unique and severe chal-

lenges, as UAV flight inevitably results in a wider range of variations in the conditions for capturing

images, including the altitudes and viewing angles of cameras, system turbulence, and weather events.

These variations lead to more drastic variations in object appearances/attributes, and thus pose addi-
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tional challenges to onboard detection models in the location and recognition of objects of interest. In

general, changes in object appearances/attributes, caused by varying the image collection conditions,

entail three major dependencies: (1) pose dependency caused by changes in the UAV position or cam-

era viewing angle, (2) scale dependency owing to the distance between the UAV and object, and (3)

image quality dependency due to UAV turbulence or various weather conditions.

We argue that developing object detection models which can adequately learn features invariant

to these dependencies is key to substantially enhancing object detection accuracy in UAV-based per-

ception. This requires curating UAV-based datasets that include images and metadata that carefully

depict the full spectrum of correlations between the target scene on the ground and the camera on

the UAV, whose imaging conditions constantly change as the UAV navigates the entire range of given

operational requirements. Therefore, it is imperative to have a UAV-based object detection benchmark

carefully curated with object poses, UAV positions, and weather information in the form of metadata

for accurate model validation and verification.

Existing UAV-based benchmarks, such as VisDrone [9], UAVDT [37], Okutama-Action [10],

and Standford Drone Dataset [38], provide limited metadata. Despite containing a wide variety of

scenes captured using UAVs under different circumstances with various types of objects of interest,

they do not provide a complete set of metadata, such as object poses and UAV positions, for each image

in the datasets. This significant lack of information about how objects on the ground are projected

through the camera lens as a function of UAV positions can lead to considerable limitations in learning

about the objects in UAV-based images, as the appearances/attributes of the objects are subject to large

variations.

To overcome the limitation resulting from lack of metadata, we introduce a large-scale UAV-

based dataset, called Archangel, collected with comprehensive position and pose information by the
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Figure 2.1: Examples of images from Archangel-Synthetic (top), Archangel-Mannequin
(middle), and Archangel-Real (bottom). Each image is annotated with UAV position
[height, radius]: [20m, 20m] (left), [35m, 20m] (middle), and [50m, 20m] (right). In-
stances are labeled by pose: stand (green), squat or kneel (red), and prone (cyan).

DEVCOM Army Research Laboratory (ARL) (Fig. 2.1). Archangel comprises three sub-datasets:

Archangel-Real [39], Archangel-Mannequin [39] and Archangel-Synthetic [40]. Archangel-Real com-

prises video sequences captured by a UAV flying at various altitudes and radii of rotation circles. It sets

a group of real humans as targets, and each human is in one of three possible poses (i.e., stand, kneel

or squat, and prone) (Fig. 2.2). The terms kneel and squat are used interchangeably throughout this

chapter. Similarly, Archangel-Mannequin sets a group of mannequins and different types of vehicles

as targets. The imaging conditions for these two sub-datasets, such as UAV altitudes, ranges to tar-

gets, and object poses, are the same. Unlike Archangel-Real and Archangel-Mannequin, which were

collected in real-world environments, Archangel-Synthetic was generated using the Unity game engine

[18]. It includes a number of different virtual characters, who are in the same poses as described above

and rendered with diverse illumination conditions. Archangel-Synthetic is designed for augmenting
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Figure 2.2: Examples of the three pose categories in Archangel: stand (left), squat or kneel
(middle), and prone (right).

the other two real sub-datasets and for studying various issues tied to optimizing machine learning

(ML) models using synthetic data, such as synthetic data augmentation and domain adaptation [41],

with respect to UAV-based scene understanding.

In addition to collecting a new dataset, we further characterize Archangel using state-of-the-

art (SOTA) object detection models, specifically the YOLOv5 family [25] which has five different

levels of architectural complexity and is pre-trained on MS-COCO [36], a large-scale ground-based

object detection dataset. In this chapter, we focus on the YOLOv5 models with lower complexity (i.e.,

Y OLOv5n6, Y OLOv5s6, Y OLOv5m6) since they are able to run on computing resource typically

available on small UAV platforms (Table 2.2). For each model, we evaluate its human detection

performance using Archangel-Real. Since we programmed our UAVs to circle around the human

targets at various altitudes and radii during data collection (Fig. 2.3), the detection accuracy can be

compared across the whole range of UAV positions.
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Furthermore, we optimize the pre-trained YOLOv5 models with different fine-tuning strategies

using various hybrid combinations of subsets from Archangel-Mannequin and Archangel-Synthetic.

These fine-tuning strategies have been designed to provide valuable guidelines for leveraging synthetic

data in training ML models to boost their performance. A comprehensive performance comparison be-

tween the baseline and the optimized YOLOv5 models is presented to demonstrate how incorporating

a combination of real and synthetic data can enhance detection performance across varying UAV po-

sitions (Sec. 2.5 and 2.6). One of the critical findings from the comparative performance analysis

indicates that if the real and synthetic data used for fine-tuning is balanced with respect to the amount

of data, a significant performance boost can be achieved even with a low-complexity model, such as

Y OLOv5n6. Furthermore, the optimization based on the real and synthetic data is much more effec-

tive on infrequent object poses that are rarely seen in the original dataset for pre-training. For example,

prone from Archangel is not often seen in MS-COCO [36], so the performance improvement on this

pose is more evident.

Material in this chapter was published in [24]. It was extended from our previous studies [39, 40],

where we mainly focused on introducing new datasets separately without extensive data analysis and

characterization. Specifically, the major scope of this chapter is to extensively study the three sub-

datasets jointly as a unified UAV-based benchmark with metadata for human detection. In summary,

the contributions of this chapter are as follows:

1. We present a unified Archangel dataset after substantially restructuring the three sub-datasets

since our previous publications [39, 40], including additional labeling Archangel-Real and an

expansion of the range of Archangel-Synthetic. To the best of our knowledge, Archangel is the

first UAV-based object detection dataset which contains real and synthetic sub-datasets captured
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with similar imaging conditions and includes an extensive set of metadata (e.g., object poses and

UAV positions).

2. We conduct extensive data analysis on Archangel by jointly analyzing its three sub-datasets

(Archangel-Synthetic, Archangel-Mannequin and Archangel-Real). In particular, we provide

several important guidelines on exploiting real and synthetic data together to improve UAV-

based object detectors.

2.2 Related Work

2.2.1 UAV-based Object Detection Datasets

There is an increasing number of large-scale benchmarks for object detection, utilizing images

captured with some fixed or moving cameras on the ground [1, 35, 36, 42, 43, 44, 45], yet relatively

few datasets have been collected with UAVs. Moreover, these UAV-based object detection datasets

all have their own limitations. For instance, VisDrone [9] is one of the major datasets for UAV-based

object detection. It consists of images captured with UAVs in dozens of different scenarios, in which

ten categories of objects were selected and carefully labelled. While it does have an advantage in

data diversity, VisDrone does not provide any metadata, such as UAV positions. In contrast to Vis-

Drone, UAVDT [37], another well-known benchmark for UAV-based detection and tracking, provides

three different kinds of UAV-specific metadata (i.e., weather condition, flying altitude and viewing

angle) and a few object attributes such as vehicle category. However, the annotations for the meta-

data are coarse (i.e., 3 categories for each). Also, the dataset does not contain the human category.

Unlike UAVDT, Okutama-Action [10] is composed of images from aerial views and contains humans
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in different human poses. However, it provides limited metadata regarding UAV altitudes and camera

viewing angles. A212-Haze [46], which is the first real haze and object detection dataset with in-situ

smoke measurements aligned to aerial imagery and is used in the recent UG2+ Challenge [47], pro-

vides UAV position metadata. However, A212-Haze does not include a synthetic subset, limiting its

usage for facilitating studies on how to improve UAV-based object detectors by using synthetic data.

More recently, DGTA [48] generates synthetic datasets associated with existing UAV-based object

detection datasets and provides UAV position metadata for the generated datasets. Nevertheless, the

existing UAV-based datasets they use, such as VisDrone [9], are still lack of metadata, limiting DGTA’s

usage for precise model diagnosis.

There are two other types of datasets which are closely related to UAV-based object detection.

First, datasets such as DOTA [49] include aerial images collected from satellites or aircraft. Although

they are usually curated for remote sensing applications, detecting objects in such datasets also suffers

from severe variations in the scale and orientation of the objects. Second, some UAV-based datasets are

designed for certain vision tasks strongly associated with object detection. For instance, CARPK [50]

is a large-scale car parking lot dataset designed for object counting. MOR-UAV [51] is a large-scale

moving object recognition dataset comprising videos captured by a UAV in various environments,

such as urban areas and highways. Stanford Drone Dataset [38] is used for analyzing various object

trajectories in the real world from the top-view. UAV123 [52] is used for low altitude UAV-based

object tracking. Similar to Archangel, UAV123 also includes synthetic data generated by a photo-

realistic simulator.

A comprehensive investigation of recent UAV-based datasets is shown in Table 2.1. Note that

Archangel is the first ever UAV-based dataset collection not only containing both real and synthetic

data but also providing an extensive set of metadata, including object poses and UAV positions.
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Table 2.1: Comparison of recent UAV-based datasets (1k = 1,000).

General Information Metadata
Name Tasks Year #Clips #Images Resolution Syn/Real Human Obj. Poses UAV Pos. Lighting Cond.

Stanford Drone Dataset [38] TF 2016 60 929.5k 1400×1904 R ✓ - - -
UAV123 [52] OT 2016 123 112.6k 1280×720 S+R ✓ - - -

Okutama-Action [10] OD, AR 2017 43 77.4k 3840×2160 R ✓ ✓ - -
CARPK [50] OC 2017 - 1.4k 1280×720 R - - - -
UAVDT [37] OD, OT 2018 100 80k 1024×540 R - - ✓ ✓
VisDrone [9] OD, OT 2018 263 179.3k, static: 10k various R ✓ - - -

DroneSURF [53] FRD 2019 200 411.5k 1280×720 R ✓ - - -
AU-AIR [54] OD 2020 8 32.8k 1920×1080 R ✓ - ✓ -

MOR-UAV [51] MOR 2020 30 10.9k various R - - - -
DOTA [49] OD 2021 - 11.3k various R - - - -

UAV-Human [55]
AR, PE

PR
ATR

2021 AR: 67.4k
PE: 22.5k
PR: 41.3k

ATR: 22.3k
1920×1080 R ✓ ✓ - -

SeaDroneSee [56] OD, OT 2022
SOT: 208
MOT: 22

OD: 5.6k
MOT: 54.1k various R ✓ - ✓ -

A212-Haze [46] IER, OD 2022 - 1k 1845×1500 R ✓ - ✓ -

DGTA [48] OD 2022 -
VisDrone: 50k

SeaDroneSee: 100k
Cattle: 50k

3840×2160 S ✓ - ✓ -

Archangel-Real OD 2022 69 41.4k 1304×978 R ✓ ✓ ✓ -
Archangel-Mannequin OD 2022 598 178.8k 1920×1080 R ✓ ✓ ✓ -
Archangel-Synthetic OD 2022 - 4423.7k 512×512 S ✓ ✓ ✓ ✓

Notation Description Notation Description Notation Description Notation Description
TF Trajectory Forecasting OT Object Tracking OD Object Detection AR Action Recognition
OC Object Counting FRD Face Recognition & Detection PE Pose Estimation MOR Moving Object Recognition
PR Person Re-identification ATR Attribute Recognition SOT/MOT Single/Multiple Object Tracking IER Image Enhancement & Restoration

2.2.2 UAV-based Object Detection Methods

With the rapid development of generic object detection methods [57] and the aforementioned

UAV-based object detection benchmarks (Table 2.1), the detection accuracy of UAV-based object de-

tectors has improved significantly over the past few years. In addition to common issues for generic

object detection, UAV-based object detection has its own unique challenges [58]. In general, all of

the challenges can be roughly divided into three categories. First, objects in UAV-based images are

usually much smaller [59]. Therefore, many solutions have been proposed to address this problem

to date. For example, Liu et al. [60] proposed HRDNet that fused information from both high- and

low-resolution inputs to simultaneously preserve features of small objects and maintain computational

costs. Similarly, Liu et al. [61] introduced a multi-branch and parallel structure (MPFPN) to extract

more powerful features for tiny object detection. Besides the scale of an object, target objects in UAV-
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based datasets are usually crowded and sparsely distributed, reducing both the accuracy and efficiency

of an object detector. Thus, Yang et al. [62] proposed ClusDet that performed object cluster proposal

first before detecting objects. Finally, UAV-based datasets contain many UAV-specific nuisances [12],

such as varying UAV altitudes and viewing angles. These nuisances cause tremendous variations in

object appearances, causing degraded detection performance. To address this issue, Wu et al. [12]

proposed to adopt adversarial training to learn domain-robust features from UAV-specific nuisances

coarsely annotated by the authors. In this chapter, we posit that UAV-based object detection can be

further enhanced by providing UAV-based benchmarks with a set of fine-grained metadata, such as

that contained in Archangel.

In addition to improving the detection accuracy, reducing the computational cost to achieve real-

time on-board processing is also very important for UAV-based object detection approaches. One way

to improve latency is to skip unnecessary computation. For instance, Ammour et al. [63] proposed

to extract candidate regions of target objects first via over-segmentation. After that, only windows

around the candidate regions were sent to the pre-trained CNN and linear SVM for feature extraction

and classification. Another way of reducing computational overhead is to use more efficient one-stage

object detectors, such as YOLO [25, 64], RetinaNet [65], CenterNet [66], and EfficientDet [67]. These

one-stage object detectors directly classify and locate objects without generating region proposals,

resulting in improved latency. As an example, Liu et al. [68] adapted the original network architecture

of YOLO by making it more suitable for UAV-based object detection. In this chapter, we also utilize

YOLOv5 [25] for all the experiments due to the advantage of its low complexity (Table 2.2).
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Table 2.2: Model complexity of the YOLOv5 variants used in this chapter.

Model #Parameters (M) FLOPs (G)
YOLOv5n6 3.1 4.3
YOLOv5s6 12.3 16.2
YOLOv5m6 35.3 49.1

Figure 2.3: Illustration of the data collection process for Archangel. For each collection
session, multiple objects (real people, mannequins or virtual characters) on the ground
were captured by a camera mounted on a UAV (real or simulated). Each objects assumed
one of the three predefined poses (stand, kneel, or prone). The UAV circled the objects at
predefined altitudes and radii.

2.3 The Archangel Dataset

The data collection process for Archangel is illustrated in Fig. 2.3 and a brief comparison of the

three sub-datasets is provided in Table 2.3. In the following, we will go through the data collection

process of each sub-dataset in detail.

Table 2.3: Comparison of the three sub-datasets that comprise Archangel.

Archangel Image Size Targets Altitude (m) Radius (m) Field of View Camera Pitch Angle
Synthetic 512×512 Virtual characters [5-80] increment by 5 [5-80] increment by 5 22.5◦ various

Mannequin 1920×1080 Mannequins, vehicles [15-50] increment by 5 [15-50] increment by 5 120◦ 45◦

Real 1304×978 Real people [15-50] increment by 5 [20-50] increment by 5 45◦ 22.5◦, 45◦, 67.5◦
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2.3.1 Archangel-Mannequin

Target Objects. During this data collection, a group of mannequins were used as human surrogates

primarily due to the safety guidelines of the test facility and the difficulty of asking humans to main-

tain certain strenuous poses, such as prone and squat, for a long period of time. The mannequins were

dressed in casual outfits and positioned in three different poses (i.e., stand, kneel, and prone). Hence,

the distribution gap between human attributes and those of mannequins’ is not noticeably large. Ad-

ditionally, the dataset also includes a small group of various types of civilian vehicles as targets, such

as sport utility vehicles (SUVs), minivans, and sedans. Each target in the dataset was labeled as

mannequin-standing, -kneeling, -prone or civilian vehicles.

Data Collection. The imagery was captured using a contractor-built UAV equipped with an onboard

electro-optical (EO) camera (ELP-USBFHD01M-L21) with a 1920×1080 pixel array and a lens with

approximately 120◦ field-of-view (FOV). The UAV camera was pitched forward by 45◦ relative to level

flight. During the course of multiple UAV flights, the UAV operated over a wide range of altitudes and

radii of rotation circles while keeping the camera pointed inward toward the targets and circling a

central point. Both the altitude and radius of the rotation circle were varied from 15-50 meters in

5-meter increments. Since the target objects were stationary and the camera pitch angle was constant,

the target objects were spread across different regions of the camera’s FOV, resulting in different view

angles.

2.3.2 Archangel-Synthetic

Motivation. While Archangel-Mannequin provides valuable aerial imagery with pose and position

metadata well suited for UAV-based human detection, the imaging conditions of this data collection
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were limited. Furthermore, Archangel-Mannequin did not incorporate some important factors, such as

various human appearances/attributes, extended ranges of UAV altitudes and radii of rotation circles,

and different illumination conditions. To overcome these restrictions, a large-scale synthetic imagery

(i.e., Archangel-Synthetic) dataset containing multiple virtual humans in the same poses as that used

in Archangel-Mannequin was generated using the Unity game engine [18] to augment Archangel.

Data Generation and Labeling. In the Unity-based simulation, a 3D scene is constructed using a

terrain asset (i.e., background) and one or more target assets (i.e., virtual characters in different outfits

and poses). For the current version of Archangel-Synthetic, we use only a simple terrain model (i.e.,

desert), but we plan to integrate more complex terrain models in future work.

For each target asset, we first created a Unity project and configured the lighting and camera

parameters in a virtual 3D environment. A Unity terrain asset (i.e., the desert background) and the

target asset were then added to the 3D environment. After the 3D environment was configured as

above, a C# script was then used to control the position and viewing angle of the camera as it circled

around the target. At each step, the camera was pointed at the center of the target. The script was

iterated to encompass the whole range of UAV camera altitudes, the radii of the circles, and the camera

viewing angles relative to the target, thus producing imagery captured at various camera-to-target

distances and camera pitch angles. Additionally, the sun angle was varied to generate synthetic images

captured at different times of a day with corresponding illumination conditions. This resulted in large-

scale synthetic imagery with significant target pose, scale, and illumination variations.

To synthesize images and annotations from the virtual 3D environment constructed above, we

used an open source software asset, Image Synthesis for Machine Learning [69]. Specifically, the

software produced an image segmentation mask where each target object in a synthetic image was as-
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signed a unique scalar value. To generate the bounding box annotations for each target, a Python script

was used to parse each segmentation mask, identify each target object, and measure the center, width,

and height of the tightest bounding box encompassing the target. Additionally, the target category,

the camera position, the target orientation relative to the camera, the camera-to-target distance, the

camera pitch angle, and the number of pixels inside the segmentation mask were recorded in a single

JavaScript Object Notation (JSON) file for each trial.

Properties. Archangel-Synthetic includes mountainous desert terrain and eight different virtual char-

acters, each in three different poses (i.e., stand, squat, and prone). In a single trial of synthetic data

generation (i.e., a virtual character with a certain pose), both the altitude of the camera and the radius

of the rotation circle were varied from 5-80 meters in 5-meter increments. Additionally, the camera

viewing angle relative to the character was varied from 0◦-358◦ in 2◦ increments and four different

sun angles were simulated. This resulted in over 4.4M images included in Archangel-Synthetic. Each

image contains 512×512 pixels with horizontal and vertical fields-of-view of 22.5◦.

2.3.3 Archangel-Real

System Design. The dataset was collected with an ARL-designed UAV platform called the Dawn

Dove (D2). The D2 is a re-configurable UAV, with the ability to shift the center of gravity by adjusting

arm angles, arm placement, battery, sensor payload, and on-board processor location. It is composed

of a combination of 3D printed polyethylene terephthalate glycol (PETG) and carbon fiber infused

nylon, and traditional carbon fiber parts. It can carry various types of sensor payloads and on-board

processors. It has an approximate payload capacity of 1.5 lbs and an approximate flight time of 8

minutes. For this data collection, the sensor payload consisted of a UI-3250ML-C-HQ EO camera
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with an Edmund Optics 6mm/F1.4 lens and a FLIR Boson 640 8.7 mm IR camera. The cameras were

co-located on the front of the D2 and the EO camera’s image was cropped to match the FOV of the

FLIR Boson (50◦ HFOV). The on-board processor was an NVIDIA Xavier NX with a 1 TB NVMe

SSD for additional data storage.

Data Collection. In this dataset, the targets consisted of real people wearing civilian clothing in three

different poses: stand, kneel, and prone. The data collection process involved having the D2 fly circles

at radii ranging from 20-50 meters, at intervals of 5 meters, and at altitudes ranging from 15-50 meters,

at intervals of 5 meters. The camera angle relative to level flight was manually adjusted between

flights from -22.5◦, -45◦, and -67.5◦ to ensure the targets remained within the FOV of the cameras.

In total, 52 circles were flown around the targets. To fly the circles, custom Robot Operating System

(ROS) based autonomy code was used, along with a custom Python-based graphical user interface

(GUI), which communicated with the UAV. From the ground control station (GCS), the target GPS

location, circle radius, altitude, maximum velocity, and file name were entered into the GUI. Once the

circle parameters were entered, the D2 was manually armed, launched, and switched over to “offboard

mode” which passed control of the UAV to the GCS. The GCS then commanded the UAV to perform

the autonomous circle. Once complete, the next circle’s parameters were entered into the GUI and

sent to the UAV while still in the air. This was repeated each flight until the UAV had to be brought

back down to replace the battery. In addition to stationary targets, a few circles were also flown where

the people walked, jogged, crawled, and waved. Note that Archangel-Real involves human subjects as

UAV-based detection instances. However, an Institutional Review Board (IRB) approval was exempted

since one cannot identify individuals in the dataset.
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2.3.4 Importance of Camera Parameters

Before moving on to the data analysis section, we want to highlight the importance of revealing

the camera parameters used in the data collection. Note that the scale of human instances in UAV-based

object detection datasets, such as Archangel, is strongly influenced by the camera parameters used in

the data collection, including FOV, pixel-array size, and pitch angles, in addition to the UAV altitude

and radius of rotation circle. Hence, the detection results can vary greatly when using different camera

parameters. However, all the conclusions derived from the following data analysis of Archangel can

still be applied to other UAV-based datasets using different camera parameters through extrapolation.

That is, the performance gap can be easily calibrated by adjusting the scale of human instances if the

camera parameters and the original object size are known a priori.

2.4 Experimental Setup

2.4.1 Overview

In this chapter, we designed a series of experiments based on the flow shown in Fig. 2.4. In

brief, for each experiment, we selected one of the three pre-trained YOLOv5 models (Table 2.2) and

fine-tuned the model on varying amounts of UAV-based real (i.e., Archangel-Mannequin) and synthetic

(i.e, Archangel-Synthetic) data. We then evaluated the model on a sequestered UAV-based dataset (i.e.,

Archangel-Real). Based on the results, the designed experimental flow can provide valuable insights

into optimizing UAV-based object detectors with hybrid sets of real and synthetic data.
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Figure 2.4: Overview of the experimental workflow. Pre-trained YOLOv5 models of vary-
ing complexity were fine-tuned on different hybrid sets of UAV-based real and synthetic
data, and evaluated on a held-out UAV-based dataset.

2.4.2 Datasets

Note that acquiring the best performance for an UAV-based object detector is not the primary

purpose of this study. Thus, we subsampled each of the three sub-datasets of Archangel to explore

optimal strategies for fine-tuning or evaluating models:

1. Archangel-Mannequin: The dataset consists of video clips collected in 11 UAV flight trials.

In this chapter, we carefully split the dataset into two subsets so that each covered the whole

range of the UAV positions covered during the entire data collection. The video clips collected

in 6 of the 11 trials (i.e., Trial-5, 6, 8, 9, 10, 11) were used for evaluating models. The rest

(i.e., Trial-1, 2, 3, 4, 7) were used for fine-tuning models. All the video clips were uniformly

subsampled at 3 fps. This resulted in two sets of frames, Arch-Mann-FT37, containing 6.7k

frames for fine-tuning models, and Arch-Mann-Eval, containing 11.2k frames for evaluating

models. Arch-Mann-FT37 is named based on the amount of data it has compared to the entire
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Archangel-Mannequin in terms of percentage (i.e., 37%).

2. Archangel-Real: Similarly, we uniformly subsampled the video clips in Archangel-Real at 1 fps.

This resulted in a set of frames, named as Arch-Real-Eval, containing 4.1k frames for evaluating

models.

3. Archangel-Synthetic: Only one virtual character in all of the three poses was used. For each

UAV position, only one of the four sun angles was randomly selected. Additionally, instead of

using all the UAV positions, we uniformly sampled images across each rotation circle in 60◦

increments. This resulted in a set of images, named as Arch-Syn-FT, containing 4.6k images for

fine-tuning models.

Each of the three sub-datasets has its own unique usage in this chapter. In general, Archangel-

Real serves as the primary UAV-based benchmark for measuring detection accuracy. Archangel-

Mannequin can be viewed as the real UAV-based fine-tuning dataset for adapting the detection models

to the target UAV-based domain. Although it includes mannequins instead of real humans, fine-tuning

on this dataset is shown to be effective in the following sections. Archangel-Synthetic, on the other

hand, is used as the synthetic version of the UAV-based fine-tuning dataset, which can be combined

with Archangel-Mannequin to further optimize the models.

2.4.3 Evaluation

We utilized standard AP50, the average precision with an IoU (Intersection of Union) threshold

of 0.5, as the metric to measure the performance of each object detector. Moreover, AP50 was com-

puted for each pose respectively. As more than one pose may exist in a single image, to obtain the

performance for only one certain pose, the other two poses were ignored during the evaluation process.
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2.4.4 Implementation Details

The official repository of YOLOv5 [25] was used for both fine-tuning and evaluating models. If

not specified otherwise, the default hyperparameters were adopted. The input images were rescaled

(i.e., imgsz=1280) first before being fed into all the models. During fine-tuning, the backbone for each

model was frozen (i.e., freeze=10) to prevent the model from easily over-fitting. We fine-tuned each

model for 20 epochs with a batch size of 16 on a server with 4 NVIDIA GeForce RTX 2080 TI GPUs.

During the evaluation, we set the confidence threshold to be 0.05.

2.5 Results

2.5.1 Performance of Pre-trained Models

To begin with, we evaluated the three pre-trained YOLOv5 models on Arch-Mann-Eval and

Arch-Real-Eval. The models were pre-trained on MS-COCO, a representative ground-based dataset.

The results are shown in Fig. 2.5. From the results, we can gain several useful insights on UAV-based

object detection. First, larger pre-trained models achieved better accuracy across all the evaluation

datasets and poses. One possible reason for this is that larger models, compared with smaller ones,

can explore better and find more powerful features for classification and detection [70]. Although it

implies that we can get higher accuracy by using larger pre-trained models, such larger models may

not fit well on small UAV platforms with computational constraints.

Another trend we can observe is that the pre-trained models had much better accuracy on stand.

It is mainly because that the dataset used for pre-training models (i.e., MS-COCO) contains signifi-

cantly more human instances in stand (i.e., 84.53%) [71]. In other words, it is impractical to directly
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Figure 2.5: AP50 of pre-trained YOLOv5 models evaluated on Arch-Mann-Eval and Arch-
Real-Eval.

use detectors pre-trained on standard datasets, especially in unusual scenarios where we need to detect

people in uncommon positions, such as search and rescue in disaster relief. It is worth mentioning

that the pre-trained YOLOv5 models performed much worse on Arch-Mann-Eval than on Arch-Real-

Eval. That is mainly because Arch-Mann-Eval contains some other objects, such as traffic cones and

fiducials, which are easily misclassified as humans when captured by the pre-trained detectors at high

altitudes [39].

2.5.2 Fine-tuning on a Real UAV-based Dataset

As we have discussed, most ground-based datasets used to fine-tune models usually lack UAV-

specific samples for the models to learn from, such as human instances in non-standing positions

captured from various camera viewing angles and altitudes. Therefore, we allowed the pre-trained

YOLOv5 models to acquire such knowledge by fine-tuning the models on Arch-Mann-FT37. More-

over, given the significant challenges of collecting and annotating UAV-based datasets [9] and the

lack of existing large-scale UAV-based object detection benchmarks, we explored the idea of fine-
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tuning models in the small-data regime [72]. More precisely, we subsampled the original fine-tuning

dataset and created several smaller subsets for fine-tuning, which contained much less data (i.e., Arch-

Mann-FT20, Arch-Mann-FT10, Arch-Mann-FT5 and Arch-Mann-FT2). We followed the same naming

strategy as Arch-Mann-FT37 for the extra fine-tuning datasets.

The results are presented in Fig. 2.6. We would like to highlight the importance of having

an evaluation dataset with different characteristics from the fine-tuning dataset. As we fine-tuned

the models on data from Arch-Mann-FT37, we could improve their detection accuracy on a similar

evaluation dataset such as Arch-Mann-Eval. However, the models fine-tuned on too much data from

Arch-Mann-FT37 tended to perform worse on Arch-Real-Eval. We argue that this was because the

models started to learn certain dataset-specific features from the fine-tuning dataset, adversely affecting

the models’ generalization capability to unseen datasets, such as the evaluation dataset in our case. In

practice, ML models embedded into UAVs are usually deployed to new environments unseen during

training. Thus, in the following experiments, we chose to fine-tune models on data from Arch-Mann-

FT37 and Arch-Syn-FT but evaluate them on Arch-Real-Eval.

2.5.3 Fine-tuning on Real and Synthetic Datasets

One of the significant advantages of Archangel is that it contains both real and synthetic sub-

sets acquired from similar imaging conditions in data collections and synthetic rendering, respectively.

Hence, investigating the effect of augmenting the original UAV-based fine-tuning datasets with UAV-

based synthetic data is another major topic for this chapter. To do so, we fine-tuned the pre-trained

YOLOv5 models on Arch-Syn-FT. Additionally, a well-known concern about learning from synthetic

data is that, compared with real data, synthetic data usually contains much less variations in appear-
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Figure 2.6: AP50 of YOLOv5 models fine-tuned on different subsets of Arch-Mann-FT37.
Each model was evaluated on Arch-Mann-Eval (top) and Arch-Real-Eval (bottom).

ances/attributes of objects or structures of scenes [73]. Therefore, instead of fine-tuning models only

on Arch-Syn-FT, we also explored the idea of multi-source learning [74], constructing multiple hybrid

fine-tuning datasets by directly merging Arch-Syn-FT with all the subsets of Arch-Mann-FT37 used in

the previous experiment.

The results are shown in Fig. 2.7. For prone, a rarely seen pose in the pre-training dataset, the

detection accuracy of the pre-trained models was very low. After fine-tuning the models on the various

Figure 2.7: AP50 of YOLOv5 models fine-tuned on hybrid sets constructed from Arch-
Syn-FT and different subsets of Arch-Mann-FT37.
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Figure 2.8: Improvement in AP50 of YOLOv5 models after adding Arch-Syn-FT into the
original fine-tuning datasets based on different subsets of Arch-Mann-FT37.

hybrid subsets of Arch-Syn-FT and Arch-Mann-FT37, the detection accuracy continually increased

with few exceptions. For stand, the pre-trained models performed much better than they did for prone

as expected, but fine-tuning on the hybrid sets of the real and synthetic data still provided much im-

provement over the pre-trained models, as clearly observed from the detection accuracy of YOLOv5n6.

Similar observations can be made for kneel.

We now compare the results shown in Fig. 2.6 with the ones shown in Fig. 2.7 to highlight

the effect of adding the synthetic data to the fine-tuning dataset based only on the subsets of Arch-

Mann-FT37. The results are shown in Fig. 2.8. For prone, we can observe significant performance

improvement across all the models and hybrid subsets for fine-tuning after introducing the synthetic

data into the fine-tuning datasets, compared with the results of fine-tuning on data from Arch-Mann-

FT37 only. One explanation for the above finding is that most of the human instances in the pre-

training dataset are in certain upright positions, including stand and kneel. Therefore, adding synthetic

characters in prone captured from various camera viewing angles and UAV altitudes to the fine-tuning

dataset can effectively aid the models to learn how to detect humans in prone. More in-depth analysis

of this issue will be discussed in the ablation study (Sec. 2.6).

Additionally, Arch-Syn-FT, which includes only one virtual character and one type of back-

26



ground, might be too simple for larger models, such as YOLOv5s6 and YOLOv5m6 in our case, to

learn from, causing them to overfit to the fine-tuning dataset. A proof of this assumption was that us-

ing Arch-Syn-FT along with the subsets of Arch-Mann-FT37 to fine-tune YOLOv5s6 and YOLOv5m6

significantly decreased their performance on stand and kneel, especially when we included fewer data

from Archangel-Mann-FT37 (Fig. 2.8). On the other hand, fine-tuning YOLOv5n6 on Arch-Syn-FT

along with the subsets of Arch-Mann-FT37 did not have such a negative effect. As a result, in the

following ablation study, we focused on analyzing the results of YOLOv5n6 once we included Arch-

Syn-FT in the fine-tuning dataset.

2.6 Ablation Studies

2.6.1 Effect of Synthetic Dataset Size

We have demonstrated the effects of directly combining the various subsets of Arch-Mann-FT37

with the same set of synthetic data (i.e., Arch-Syn-FT) for fine-tuning models (Fig. 2.7 and 2.8). In this

section, we are interested in further exploring the outcome of using different amounts of synthetic data

to fine-tune models. Notably, we aim to investigate whether a “balanced” fine-tuning dataset, which

contains the same amount of real and synthetic data, is better than its “unbalanced” counterpart, in

which the ratio of the synthetic data to the real data varies due to the use of a fixed set of the synthetic

data across all the hybrid fine-tuning datasets.

To achieve this goal, for each real fine-tuning dataset (i.e., Arch-Mann-FT37, Arch-Mann-FT20,

Arch-Mann-FT10, Arch-Mann-FT5, and Arch-Mann-FT2), the corresponding amount of data was ran-

domly sampled from Arch-Syn-FT to match the real fine-tuning dataset. Namely, if the real fine-tuning

dataset was smaller than Arch-Syn-FT, a subset of Arch-Syn-FT was randomly selected and combined
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Figure 2.9: AP50 of YOLOv5 models fine-tuned on balanced hybrid sets constructed from
Arch-Syn-FT-B and different subsets of Arch-Mann-FT37.

Figure 2.10: Improvement in AP50 of YOLOv5 models after adding Arch-Syn-FT-B into
the original fine-tuning datasets based on different subsets of Arch-Mann-FT37.

with the real fine-tuning dataset to form a balanced fine-tuning dataset. Similarly, if the real fine-tuning

dataset was larger, a random subset of Arch-Syn-FT was duplicated before the combination. We denote

the synthetic fine-tuning dataset as Arch-Syn-FT-B if the aforementioned data balancing procedure has

been conducted.

The results are shown in Fig. 2.9, 2.10 and 2.11. Comparing Fig. 2.8 with Fig. 2.10, we can

observe that the negative effect of fine-tuning larger models (i.e., YOLOv5s6 and YOLOv5m6) on

hybrid fine-tuning sets largely decreases or even diminishes. Moreover, the improvement becomes

more significant, especially for YOLOv5n6. From Fig. 2.11, it is shown that fine-tuning YOLOv5n6

on the balanced hybrid sets of the real and synthetic data can always be at least on par with the best
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Figure 2.11: AP50 comparison of YOLOv5n6 fine-tuned on hybrid sets constructed from
Arch-Syn-FT, Arch-Syn-FT-B, and different subsets of Arch-Mann-FT37.

performance setting for fine-tuning. These findings indicate that the proportion of each data to the

whole fine-tuning dataset significantly impacts the model’s fine-tuning performance.

2.6.2 Leave-One-Pose-Out Analysis

We have claimed that fine-tuning models with synthetic human instances are particularly im-

portant for prone, a pose rarely seen in the original training data. In this section, we would like to

provide more evidence to support this statement. Specifically, we used YOLOv5n6 for this set of

experiments since it showed less sign of overfitting when fine-tuning on Arch-Syn-FT (Fig. 2.7). Ad-

ditionally, the technique of dataset balancing was adopted due to its positive effect on fine-tuning mod-

els (Fig. 2.9 and 2.10). We followed a similar procedure to generate each hybrid fine-tuning dataset,

except that each time one of the poses, stand, kneel, or prone, was excluded in advance from Arch-Syn-

FT, resulting in a “leave-one-pose-out” fine-tuning dataset, Arch-Syn-FT-NoSt, Arch-Syn-FT-NoKn, or

Arch-Syn-FT-NoPr, respectively.

The results are presented in Fig. 2.12. In general, the detection accuracy of stand and kneel did

not obviously change when we removed any one of the poses from the synthetic fine-tuning dataset.

However, the performance of prone degraded drastically when we excluded the virtual characters in

29



Figure 2.12: AP50 of YOLOv5n6 fine-tuned on balanced hybrid sets constructed from
three leave-one-pose-out synthetic fine-tuning datasets (Arch-Syn-FT-NoSt-B, Arch-Syn-
FT-NoKn-B, and Arch-Syn-FT-NoPr-B) and different subsets of Arch-Mann-FT37.

prone from the fine-tuning dataset, which strongly supports our earlier claim.

2.6.3 Precise Model Diagnosis: Performance on the Altitude-Radius Grid

So far, we have demonstrated that the detection accuracy of the pre-trained YOLOv5 models

on the UAV-based evaluation dataset can be considerably boosted by fine-tuning the models on the

hybrid sets of UAV-based real and synthetic data. For example, we have shown that the AP50 of

the pre-trained YOLOv5n6 can be increased by about 30 in AP value by fine-tuning it on a joint set

of Arch-Mann-FT2 and Arch-Syn-FT-B (Fig. 2.11). In this section, we further analyze this particular

example with the complete information about the UAV positions over the altitude-radius grid as shown

in Fig. 2.13. Our goal is to give an idea of how to utilize the metadata provided by Archangel to

diagnose problems with a UAV-based object detection model.

The results are presented in Fig. 2.13. In this figure, we can clearly observe how the pre-trained

YOLOv5n6’s performance gradually progresses with the different fine-tuning datasets, from the real-

data-only dataset to the unbalanced hybrid dataset to the balanced hybrid dataset. Initially, the pre-

trained YOLOv5n6 performs fairly well at the low altitudes but fails at the high altitudes due to the
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curse of the pre-training dataset, which is composed mostly of ground-based human instances. After

being fine-tuned on Arch-Mann-FT2, the fine-tuned YOLOv5n6 gets much better at detecting human

instances from a relatively higher altitude or larger circle radii. However, the detection accuracy of the

human instances at close range decreases considerably. We argue that this is mainly because the image

resolution of Arch-Mann-FT2 (i.e., 1920x1080) is much larger than that of the evaluation dataset (i.e.,

1304x978) and the bounding boxes contained in Arch-Mann-FT2 are generally small. In other words,

fine-tuning YOLOv5n6 on Arch-Mann-FT2 inevitably causes a bias on the model toward detecting tiny

objects. In contrast, this negative effect does not occur when we fine-tune the model on the hybrid set

of Arch-Mann-FT2 and Arch-Syn-FT (or Arch-Syn-FT-B). We believe that this is because our synthetic

dataset covers an extended range of UAV positions over the grid so as to cause less bias on the fine-

tuning process.

Based on the results shown in Fig. 2.13, to further improve the model’s detection accuracy,

we can focus on improving the model’s performance at high altitudes and large circle radii, or the

performance of non-standing positions, such as kneel and prone. Notably, we find that the performance

improvement of kneel is surprisingly small to high altitudes and large circle radii, which requires a

deeper investigation in future work.

2.7 Discussion and Future Directions

With the series of experiments presented in Sec. 2.5 and 2.6, we have demonstrated the distinc-

tive value of the Archangel dataset. Particularly, we have clearly illustrated how to utilize the dataset’s

metadata to evaluate and diagnose the UAV-based object detectors on the altitude/radius grid. More-

over, we have systematically analyzed how to involve both real and synthetic data within the UAV-
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(a) pre-trained

(b) Arch-Mann-FT2

(c) Arch-Mann-FT2 + Arch-Syn-FT

(d) Arch-Mann-FT2 + Arch-Syn-FT-B

Figure 2.13: AP50 comparison across altitude-radius grids for YOLOv5n6 fine-tuned on
hybrid sets constructed from Arch-Mann-FT2, Arch-Syn-FT, and Arch-Syn-FT-B.
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based fine-tuning process. Such fundamental studies of UAV-based perception had not been achieved

until we curated Archangel.

Despite having all these merits, Archangel is still in its early stage and has much room for

improvement and development. In the following, we suggest a few possible future directions regarding

Archangel:

2.7.1 Direct Extensions of This Study

Many results shown in Sec. 2.5 and 2.6 imply that increasing the data diversity of Archangel is

one of the most promising future research directions. For instance, since we have demonstrated that

fine-tuning models with virtual characters in unusual poses is particularly effective, we can include

more atypical poses into Archangel to further explore this phenomenon, which is crucial especially in

search and rescue scenarios where finding people in severe physiological states is the priority. Addi-

tionally, we can diversify the appearances/attributes of either the real or synthetic human instances in

the dataset, investigating whether this will resolve the issue of overfitting as we have discussed earlier.

For the same purpose, we can increase the diversity of components beyond the foreground objects,

such as the real and synthetic backgrounds included in Archangel. Finally, we can extend Archangel

to include more object categories, such as various types of vehicles, which frequently exist in other

UAV-based object detection datasets (Table 2.1) so that Archangel can be used in conjunction with

those datasets.

Next, exploring more sophisticated fine-tuning strategies is another potential direction to extend

this chapter. In this chapter, we have demonstrated that the performance of the pre-trained SoTA

object detector can be boosted considerably by fine-tuning the model on a balanced UAV-based fine-
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tuning dataset constructed by directly merging a real subset and a synthetic subset. Nevertheless, it is

worth exploring if there is a better strategy for sampling each subset or merging the two subsets. For

instance, to build up a balanced fine-tuning dataset, instead of randomly selected samples from the

synthetic fine-tuning dataset, we may do the sampling based on certain distance measurements.

2.7.2 UAV-based Visual Representation Learning with Metadata

In this chapter, we used the position and pose metadata provided by Archangel only for accurate

model evaluation and diagnosis. However, we believe that there is a huge potential to utilize such

metadata during training for better visual representation learning. A notable example for this is NDFT

[12], where the authors exploited adversarial training with the coarse metadata labeled by themselves

to enhance the robustness of the learned features for UAV-based object detection. We expect that

such a framework will benefit greatly from the extensive metadata provided by Archangel. Beyond

UAV-based perception, in medical [75] and underwater [76] imaging, it has also been shown that

dataset metadata is useful for learning visual representation with self-supervised learning or contrastive

learning.

2.7.3 UAV-based Synthetic Data Generation and Augmentation

We have found that fine-tuning larger models with the synthetic data that we generated often

causes the issue of overfitting. This issue might be mitigated by directly synthesizing more diverse

images. However, as we have discussed, there is usually a huge domain gap between the synthetic data

and real data in terms of object appearances/attributes and scene structures, which may not be solved by

simply increasing the number of synthetic images. Hence, addressing this domain gap issue within the
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scope of UAV-based perception is another important future research direction for Archangel. Possible

solutions include: (1) jointly training an object detector with a generative model which transforms

synthetic images to be more visually realistic [26, 77], and (2) formulating the process of synthetic

data generation as a learning problem to synthesize scene structures better matching real-world scene

distributions [78].

2.8 Conclusion

In this chapter, we introduce a unique UAV-based object detection dataset, Archangel, to en-

courage the community to continue developing more effective UAV-based object detection approaches

with dataset metadata and synthetic data. A comprehensive study is carefully designed to show how to

utilize Archangel to fully optimize a state-of-the-art object detector with a hybrid fine-tuning dataset

comprising both real and synthetic data. Additionally, we also demonstrate the huge benefit of lever-

aging the dataset metadata during model evaluation by comparing the performance of the model across

the different object poses and UAV positions. As we have discussed, although there is still much room

for improvement, we hope that Archangel is useful for the broader machine learning community and

can lead to future advances in the area of UAV-based perception.
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Chapter 3: Progressive Transformation Learning for Leveraging Virtual Images in

Training

3.1 Introduction

Training an object detector usually requires a large-scale training image set so that the detector

can acquire the ability to detect objects’ diverse appearances. This desire for a large-scale training set

is bound to be greater for object categories with more diverse appearances, such as the human cate-

gory whose appearances vary greatly depending on its pose or viewing angles. Moreover, a person’s

appearance becomes more varied in images captured by an unmanned aerial vehicle (UAV), leading

to a wide variety of camera viewing angles compared to ground-based cameras, making the desire for

a large-scale training set even greater. In this chapter, we aim to satisfy this desire, especially when

the availability of UAV-based images to train a human detector is scarce, where this desire is more

pressing.

As an intuitive way to expand the training set, one might consider synthesizing virtual images to

imitate real-world images by controlling the optical and physical conditions in a virtual environment.

Virtual images are particularly useful for UAV-based object detection since abundant object instances

can be rendered with varying UAV locations and camera viewing angles along with ground-truth infor-

mation (e.g., bounding boxes, segmentation masks) that comes free of charge. Therefore, a large-scale

virtual image set covering diverse appearances of human subjects that are rarely shown in existing

UAV-based object detection benchmarks [9, 10, 11] can be conveniently acquired by controlling enti-

ties and parameters in a virtual environment, such as poses, camera viewing angles, and illumination

conditions.

To make virtual images usable for training real-world object detection models, recent works [19,

36



Transformation 
Candidate Selection

Virtual2Real
Transformation

Set Update

Real images

w/ conditional GAN

Real images

Virtual images

- -

+ : add -: subtract

+ +

Virtual images select

generator

generator

Figure 3.1: Overview of Progressive Transformation Learning.

79, 80, 81] transform virtual images to look realistic. They commonly use the virtual2real genera-

tor [82] trained with the conditional GAN framework to transform images in the source domain to

have the visual properties of images in the target domain. Here, virtual and real images are treated as

the source and target domains, respectively. However, the large discrepancy in visual appearance be-

tween the two domains, referred to as the “domain gap”, result in the degraded transformation quality

of the generator. In fact, the aforementioned works using virtual images validate their methods where

the domain gap is not large (e.g., digit detection [19]) or when additional information is available (e.g.,

animal pose estimation with additional keypoint information [79, 80, 81]). In our case, real and virtual

humans in UAV-based images inevitably have a large domain gap due to the wide variety of human

appearances.

To address the large domain gap, one critical question inherent in our task is how to measure
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accurately the domain gap. Consequently, we estimate the domain gap in the representation space

of a human detector trained on the real images. The representation space of the detector is learned

such that test samples, which have significantly different properties than training samples from the

perspective of the detector, are located away from the training samples. In this chapter, we show that

the feature distribution of object entities belonging to a certain category, such as the human category,

in the representation space can be modeled with a multivariate Gaussian distribution if the following

two conditions are met: i) the detector uses the sigmoid function to normalize the final output and ii)

the representation space is constructed using the output of the penultimate layer of the detector. This

idea is inspired by [83], which shows that softmax-based classifiers can be modeled as multivariate

Gaussian distributions. In this chapter, we show that the proposition is also applicable to sigmoid-

based classifiers, which are widely used by object detectors. Based on this modeling, when the two

aforementioned conditions are met, the human category in the representation space can be represented

by two parameters (i.e., mean and covariance) of a multivariate Gaussian distribution that can be

computed on the training images. With the empirically calculated mean and covariance, the domain

gap from a single virtual human image to real human images (i.e., the training set) can be measured

using the Mahalanobis distance [84].

To add virtual images to the training set to include more diverse appearances of objects while

preventing the transformation quality degradation caused by large domain gaps, we introduce Pro-

gressive Transformation Learning (PTL) (Figure 3.1). PTL progressively expands the training set by

adding virtual images through iterating the three steps: 1) transformation candidate selection, 2) vir-

tual2real transformation, and 3) set update. When selecting transformation candidates from a virtual

image pool, we use weighted random sampling, which gives higher weights to images with smaller

domain gaps. The weight takes an exponential term with one hyperparameter controlling the ratio
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between images with smaller domain gaps and images with more diverse appearances. Then, the

virtual2real transformation generator is trained via the conditional GAN, taking the selected transfor-

mation candidates as the “source” and the images in the training set as the “target”. After transforming

the transformation candidates by applying the virtual2real transformation generator, the training set is

expanded with the transformed candidates while the original candidates are excluded from the pool of

virtual images.

Material in this chapter was published in [26]. The main contribution of this chapter is that we

have validated the utility of virtual images in augmenting training data via PTL coupled with carefully

designed comprehensive experiments. We first use the task of low-shot learning, where adequately

expanding datasets has notable effects. Specifically, PTL provides better accuracy on three UAV-view

human detection benchmarks than other previous works that leverage virtual images in training, as

well as methods that only use real images. Then, we validate PTL on the cross-domain detection task

where training and test sets are from distinct domains and virtual images can serve as a bridge between

these two sets. The experimental results indicate that a high-performance human detection model can

be effectively learned via PTL, even with the significant lack of real-world training data.

3.2 Related Work

3.2.1 Leveraging Virtual Images in Training

In this section, we have listed previous works that demonstrate how virtual images can play a

role in a variety of real-world applications when used for training. In fact, virtual images are desirable

for model training as large-scale labeled datasets can be built virtually almost free of charge. Unfortu-

nately, when virtual images are used without proper care, it is shown that the performance improvement
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is limited due to the domain gap between the virtual images and the real test images. Generally, previ-

ous works leveraging virtual images during model training can be summarized into three approaches

according to how they exploit the advantages of virtual images and address the challenges of using

virtual images.

The most intuitive and widely used approach of using virtual images is to pre-train a model on

virtual images and fine-tune the pre-trained model on real images acquired in the same domain as the

test images [79, 85, 86, 87, 88, 89, 90, 91, 92, 93]. This approach aims to avoid the domain gap by

fine-tuning the model on real images acquired under the same conditions and environments of test

images. While the first approach seeks to use the representative capability learned from large-scale

virtual datasets, the second approach seeks to exploit additional information that can be easily labeled

on virtual images. For example, [94] annotates part segmentation maps when acquiring virtual vehicle

images, and uses the part segmentation results from the pre-trained model on the virtual images during

the fine-tuning process. Similarly, [95] uses depth and semantic information labeled when acquiring

virtual images.

The third approach directly builds training batches consisting of both virtual images and real

images. [96] and [97] adopt the most naive approach to build a batch by randomly selecting a fixed

number of images from each of the real and virtual image sets. However, even if the number of

virtual images is several orders of magnitude greater than the number of real training images, this

approach does not provide remarkably better accuracy and may even provide worse accuracy than its

counterparts using only real images for training. In this case, the effect of using virtual images during

model training does not appear as expected because the large domain gap between the real (test) images

and the virtual images is not adequately addressed. In this chapter, we also use virtual images directly

for model training while considering appropriately reducing this domain gap.
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3.2.2 Progressive Learning

Progressive learning is a machine learning strategy that continuously trains a model from easy to

hard tasks, primarily for the purpose of training stabilization or fast optimization. One of the most com-

mon applications for progressive learning is incrementally increasing the network capacity to improve

network capability. The most intuitive approach in this category is to gradually increase the network

size (e.g., depth or width) to ease the training difficulty of very deep networks [98, 99, 100, 101, 102,

103, 104]. Conversely, [105] uses progressive learning in the direction of reducing the network size for

fast training. Progressive learning is also used in GAN frameworks to enhance the generator’s ability

to transform input images of larger resolution [106]. Curriculum learning [107, 108, 109, 110], which

continuously raises the level of training from easy to difficult samples, also falls into this category.

Progressive learning is also used to deal with the scalability of datasets that are incompletely

labeled. In a semi-supervised learning task, [111, 112, 113] adopt progressive learning by gradually

increasing the number of unlabeled data used for training. Self-learning in [114, 115] uses progressive

learning by repeating the two steps, assigning labels depending on the current detector and updating

the current detector with these labels.

Our method can be seen as similar to the second approach in that it also intend to expand the

training dataset. However, our method uses progressive learning to reliably add realistically trans-

formed virtual images to the training dataset by avoiding quality degradation of the transformation,

which has never been attempted before using the progressive learning strategy.
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Figure 3.2: Progressive Transformation Learning (PTL) pipeline. The red arrow indicates
the processing flow of virtual images selected for inclusion in the training set.

3.3 Method

3.3.1 Measuring Domain Gap between Real and Virtual Images

Modeling Training Set with Multivariate Gaussian Distribution. The purpose of adopting pro-

gressive transformation learning, which progressively expands the training set with a subset of the

realistically transformed virtual images instead of expanding it with the full set at once, is to avoid the

significant domain gap between the real and virtual images when training the transformation generator.

Here, the domain gap is measured in the representation space of the detector, which is learned so that

two samples with different properties from the perspective of the detector are separated far from each

other.

In general, the representation space of the detector refers to the space formed by the out-

put of the penultimate layer of the detector since all layers of the detector except for the last layer

can be transferred for different downstream tasks [116, 117, 118]. In [83], it is shown that for the

softmax-based classifier, the distribution of each category in the representation space can be mod-

eled as a multivariate Gaussian distribution. Object detector generally uses the sigmoid function (i.e.,
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fsigmoid(x) = 1/(1 + exp(−wT
c x−bc)) for the category c), which does not consider outputs for other

categories, instead of the softmax function (i.e., fsoftmax (x) = exp(wT
c x+bc)/

∑
c′ exp(w

T
c′x+ bc′) for

the category c) that competes for outputs for all categories to normalize the model output to [0 1]. This

is because, unlike classification, the detection task must take into account that two or more co-located

objects may be active on a single output. In Sec. 3.6.1, we show that even for the sigmoid-based detec-

tor, the distribution of each category in the representation space can also be modeled as a multivariate

Gaussian distribution.

Specifically, let x ∈ X and y = {yc}c=1,··· ,C ∈ Y , yc ∈ {0, 1} be an input and its label, respec-

tively. Then, the representation space of the sigmoid-based detector can be expressed as follows:

P (f(x)|yc = 1) ∼ N (f(x)|µc,Σc), (3.1)

where f(·) denotes the output of the penultimate layer of the detector. µc and Σc are the mean and the

covariance of the multivariate Gaussian distribution for the category c. µc and Σc can be calculated

over the entire set of training images as follows:

µc =
1

|Dc|
∑
x∈Dc

f(x),

Σc =
1

|Dc|
∑
x∈Dc

(f(x)− µc) (f(x)− µc)
⊤, (3.2)

where Dc is the set of instances for the category c. Practically, any detection whose IoU with the

groundtruth of the category c is greater than 0.5 belongs to Dc.

Measuring Domain Gap. After µc and Σc are empirically calculated to represent Dc, the domain gap

43



between a new image xnew and Dc can be measured using the Mahalanobis distance, as follows:

d(xnew) = (f(xnew)− µc)
⊤Σ−1

c (f(xnew)− µc) . (3.3)

This measurement of the domain gap is highly dependent on the detector’s ability to detect

objects in the image. It is commonly known that the detection capability of a detector is greatly

affected by the image size as well as the object appearance in the image. To mitigate the effect of

image size on measuring the domain gap, the Mahalanobis distance for xnew is calculated at multiple

image scales, and the minimum distance is used as the domain gap, as follows:

d(xnew) = min
s∈S

({d(xsnew)}), (3.4)

where xsnew is the resized image of xnew to be s×s. S is the set of resizing factors. In our experiments,

we use S = {128, 256, 384, 512}.

3.3.2 Progressive Transformation Learning

Our objective is to expand the training set consisting of real images by adding virtual images

which are transformed to intimate real images. The virtual2real transformation can be performed by

a generator trained by treating virtual images and real images as “source” and “target”, respectively,

in the conditional GAN framework. Inevitably, the transformation quality of the trained generator

is degraded when the domain gap between the source domain and the target domain is large. To

prevent the degraded transformation quality due to the large domain gap, we introduce Progressive

Transformation Learning (PTL), which progressively and iteratively expands the training set with a
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subset of virtual images carefully selected to avoid the large domain gap. PTL goes through three

steps for each iteration (Fig 3.2): i) sampling a subset of virtual images from a virtual image pool by

giving heavier weights to images close to the current training set (transformation candidate selection),

ii) transforming the selected images to be realistic (virtual2real transformation), and iii) adding the

transformed images to the training set while excluding the selected images from the virtual image pool

(set update). The details of each step are described next.

Transformation Candidate Selection. When selecting transformation candidates, we must consider

two conflicting claims simultaneously: i) to suit the purpose of PTL, virtual images with a small

domain gap should be selected, but ii) to suit the purpose of expanding the training set, virtual images

with appearances that rarely appear in the training set, which usually implies a large domain gap,

should also be selected.

To jointly consider these two claims, we use weighted random sampling. The sampling weight

takes the exponential term which gives higher weights to virtual images with smaller domain gaps,

while introducing one hyper-parameter τ to control the amplitude of the weights, as follows:

w(x) = exp

(
−d(x)

τ

)
, (3.5)

where d(x) is the Mahalanobis distance, which is used to measure the domain gap of x from the current

training set (Eq. 3.4). Intuitively, using a small τ allows a more frequent selection of images with

smaller domain gaps by giving them larger weights than using a large τ . (We use τ=5.0 throughout all

experiments.)

In practice, transformation candidates are selected from virtual image pool through the following

four steps: i) training the human detector f t
D on the current training set of real images Rt, ii) calculating
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µt and Σt on Rt as in Eq. 3.2, iii) calculating weights for each image in the current set of virtual images

Vt as in Eq. 3.5, and iv) applying weighted random sampling to Vt to select a pre-defined number n of

transformation candidates. (We use n=100 throughout all experiments.)

Virtual2Real Transformation. In line with the goal of this chapter to obtain a human detector that

can identify humans with diverse appearances captured by a UAV, we design the virtual2real transfor-

mation to focus on the person region rather than the background of the selected virtual images. To

do so, we crop the person region in the virtual image, apply the transformation only to this region,

and segment the transformed person back to the original background. For accurate segmentation, the

pixel-wise segmentation mask is required. Obtaining such pixel-wise segmentation mask at no cost is

another benefit of using virtual images.

The conditional GAN framework [82], in which the generator is trained to transform a given

input image from source styles into target styles, is widely used to transform virtual images to look

like real images [80, 119]. Among many variants of conditional GANs, we use CycleGAN [120]

in which the generator is trained to minimize the reconstruction error between the input image and

the reconstructed image transformed back to the original style of the input image after the initial

transformation to the target style. It is shown in [82] that the transformation with CycleGAN is likely

to maintain the original object pose while changing detailed styles such as patterns (e.g., transforming

a white horse into a zebra in the same pose). We intend to borrow this characteristic of CycleGAN to

transform virtual images in the direction that makes the detailed styles realistic while maintaining the

overall human appearances, which depend on various viewing angles or human poses.

In practice, the virtual2real transformation generator f t
G is trained using the CycleGAN frame-

work by treating the selected transformation candidates CV
t and the current set of real images Rt as
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“source” and “target”, respectively. Then, CV
t are transformed to realistic transformed images CR

t by

applying the virtual2real transformation generator.

Set Update. After the transformed images CR
t are acquired from the selected transformation candi-

dates CV
t, PTL updates the current real image set Rt and the current virtual image set Vt as follows:

Rt+1 = Rt ∪ CR
t Vt+1 = Vt/CV

t (3.6)

When this progressive learning is terminated, the final human detection model can be acquired by

training on the final set of real images.

In practice, the first two steps of PTL are applied to the tightly cropped image region of human

region, but in the ‘set update’ step, the entire image including the human region and the background is

added to the training set for training the human detector. More precisely, when training the virtual2real

transformation generator, the tightly cropped image region around each human from the training im-

ages are used as the “target”.

3.4 Experiments

3.4.1 Experimental Setup

Datasets and Evaluation Metrics. We perform experiments on three real UAV-based datasets, Vis-

Drone [9], Okutama-Action [10], and ICG [11], and a virtual UAV-based dataset, Archangel-Synthetic

(Sec. 2.3.2), all of which include human instances. We use a subset of Archangel-Synthetic consist-

ing of various virtual characters with different poses across a range of altitudes and circle radii, along

with different camera pitch angles (i.e., 17.3K images with eight characters, three poses, ten altitudes,
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six circle radii, and twelve camera pitch angles). Each image in Archangel-Synthetic accompanies

metadata about the above imaging conditions, allowing us to analyze how the feature distributions of

virtual characters evolve with respect to these imaging conditions when PTL progresses. The details

of the datasets used in the experiments are described in Sec. 3.6.2. We use AP@.5 and AP@[.5:.95]

as evaluation metrics for all experiments.

Detector. For the detector, we use RetinaNet [65] that uses the feature pyramid network (FPN) to

provide a rich multi-scale feature pyramid and processes features at all scale levels with the same sub-

network responsible for the final classification and bounding box regression. It is important to use the

same subnetwork across all scale levels since the domain gap for each virtual image should be mea-

sured in a shared representation space regardless of the image size. Most other object detectors using

FPN (e.g., SSD [121] and v4 or later versions of YOLO [25, 64, 122, 123]) use different subnetworks

at each scale level. However, PTL is not structurally limited to RetinaNet as it can be used with any

detector with minor modifications, such as adding one shared layer across all scale levels. The archi-

tectural details of the generator and discriminator of CycleGAN, along with the detector, are described

in Sec. 3.6.2.

3.4.2 Properties of Progressive Learning

Which Virtual Images Are Selected for Each PTL Iteration? The top row of Figure 3.3 shows the

change in the accumulated distribution of virtual images added to the training set via each PTL iter-

ation with respect to camera locations. By examining the distribution, we can identify which camera

locations of the virtual images contribute more to the training set at each PTL iteration.

It is observed that after the 1st PTL iteration, most virtual images included in the training set
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Figure 3.3: Analysis of the use of virtual images during PTL. The top row shows the
accumulated distribution of transformation candidates with respect to camera locations
(rotation circle radius and altitude relative to the target human along x- and y-axes, respec-
tively) for each PTL iteration. Darker bins indicate a higher number of selected virtual
images. The bottom row (x-axis: domain gap; y-axis: number of virtual images) shows
the distribution of virtual images across domain gap values, where the domain gap is mea-
sured by Eq. 3.4. Results are based on experiments using 50 real images from the VisDrone
dataset for training.

are taken from the camera locations close to the human subjects. As PTL progresses, the camera

locations of the virtual images included in the training set gradually spread across the UAV altitudes

and rotation circle radii. Consequently, after the 5th PTL iteration, transformed virtual images with

diverse appearances from much broader camera locations are included in the final training set. This

demonstrates that the proposed transformation candidate selection process is adequately designed to

consider the two conflicting claims together.

How Close Does the Domain Gap Get as PTL Progresses? The bottom row of Figure 3.3 shows the

domain gap between the virtual images and the training set at each PTL iteration. We can observe the

domain gap distribution of virtual images to the training set gradually becomes narrower and smaller.

Additionally, some virtual images which have not been included in the training set also appear in the

long tail of the distribution.

Accuracy Variation as PTL Evolves. Figure 3.4 shows how the accuracy changes as PTL progresses
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Figure 3.4: Learning curves of AP@.5 and AP@[.5:.95] on the three datasets.

on the three datasets. Overall, for AP@.5, accuracy increases rapidly until the 3rd iteration and does

not change significantly thereafter. On the other hand, for AP@[.5:.95], accuracy continues to increase

even after the 3rd iteration on the Okutama-Action and ICG datasets. This can be interpreted such that

human bounding boxes are estimated more accurately as PTL progresses on these two datasets.

3.4.3 Results on Low-Shot Learning

Baselines. We compare PTL with the method utilizing only real images for training (i.e., ‘baseline’)

and other three methods also leveraging virtual images in conjunction with real images for training

(i.e., ‘pretrain-finetune’, ‘naive merge’, and ‘naive merge w/ transform’) in terms of human detection

accuracy. ‘Pretrain-finetune’ is the strategy to train a model by pre-training on virtual images and

then fine-tuning on real images, which is the most widely used approach leveraging virtual images

in previous work [79, 85, 86, 87, 88, 89, 90, 91, 92, 93]. ‘Naive merge’ is the strategy that uses a

training set naively merging from real and virtual images for model training, which has also been

used in previous works [96, 97]. ‘Naive merge w/ transform’ naively adds transformed virtual images

to the training set, where the transformation generator is trained with the CycleGAN framework by

considering all virtual images and all real images as “source” and “target”.

Main Results. In Table 3.1, we compare PTL to the baselines in terms of human detection accuracy

in two low-shot detection regimes (i.e., 20 and 50 real images are used for training) on the three real-
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world UAV-based datasets. Low-shot detection is a suitable task to validate the proper use of virtual

images as notable effects can be expected from adequately expanded datasets.

In all cases, the previous methods leveraging virtual images do not present significantly better,

or even worse, accuracy than their counterpart (i.e., ‘baseline’) using real images only for training.

‘Pretrain-finetune’ is the only method, except for PTL, that presents better accuracy than the baseline

in some cases. This two-step method is effective in avoiding adverse effects due to the large domain

gap while indirectly taking advantage of the large-scale dataset. However, the increase in accuracy is

marginal as the task-specific properties (i.e., human detection) of the large-scale virtual dataset used

for pre-training are not fully exploited due to the catastrophic forgetting issue inherent in this indirect

method. In addition, ‘naive merge w/ transformation’, which is the only previous method that uses

transformed virtual images, presents significantly reduced accuracy, which can be regarded as the

adverse effects (e.g., transformation quality degradation) when the large domain gap is not properly

addressed. The final model obtained after the 5th PTL iteration or the best model achieved when PTL

progresses consistently presents significantly better performance than any compared method. This

demonstrates the effectiveness of PTL such that accuracy is substantially improved by expanding the

training set using virtual images while the large domain gap is appropriately addressed.

Ablation: The Effect of τ . In Table 3.2a, we compare five different τ values to investigate the effect

of τ used to control the sampling weights when selecting transformation candidates (Eq. 3.5). It is

found that as large τ values (≥ 100) are used, the accuracy on the VisDrone dataset decreases while

the accuracy on the ICG dataset increases. The finding indicates that adding more virtual images with

a large domain gap to the training set using a large τ has no significant effect or even adverse effect

in terms of accuracy when the training set and the test set are in the same domain. However, a large
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Table 3.1: Low-shot learning accuracy using 20 and 50 real images. AP@.5 and
AP@[.5:.95] are reported in each bin. For PTL, the margin relative to the baseline accuracy
is shown below the reported accuracy. The best accuracy for each setting is highlighted in
bold. R and V denote real and virtual image sets, respectively.

method train set
VisDrone Okutama-Action ICG

20 50 20 50 20 50
baseline R 3.74/ 1.09 6.42/ 1.86 41.61/ 11.23 49.84/ 13.76 49.35/ 14.69 66.75/ 23.91
pretrain-finetune R+V 4.99/ 1.46 6.25/ 1.99 44.57/ 12.78 49.06/ 15.08 66.92/ 26.67 68.41/ 29.73
naive merge R+V 3.41/ 1.02 5.18/ 1.65 34.26/ 9.21 48.33/ 14.61 55.95/ 20.76 65.68/ 26.73

w/ transform R+V 1.26/ 0.49 4.02/ 1.37 27.37/ 7.84 41.36/ 12.64 48.02/ 17.62 65.03/ 27.21
PTL (5th itr.) R+V 6.83/ 1.94 9.09/ 2.85 52.89/ 15.57 59.90/ 18.48 69.11/ 27.33 74.14/ 31.41

+3.09/+0.85 +2.67/+0.99 +11.28/ +4.34 +10.06/ +4.72 +19.76/+12.64 +7.39/ +7.50
PTL (best) R+V 7.52/ 2.13 9.33/ 2.94 53.82/ 15.59 60.65/ 18.48 70.23/ 27.33 74.14/ 31.41

+3.78/+1.04 +2.91/+1.08 +12.21/ +4.36 +10.81/ +4.72 +20.88/+12.64 +7.39/ +7.50

Table 3.2: PTL ablation experiments. Models are trained on the VisDrone dataset using
the 50-shot setup.

(a) Varying τ in PTL (after 5th iteration).

τ VisDrone Okutama-Action ICG
1 9.48/ 3.01 39.37/ 10.45 27.87/ 7.75
5 9.09/ 2.85 42.39/ 11.41 29.26/ 7.27

10 9.68/ 2.87 37.48/ 9.51 33.06/ 7.66
100 8.97/ 2.54 38.25/ 10.18 33.78/ 9.29

1000 8.90/ 2.63 39.15/ 10.00 43.90/ 11.97

(b) Varying # of virtual images added to the training
set per PTL iteration. The reported accuracies are ob-
tained by using the best PTL models.

# img per itr VisDrone Okutama-Action ICG
50 9.59/ 2.90 41.62/ 11.19 25.94/ 6.04

100 9.33/ 2.94 42.39/ 11.46 30.01/ 7.36
200 9.04/ 2.91 41.29/ 11.18 35.50/ 10.20

τ shows a remarkable effect in the cross-domain setting, especially when the training set and the test

set have very different characteristics, such as the VisDrone train set and the ICG test set. We use τ=5

throughout the experiment for the same-domain setup, but we can also consider using a large τ for the

cross-domain setup.

Ablation: The Effect of n. n, which is the number of virtual images added to the training set per

PTL iteration, can affect not only the optimality of training but also the scalability of models trained

by PTL toward other datasets different from the real dataset used for training. Accordingly, to find the

optimal value of n by taking these effects into account, we carry out ablation experiments under the

cross-domain setup as shown in Table 3.2b.

We compare three cases when n is 50, 100, and 200. When the training set and the test set

comes from the same domain (i.e., training and testing on the VisDrone dataset), the human detection
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accuracy is not very sensitive to n. The best accuracy is obtained with the fewest virtual images (i.e.,

n=50). The insensitivity to the hyperparameter n is also observed in the Okutama-Action dataset,

having relatively similar properties to the VisDrone dataset under the cross-domain setup. However,

for ICG, which is considered to have noticeably different properties from the VisDrone dataset under

the cross-domain setup, the accuracy is significantly improved as more virtual images (i.e., n=200) are

used per PTL iteration. This implies that using more virtual images through more PTL iterations tends

to further reduce the cross-domain gap when the discrepancy between the training set and the test set is

considerably large, such as VisDrone vs. ICG, resulting in improved PTL scalability. Considering the

trade-off between the training optimality and the PTL scalability, we use n=100 throughout all other

experiments in this chapter.

Qualitative Analysis of Transformation. Figures 3.5 show several samples of transformed virtual

images included in the training set using methods with virtual2real transformation (i.e., PTL and ‘naive

merge w/ transformation’) in the ‘VisDrone and 50-shot’ setup. First, the quality of the transformed

image by ’naive merge w/transformation’ generally deteriorates a lot, and there are samples, in some

severe cases, in which it is difficult to recognize the human appearance anymore. On the other hand,

in the case of the virtual image transformed by PTL considering the domain gap when training the

transformation generator, it can be seen that only the pattern is changed to be similar to the image of

the real dataset while the human pose is maintained well. This qualitative analysis supports the validity

of our claim that the domain gap between virtual images and real images should be considered when

training the virtual2real transformation generator.
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Naive merge w/ transform PTL

Figure 3.5: Sample Virtual2Real transformation results (VisDrone, 50-shot). Each set
consists of three images: original virtual image (left), transformed image (middle), and
transformed image with background (right).

3.4.4 Results on Cross-Domain Detection

In Table 3.3, we show the accuracy for the cross-domain setups on the three datasets. The

‘cross-domain detection’ setups are used to validate the impact of using virtual images for training

when training and test images have distinct characteristics, such as when the distributions of human

appearances with respect to human poses and viewing angles are different.

First, it is observed that using PTL yields much better accuracies than the baseline when using

the same real training dataset. Despite the inherent difficulty of cross-domain learning, it is also

observed that leveraging virtual images through PTL produces results not far behind the accuracy of

the baseline (shown in the first row of Table 3.3) which uses the training images from the same domain

as the test images. However, the improvement in the cross-domain detection accuracy when using the

ICG dataset for training is relatively low compared to other cases. This is because the ICG dataset

has very different characteristics from other datasets, and virtual images added to the training set do

not reduce this difference. Note that if the real images in the initial training set have very distinct

appearances, a very different set of virtual images may be selected in the first PTL iteration. Thus,

the disparity may not be overcome even if the PTL progresses further. Nevertheless, in general, we

can confirm that human detectors trained using virtual images through PTL can improve substantially
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Table 3.3: Cross-domain detection accuracy under 3×3 cross-domain setups. For each
setup, the datasets on the left and right of the arrow indicate training and test sets, respec-
tively. PTL and baseline accuracies (without virtual images) are reported. The top row
corresponds to same-domain setups and serves as reference performance for cross-domain
results. All setups within each column use the same test dataset and low-shot regime.

method
VisDrone Okutama-Action ICG

20 50 20 50 20 50
Vis → Vis Oku → Oku ICG → ICG

baseline 3.74/ 1.09 6.42/ 1.86 41.61/ 11.23 49.84/ 13.76 49.35/ 14.69 66.75/ 23.91
PTL (5th itr.) 6.83/ 1.94 9.09/ 2.85 52.89/ 15.57 59.90/ 18.48 69.11/ 27.33 74.14/ 31.41
PTL (best) 7.52/ 2.13 9.33/ 2.94 53.82/ 15.59 60.65/ 18.48 70.23/ 27.33 74.14/ 31.41

Oku → Vis Vis → Oku Vis → ICG
baseline 1.62/ 0.47 2.04/ 0.57 17.13/ 4.53 36.82/ 9.87 2.92/ 0.56 7.46/ 1.83
PTL (5th itr.) 2.72/ 0.94 3.05/ 1.07 30.72/ 7.45 42.39/ 11.41 26.86/ 7.22 29.26/ 7.27
PTL (best) 3.00/ 1.22 3.56/ 1.17 33.25/ 8.59 42.39/ 11.46 29.60/ 7.69 30.01/ 7.36

ICG → Vis ICG → Oku Oku → ICG
baseline 0.54/ 0.13 0.99/ 0.26 3.56/ 0.75 10.27/ 2.49 5.37/ 1.25 5.23/ 1.20
PTL (5th itr.) 1.09/ 0.33 1.61/ 0.50 11.19/ 2.58 14.20/ 3.56 28.98/ 8.14 25.39/ 6.53
PTL (best) 1.58/ 1.02 1.70/ 0.63 12.82/ 2.96 14.20/ 3.71 28.98/ 8.14 26.62/ 6.53

detection accuracy, regardless of which real dataset is used during training.

3.5 Discussion

Our method has been proved effective in leveraging virtual images during training as it presents

much better accuracy than any other previous methods for low-shot learning tasks, where scaling up

the training dataset can significantly impact. In addition, compared to the baseline which does not use

virtual images, our method also presents remarkable accuracy on cross-domain detection, where the

real training and test datasets are from two distinct domains with very different characteristics.

Despite the merits of the proposed method, there is still room to improve PTL further. Specifi-

cally, the current version of PTL can only leverage a subset of the entire virtual images within a limited

number of iterations, beyond which the accuracy may decrease. We hope that more advanced methods

can be developed to address this issue so that PTL can progress for more iterations with a continuous

accuracy increase until all virtual images are leveraged for training.
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3.6 Additional Details

3.6.1 Modeling Representation Space of a Detector

Mathematical Derivation. In this section, we derive the earlier formulation that models the rep-

resentation space of a general object detector with a multivariate Gaussian distribution. Let the in-

put random variable and its corresponding label for a linear classifier be denoted by x ∈ X and

y = {yc}c=1,··· ,C ∈ Y , respectively, where yc ∈ {0, 1}. The posterior distribution defined by the linear

classifier, whose output is given by the sigmoid function, can be expressed as:

P (yc = 1|x) =
1

1 + exp (−wcx−bc)

=
exp (wcx+ bc)

exp (wcx+ bc) + 1
, (3.7)

where wc and bc denote the weights and bias of the linear classifier for category c, respectively.

Gaussian Discriminant Analysis (GDA) models the posterior distribution of the classifier by

assuming that the class-conditional distribution P (x|y) and the class prior distribution P (y) follow

multivariate Gaussian and Bernoulli distributions, respectively:

P (x|yc = 0) = N (µ0,Σ0),

P (x|yc = 1) = N (µ1,Σ1),

P (yc = 0) = β0/ (β0 + β1) ,

P (yc = 1) = β1/ (β0 + β1) , (3.8)

56



where µ{0,1} and Σ{0,1} denote the mean and covariance of the multivariate Gaussian distributions,

respectively, and β{0,1} represent the unnormalized priors for the background and category c.

For the special case of GDA where all categories share the same covariance matrix (i.e., Σ0 =

Σ1 = Σc), known as Linear Discriminant Analysis (LDA), the posterior distribution P (yc|x) can be

written in terms of P (x|yc) and P (yc) as:

P (yc = 1|x)

=
P (yc = 1)P (x|yc = 1)

P (yc = 0)P (x|yc = 0) + P (yc = 1)P (x|yc = 1)

=

exp
(
(µ1−µ0)

⊤Σ−1
c x . . .

−1

2
µ⊤
1 Σ

−1
c µ1 +

1

2
µ⊤
0 Σ

−1
c µ0 + log β1/β0

)
exp

(
(µ1−µ0)

⊤Σ−1
c x . . .

−1

2
µ⊤
1 Σ

−1
c µ1 +

1

2
µ⊤
0 Σ

−1
c µ0 + log β1/β0

)
+ 1

.

(3.9)

The quadratic terms cancel under the shared covariance matrix assumption. Consequently, the poste-

rior derived from GDA (Eq. 3.9) is equivalent to the sigmoid-based posterior of the linear classifier

in Eq. 3.7, with wc = (µ1−µ0)
⊤Σ−1

c and bc = −1
2
µ⊤
1 Σ

−1
c µ1 +

1
2
µ⊤
0 Σ

−1
c µ0 + log β1/β0. This equiva-

lence implies that the representation space induced by x can be modeled by a multivariate Gaussian

distribution.

Based on the above derivation, let x denote the output of the penultimate layer of an object

detector for a region proposal, and let a linear classifier parameterized by wc and bc serve as the final

layer. Then, the representation space of the object detector corresponding to category c can be modeled
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by a multivariate Gaussian distribution. In other words, it can be characterized by the parameters µ1

(i.e., µc) and Σc.

Relation to Prior Work. The sigmoid function can be viewed as a special case of the softmax func-

tion for a single category, as both take the form of an exponential term for the category of interest

normalized by the sum of exponential terms over all categories. Therefore, the modeling of a sigmoid-

based detector can be derived from prior work [83], which shows that a softmax-based classifier can

be modeled with a multivariate Gaussian distribution in the representation space. However, our deriva-

tion remains meaningful, as it extends this modeling framework, previously limited to softmax-based

classifiers, to general object detectors based on sigmoid outputs. This distinction is important because

most object detectors, especially one-stage detectors, employ the sigmoid function, which treat each

category independently and allow multiple categories to be active simultaneously.

3.6.2 Implementation Details

Multi-Scale Training. We adopt a multi-scale training strategy when preparing input images, in

addition to the 5-level feature scaling provided by the detector’s FPN module. This aims to improve

robustness to variations in human scale across images. Due to the significant differences in human

sizes between the real and virtual datasets, we apply dataset-specific scaling factors to normalize object

scales after resizing. For the real dataset, the short side of each input image is randomly resized to one

of {768, 800, 832, 864}, while the long side is constrained to be at most 1440 pixels. For the virtual

dataset, images are resized to fixed square resolutions in {128, 256, 384, 512}2.

Network Architecture. We adopt CycleGAN to obtain the generator, which involves two generators

and two discriminators during training. Each generator follows a 24-layer UNet-like architecture (i.e.,
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the resnet 9blocks generator in the official CycleGAN repository [124]), consisting of nine 2-

layer residual modules that connect the encoder and decoder. Each discriminator is implemented as a

5-layer fully convolutional network (i.e., the basic discriminator in [124]).

For the detector, we adopt the official RetinaNet architecture implemented in Detectron2 [125],

with several modifications. First, the feature dimension of both the classification and box regression

subnets is reduced from 256 to 32, as we consider a single category (human) instead of multiple cate-

gories (e.g., 80 categories in the MS COCO dataset [36]). Second, we replace ReLU with LeakyReLU

in both subnets to mitigate the singular covariance issue that may arise when computing the Maha-

lanobis distance, which can be occasionally triggered by the dying ReLU problem. Third, the kernel

size of the final convolutional layer in the classification subnet (i.e., the layer preceding the sigmoid

activation) is reduced from 3×3 to 1×1, ensuring that each prediction corresponds to a single feature

vector in the representation space. We use ResNet-50 as the backbone.

Training Details. The training settings for the human detector in our method and the baseline ap-

proaches are summarized in Table 3.4a. Without further specification, we follow the training set-

tings and initialization strategies of the original RetinaNet [65]. In the pretrain–finetune paradigm,

fine-tuning is typically performed with fewer iterations and a smaller learning rate, as convergence is

faster. However, we use the same learning rate (0.001) for both stages, since the ImageNet-pretrained

backbone is also fine-tuned on virtual images during the pre-training stage.

The training settings for the generator, used in both the baseline with transformation (i.e., ‘naive

merge w/ transformation’) and our method, are listed in Table 3.4b. These settings and initialization

strategies follow the original CycleGAN training procedure [120]. The ‘naive merge w/ transform’

approach uses fewer training epochs than PTL (80 vs. 100), as all virtual images are utilized during
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Table 3.4: Training configurations used in the experiments.

(a) Detector Training

config baseline
pretrain-finetune

naive merge PTL
pretrain finetune

optimizer SGD
momentum 0.9
weight decay 0.0001
base lr 0.001
lr schedule multi-step lr
gamma 0.1
warmup iter. 1000
total iter. 6000 6000 600 6000 6000
steps 5000 5000 500 5000 5000
batch size 16
filter empty annot. False
box threshold 10
aspect ratio grouping False

(b) Generator Training

config
naive merge w/
transform

PTL

optimizer Adam
momentum β1, β2 = 0.5, 0.999
lr 0.0002
total epochs 80 100
batch size 8
load size 256
preprocess None

training. In practice, as dataset size increases, fewer epochs are typically sufficient for convergence.

3.6.3 Dataset Details

In this section, we provide the details of the three real UAV-based datasets—VisDrone [9],

Okutama-Action [10], and ICG [11]—as well as the virtual UAV-based dataset, Archangel-Synthetic,

used in Chapter 3. Sample images from each dataset are shown in Figures 3.6 and 3.7.

VisDrone. The VisDrone dataset consists of four tracks: object detection (DET), video object de-

tection (VID), single object tracking (SOT), and multi-object tracking (MOT), each with a dedicated

dataset. We use the DET track and focus on detecting the person and pedestrian categories among the

ten object categories provided. The DET track contains 10,209 images, split into 6,471 training

images, 548 validation images, 1,580 test-challenge images, and 1,610 test-dev im-

ages. We use the training set for model training and the test-dev set for evaluation. The

maximal image resolution in the VisDrone dataset is 2000×1500.

Okutama-Action. The Okutama-Action dataset was originally created for human action detection
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VisDrone

Okutama-Action

ICG

Figure 3.6: Sample images from each real dataset.

from aerial views. In addition to action detection, it also supports pedestrian detection as a sub-

task. The dataset was collected using a drone equipped with a camera flying at altitudes between

10m and 45m, with camera angles set to 45 or 90 degrees. It contains 43 video sequences in 4K

resolution (3840×2160), where 33 sequences are used for the train-val set, and the remaining

10 sequences are used for the test set. Due to the high similarity between consecutive frames, we

sample every tenth frame from both the train-val set and the test set. The model is trained on

the train-val set and evaluated on the test set.

ICG. The ICG dataset is designed for studying semantic understanding of urban scenes and includes

ground-truth human bounding box annotations for detection tasks. Images were captured from a cam-

era positioned at altitudes from 5m to 50m, with a resolution of 6000×4000. The dataset provides a
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· character: juliet
· pose: standing
· altitude: 5m
· radius: 5m
· camera angle: 90◦

· sun angle: 1

· character: scott
· pose: standing
· altitude: 5m
· radius: 15m
· camera angle: 240◦

· sun angle: 2

· character: juliet
· pose: squatting
· altitude: 5m
· radius: 30m
· camera angle: 150◦

· sun angle: 3

· character: scott
· pose: squatting
· altitude: 25m
· radius: 5m
· camera angle: 180◦

· sun angle: 2

· character: juliet
· pose: standing
· altitude: 25m
· radius: 15m
· camera angle: 210◦

· sun angle: 3

· character: scott
· pose: standing
· altitude: 25m
· radius: 30m
· camera angle: 330◦

· sun angle: 4

· character: scott
· pose: squatting
· altitude: 5m
· radius: 5m
· camera angle: 270◦

· sun angle: 1

· character: juliet
· pose: squatting
· altitude: 5m
· radius: 15m
· camera angle: 180◦

· sun angle: 2

· character: scott
· pose: standing
· altitude: 5m
· radius: 30m
· camera angle: 120◦

· sun angle: 1

· character: juliet
· pose: standing
· altitude: 25m
· radius: 5m
· camera angle: 60◦

· sun angle: 2

· character: scott
· pose: squatting
· altitude: 25m
· radius: 15m
· camera angle: 0◦

· sun angle: 3

· character: juliet
· pose: squatting
· altitude: 25m
· radius: 30m
· camera angle: 300◦

· sun angle: 4

Figure 3.7: Sample images from the Archangel-Synthetic dataset. Metadata for each image
is shown on the right.

training set of 400 images for human detection. We use the first 320 images for training and the

remaining 80 images for testing.

Archangel-Synthetic. This dataset is one of the three sub-datasets of the Archangel dataset (see

Sec. 2.3.2), alongside Archangel-Real and Archangel-Mannequin. The Archangel dataset is a hy-

brid UAV-based dataset captured under similar imaging conditions across real and synthetic domains.

An important property that sets it apart from other datasets is the availability of metadata describing

camera positions, including UAV altitudes and rotation radii for each image. The Archangel-Synthetic

dataset contains 4.4M images. Due to its significantly larger size compared to the utilized real datasets,
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Table 3.5: Wall-clock training time (minutes) for the VisDrone 20-shot setting. Experi-
ments are conducted using GeForce RTX 2080 Ti GPUs.

method total detail
baseline 40
pretrain-finetune 21 4/17 (pretrain / finetune)
naive merge 17

w/ transform 2,777 2,760/17 (GAN train / Dtr train)
PTL 600 20/iter. (domain gap calc. on virtual set)

40/36/32/28/25/22 (Dtr train, ∼ 6th iter.)
28/41/56/69/83 (GAN train, ∼ 5th iter.)

a subset of 17.3K images is used as the virtual image set in our experiments.

3.6.4 Additional Analyses

Training Time Comparison. The training times for PTL and the baseline methods are reported in

Table 3.5. For PTL, the detector training time (denoted as ‘Dtr train’ in the table) decreases as training

progresses. This trend arises because the number of virtual images (i.e., Archangel-Synthetic), which

typically have smaller resolutions than real images (i.e., VisDrone), increases over iterations. Notably,

detector training in PTL uses a fixed number of iterations regardless of the PTL iteration. In contrast,

the CycleGAN training time (denoted as ‘GAN train’) gradually increases due to the growing number

of virtual images.

Although PTL is relatively slow due to CycleGAN training, it remains significantly faster than

the ‘naive merge w/ transform’ baseline. This is because PTL uses only a subset of virtual images at

each PTL iteration, rather than the entire dataset. Nevertheless, PTL may encounter scalability issues

in terms of training time when a large number of virtual images are used over many iterations. To

mitigate this issue, the CycleGAN training time at each PTL iteration can be reduced by fine-tuning

the model from the previous iteration [126].
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Table 3.6: Comparison of distance metrics (VisDrone, 20-shot).

Metric Vis Oku ICG
Euclidean 5.28 /1.52 28.80 /6.83 26.00 /7.06
Mahalanobis 6.83 /1.94 30.72 /7.45 26.86 /7.22

Table 3.7: Comparison of transformation candidate selection strategies (VisDrone, 50-
shot).

test close 100 mid 100 far 100 our
Vis 9.11/ 2.71 9.11/ 2.89 8.64/ 2.53 9.38/ 2.94
Oku 39.57/11.05 43.31/11.55 41.98/11.32 42.39/11.47
ICG 29.66/ 7.40 34.98/ 8.97 31.24/ 8.19 30.01/ 7.36

Analysis of Domain Gap Measurement. To investigate the effect of using the Mahalanobis distance

to measure domain gaps, we compare it with alternative metrics under the assumption that feature

representations of a given category in the real dataset follow a multivariate Gaussian distribution.

Specifically, we consider Euclidean distance, which depends only on the mean and ignores the covari-

ance of the distribution. As shown in Table 3.6, the Mahalanobis distance consistently yields higher

accuracy in both in-domain and cross-domain setups.

Analysis of Transformation Candidate Selection. To assess the impact of weighted random sam-

pling for selecting transformation candidates, we compare it with several alternative selection strate-

gies. Particularly, we conduct experiments by selecting 100 virtual images from three different domain-

gap ranges (i.e., {close, mid, far}) instead of using weighted random sampling (‘our’ in Table 3.7) at

each PTL iteration. The results show that our selection strategy achieves the best performance in the

in-domain setup while maintaining competitive accuracy in the cross-domain setup.

Further Analysis of Progressive Learning Properties. In this section, we analyze the distributions of

transformation candidates with respect to camera positions (Figure 3.8) and domain gaps (Figure 3.9)

for five additional cases not shown in Figure 3.3. These analyses demonstrate that the observations
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described in Section 3.4 generalize to these scenarios.

For the distributions of transformation candidates with respect to camera locations (Figure 3.8),

the trend observed in Section 3.4 remains consistent across all cases. As PTL progresses, the camera

locations of virtual images included in the training set gradually expand to cover the entire spatial

range. This suggests that the transformation candidate selection strategy in PTL is robust across dif-

ferent experimental setups. Furthermore, the distribution of human instances in the real training set

with respect to camera locations is likely similar to that of transformation candidates in the first PTL

iteration, where virtual images with smaller domain gaps are more frequently selected. This observa-

tion suggests that, in the Okutama-Action dataset, human instances are captured across a wide range

of camera positions. In contrast, the other two datasets exhibit more concentrated camera ranges. In

particular, for the ICG dataset, most images are captured within a close range, which may explain why

increasing camera diversity via PTL does not significantly improve cross-domain performance.

For the distribution of virtual images with respect to domain gaps (Figure 3.9), the narrowing

trend described in Section 3.4 is also observed. However, the rate of this change is noticeably slower

for the ICG dataset compared to the others, as shown in Figure 3.9. This finding further indicates that

the ICG dataset has very distinct characteristics compared to the other datasets.

Qualitative Analysis of Transformation. Figures 3.10–3.15 present examples of transformed virtual

images used for training in methods employing virtual2real transformation (i.e., PTL and the ‘naive

merge w/ transformation’ baseline) across six experimental setups. The observed trends are consis-

tent with those shown in Figure 3.5, reinforcing the qualitative superiority of PTL over the baseline

approach. Furthermore, these results support our claim that explicitly accounting for the domain gap

between virtual and real images is crucial when training virtual2real transformation models.
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iter. 1 iter. 2 iter. 3 iter. 4 iter. 5

VisDrone, 20-shot
iter. 1 iter. 2 iter. 3 iter. 4 iter. 5

Okutama-Action, 20-shot
iter. 1 iter. 2 iter. 3 iter. 4 iter. 5

Okutama-Action, 50-shot
iter. 1 iter. 2 iter. 3 iter. 4 iter. 5

ICG, 20-shot
iter. 1 iter. 2 iter. 3 iter. 4 iter. 5

ICG, 50-shot

Figure 3.8: Accumulated distributions of transformation candidates with respect to camera
locations in additional setups. The x- and y-axes denote rotation circle radius and altitude
relative to the target human, respectively. Results are shown for all experimental setups
except for the setup (VisDrone, 50-shot) presented in Figure 3.3.
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iter. 1 iter. 2 iter. 3 iter. 4 iter. 5

VisDrone, 20-shot
iter. 1 iter. 2 iter. 3 iter. 4 iter. 5

Okutama-Action, 20-shot
iter. 1 iter. 2 iter. 3 iter. 4 iter. 5

Okutama-Action, 50-shot
iter. 1 iter. 2 iter. 3 iter. 4 iter. 5

ICG, 20-shot
iter. 1 iter. 2 iter. 3 iter. 4 iter. 5

ICG, 50-shot

Figure 3.9: Distributions of virtual images with respect to domain gap in additional setups.
The x-axis represents the domain gap and the y-axis represents the corresponding number
of virtual images. Results are shown for all experimental setups except for the setup (Vis-
Drone, 50-shot) presented in Figure 3.3.
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Naive merge w/ transform PTL

Figure 3.10: Sample Virtual2Real transformation results (VisDrone, 20-shot). Each set
consists of three images: original virtual image (left), transformed image (middle), and
transformed image with background (right).

Naive merge w/ transform PTL

Figure 3.11: Sample Virtual2Real transformation results (VisDrone, 50-shot). Each set
consists of three images: original virtual image (left), transformed image (middle), and
transformed image with background (right).
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Naive merge w/ transform PTL

Figure 3.12: Sample Virtual2Real transformation results (Okutama-Action, 20-shot). Each
set consists of three images: original virtual image (left), transformed image (middle), and
transformed image with background (right).

Naive merge w/ transform PTL

Figure 3.13: Sample Virtual2Real transformation results (Okutama-Action, 50-shot). Each
set consists of three images: original virtual image (left), transformed image (middle), and
transformed image with background (right).
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Naive merge w/ transform PTL

Figure 3.14: Sample Virtual2Real transformation results (ICG, 20-shot). Each set consists
of three images: original virtual image (left), transformed image (middle), and transformed
image with background (right).

Naive merge w/ transform PTL

Figure 3.15: Sample Virtual2Real transformation results (ICG, 50-shot). Each set consists
of three images: original virtual image (left), transformed image (middle), and transformed
image with background (right).
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Chapter 4: Diversifying Human Pose in Synthetic Data for Aerial-view Human De-

tection

4.1 Introduction

Despite the recent surge in the use of unmanned aerial vehicles (UAVs), aerial scene perception,

particularly object detection in aerial images, has not progressed as much as general object detec-

tion [127]. This gap may be attributed to the lack of real-world datasets that sufficiently capture

diverse object appearances, especially humans, from aerial perspectives.

Leveraging synthetic data—generated by manipulating factors related to human appearances—

for training detectors has recently emerged as a promising solution [26]. Efforts have also been made

to synthesize images of human postures using multiple virtual characters with varied outfits and phys-

ical characteristics [13], or by capturing them from different angles and distances [24]. However,

constructing a synthetic dataset with diverse human appearances that match real-world characteristics

typically requires significant efforts from experts to model characters and design motions. Human

poses, in particular, are a key factor contributing to distinctive human appearances; they are highly

diverse and only partially defined, making them exceptionally difficult to control. This challenge be-

comes even more pronounced when everything must be built from scratch, a common scenario due to

the fact that existing synthetic datasets often do not share the complete assets (e.g., characters, motions,

or backgrounds) used to generate them.

In this chapter, we introduce an alternative approach called SynPoseDiv—a novel framework

that diversifies human poses in an existing synthetic dataset (Fig. 4.1). Specifically, SynPoseDiv trans-

forms images in the existing dataset so that the characters assume poses not found in the original set,

while maintaining the original style. To achieve this, SynPoseDiv addresses two key challenges: i)
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Figure 4.1: The SynPoseDiv framework generates a set of novel poses using a pose gener-
ator. For each synthetic image in the original dataset, a sequence of target poses is selected
from the novel pose set through target pose selection. The image translator then generates
images corresponding to each target pose in the sequence. A pose-diversified synthetic
dataset is constructed by adding the generated images to the original synthetic dataset after
post-processing.

how to identify a variety of novel yet realistic poses, and ii) how to generate human images in these

novel poses.

To tackle the first challenge, SynPoseDiv incorporates a pose generator based on the diffusion

model, an emerging generative model known for its remarkable performance [128]. The pose generator

produces a wide range of realistic human poses in the form of 3D keypoint locations. Using this

generator, SynPoseDiv constructs a large set of diverse novel poses (‘novel pose set’) while ensuring
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diversity by filtering out highly similar poses.

To address the second challenge, SynPoseDiv employs a source-to-target image translator to

create human images where virtual characters assume various poses from the novel pose set. Since

target images corresponding to these novel poses are unavailable for training—which could limit the

image translator’s effectiveness—SynPoseDiv applies the translator to sequences of target poses (‘tar-

get pose sequences’) that demonstrate incremental body movements, gradually transforming an input

pose into the desired final target pose. These target pose sequences are selected from the novel pose

set through a target pose selection process, which identifies the optimal path from a starting pose to a

final target pose within a graph built from the novel pose set. This process is solved using Dijkstra’s

algorithm [129]. For each target pose in the sequence, a corresponding target image is generated by

the image translator, using the previously generated target image as the source.

We demonstrate that leveraging SynPoseDiv to diversify a dataset remarkably enhances detec-

tion performance, especially in low-shot scenarios where additional data is crucial. Moreover, re-

gardless of the training approach (either ‘pre-training and fine-tuning’ or ‘Progressive Transformation

Learning (PTL) [26]’), the pose-diversified synthetic dataset consistently yields significantly better

detection accuracy than the original synthetic dataset across three aerial-view human detection bench-

marks: VisDrone [9], Okutama-Action [10], and ICG [11]. The positive impact of using the pose-

diversified synthetic dataset persists regardless of the dataset size, as supported by a series of scaling

behavior analyses from various perspectives. Additionally, SynPoseDiv is designed to be general and

not limited by the network architecture of the pose generator or image translator, allowing it to bene-

fit from any future advancements in these areas. This chapter is largely based on material published

in [27], with additional details presented in Sec. 4.7.
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4.2 Related Work

SynPoseDiv offers a novel framework unifying human image synthesis and pose generation to

enhance detector performance. We briefly outline related areas:

4.2.1 Synthesizing Human Appearances

Prior work has manipulated clothing [13] and viewing angles [24] to synthesize data using pa-

rameterized sampling. However, the vast diversity of human poses makes selecting representative

samples challenging. To address this, some methods [130] use MoCap in controlled settings to capture

real poses, while others synthesize poses from 2D images using 3D data like depth [131]. Similar to

our goal, prior work has modified existing images to depict varied poses. For instance, HUSC [132]

used an image translator to create unseen poses. In this chapter, we introduce an image translator that

tackles the same challenge, generating novel poses without ground truth images.

4.2.2 Pose Generation

Prior work has generated novel poses by completing missing keypoints using visible joints (e.g.,

transformers [133]) or sampling from a pose prior (e.g., multi-task representations [134]). Addition-

ally, adversarial learning [135] has been used to guide pose generators to produce plausible poses. In

this chapter, building on the second approach, we developed a diffusion model-based pose generator.
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Figure 4.2: Sample poses in Pn. Poses are represented by 3D locations of 17 keypoints.

4.2.3 Generating Images of Novel Poses

Many efforts have focused on transforming human images to match target poses using generators

like conditional GANs [136] and diffusion models [137], consistently improving generation quality.

To address the challenge of training without paired source and target pose images, DPE [138] used

a bidirectional cyclic training strategy that minimized differences between images of the same char-

acter after aligning pose and expression. However, this required optimal face reconstruction, which

is difficult in our case. To overcome this, in this chapter, we train an image translator with limited

transformation capability, applying it only when source and target poses are similar. We construct the

target pose sequence with sufficiently similar adjacent poses and generate target images in sequence.

4.3 The SynPoseDiv Framework

4.3.1 Pose Generator

The pose generator is designed to create novel yet realistic poses absent from existing datasets.

Each generated pose is represented as 3D coordinates of K keypoints, denoted p ∈ RK×3 (where K =

17 in our case). To achieve this, the pose generator employs a diffusion model, an emerging generative

model known for its impressive performance in various domains [128]. Using this generator, we
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Figure 4.3: Sample generated images before applying post-processing are shown on the
right. Images of the three poses from the original synthetic dataset are shown on the left.

construct a novel pose set Pn. To ensure diversity within the set, we exclude pose pairs that exhibit

high similarity. Specifically, a newly generated pose is added to the set only if it is dissimilar to

existing poses, defined by a pose distance (Eq. 4.4) less than a specified threshold Tsim (in our case,

Tsim = 0.24). This process continues untilNpos poses are included in the set. Fig. 4.2 presents examples

of poses in Pn.

4.3.2 Target Pose Selection

Due to the lack of target images corresponding to novel poses for training, the image translator

may struggle to generate images with poses significantly different from the input. To address this

limitation, we introduce progressive pose search that evolves sequential target poses from the input

pose. The pseudo-code is provided in Sec. 4.7.1. This method leverages Dijkstra’s algorithm [129]
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to search for the optimal path from the start node (input pose) to the destination node (target pose)

within a graph representation of the novel pose set Pn. The input pose is estimated as 2D human

keypoints using ViTPose [2] on the input image, while the target pose is randomly selected from Pn.

Intermediate target poses p1, p2, · · · , pn−1 between the input pose (p0) and the final target pose (pn)

are optimally determined from Pn by minimizing the objective:

d(p0,pn) =
n∑

i=1

(dpose (pi−1,pi))
k s.t., |Pt| ≤ Nmax, (4.1)

where dpose denotes the pose distance (Eq. 4.4) between the 2D keypoint locations of two poses, and

Pt = {p1, p2, · · · , pn} represents the target pose set. To reduce cumulative generation errors,

we limit the maximum number of target poses to Nmax. In our setup, k = 2 ensures that shorter

pose distances have a greater impact on the objective. Dijkstra’s algorithm is solved using dynamic

programming, with Eq. 4.1 expressed as recurrence relations:

d (pi−1,pn) = min
p∈Pn

(
(dpose (pi−1,p))

k + d (p,pn)
)
, (4.2)

pi = argmin
p∈Pn

(
(dpose (pi−1,p))

k + d (p,pn)
)
. (4.3)

The dynamic programming approach decomposes the optimization into sub-problems from p1 to pn−1,

which are solved recursively in reverse order (i.e., optimally finding pn−1 to p1). This recursive

formulation mirrors the shortest-path computation in Dijkstra’s algorithm, where each intermediate

pose is chosen to minimize the cumulative pose distance to the final target pose. Once a target pose

sequence is constructed via progressive pose search, the image translator is applied to each target pose

sequentially, using the previously generated image as the source for the next image generation.
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dpose = 0.32 dpose = 0.16 dpose = 0.22

Figure 4.4: Filtered noisy images. Each example shows a generated image (left), a target
pose (middle), and an estimated pose (right). The pose distance dpose is displayed beneath.

Figure 4.5: Sample generated images after occlusion insertion.

4.3.3 Image Translator

Training the image translator requires source poses, target poses, and their corresponding im-

ages. Since target images corresponding to novel poses are unavailable for training, we fine-tune a

pre-trained image translator [139] using pose pairs from the original synthetic dataset [24], rather than

relying on the novel poses in Pn. After fine-tuning, the image translator generates human images in

significantly different poses from the input by iterative application. The translator is applied to human

regions segmented from the input synthetic image to prevent non-human regions from adversely af-

fecting generation (Sec. 4.7.3). Segmentation masks, typically available with synthetic data, are used

for this purpose. The segmented human region in the input image is then filled using background

inpainting [140]. The generated human images are resized at random ratios and positioned at random

locations within background images, following the human-size distribution of the original synthetic

dataset. Fig. 4.3 illustrates examples of generated images.
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4.3.4 Post-Processing: Noisy Image Filtering and Occlusion Insertion

We begin by filtering out noisy images that could negatively impact performance. We conduct a

sanity check based on pose estimation to identify and remove low-quality images from all generated

images. If the estimated poses differ significantly from the target poses used during generation, these

images are considered noisy. Specifically, images are filtered out if the pose distances (Eq. 4.4) be-

tween the target and estimated poses exceeds a threshold Tfilt. In our setup, Tfilt = 0.1. Examples of

noisy generated images are shown in Fig. 4.4.

Next, we address occlusions [141], which significantly contribute to variations in human appear-

ances in real-world aerial-view images. We focus on a common scenario where one human occludes

another, often observed in aerial-view images. To simulate this, two generated humans with the same

camera position are placed within a single image. Their locations are randomly determined to ensure

overlap, with the occluding human positioned lower than the occluded one to mimic natural occlusions

in aerial views. Examples of generated images after this step are shown in Fig. 4.5.

4.4 Implementation Details

4.4.1 Measuring Pose Similarity

The pose distance dpose, used in several aspects of our approach (Sec. 4.7.2), is calculated by

comparing the keypoint locations (2D or 3D) of two poses pi and pj as follows:

dpose(pi,pj) =
√
2
(
1− p̄⊤

i p̄
tr
j

)
, (4.4)
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where p̄i and p̄tr
j are L2 normalized pose vectors. ptr

j represents a transformed pj adjusted such that

both input poses share the same facing direction and are captured from the same camera position. To

determine the facing direction of each pose, we use the direction of the neck-to-nose vector. This

alignment is generally effective in our case, where head and neck movements are not dominant. The

camera position for each pose is either provided by the original synthetic dataset as metadata or is

easily obtainable. When comparing a 2D pose and a 3D pose (as used in ‘target pose selection’), the

pose similarity is calculated after transforming the 3D pose and projecting it into the 2D space.

4.4.2 Pose Generator

Inspired by [128], the pose generator utilizes a diffusion model with two reverse, iterative pro-

cesses: i) diffusion and ii) denoising. In the diffusion process at step t, the model diffuses the denoised

pose p(0) into a noisy pose p(t) by repeatedly adding Gaussian noise zt ∼ N (0, I) to the input pose

for t times. During the denoising process at step t, a model gpos estimates a clean pose p̂(0) from

the noisy pose p(t). The initial input p(t) is drawn from N (0, I). The model gpos employs an 8-layer

transformer encoder. Each keypoint is treated as an input token and embedded into a 512-dimensional

space via a feed-forward network. The noise time step t is similarly projected using a separate net-

work. Each embedding is combined with a positional embedding and fed to the encoder. Excluding

the first output token (representing the noise time step), the remaining tokens are processed through

another feed-forward network to predict clean keypoints. The training objective is formulated as:

L(p(t)) = Ep(0)∼q(p(0)),t∼[1,T ]||p(0) − gpos(p
(t), t)||22. (4.5)
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4.4.3 Image Translator

We employ the pre-trained NTED [139] as the image translator, but SynPoseDiv is easily adapt-

able to other image translators. The image translator is fine-tuned on Archangel-Synthetic (Sec. 2.3.2),

the original synthetic dataset used in chapter, which contains human image pairs with limited types

of similar poses. Image pairs with similar camera positions—information provided as metadata by

Archangel-Synthetic—are defined as having similar poses.

4.5 Experiments

4.5.1 Experimental Setup

Tasks and Datasets. Following PTL (Chapter 3), we evaluate aerial-view human detection in two

data-scarce scenarios: low-shot and cross-domain setups, where synthetic data is crucial. Experi-

ments are conducted using the official implementation of PTL, training a RetinaNet [142] variant. We

use VisDrone [9], Okutama-Action [10], and ICG [11] as real aerial-view datasets, while Archangel-

Synthetic [24] serves as the original synthetic dataset. We adopt the same subset of Archangel-

Synthetic (17.3K images) defined in Sec. 3.4. For low-shot setups, we train on 20 or 50 randomly

selected VisDrone images (Vis-{20, 50}) and evaluate on the VisDrone test set. For cross-domain se-

tups, we test on Okutama-Action and ICG. Results are averaged over three runs to reduce randomness.

We use COCO-style AP (i.e., AP50:5:95) and AP50 as the evaluation metrics.

Details of the Pose-Diversified Synthetic Dataset. The pose generator is trained on Human3.6M

[130], utilizing the 17 defined in this dataset, of which 14 are used in the image generator. The novel

pose set Pn contains 1000 poses (Npos = 1000). For each synthetic image, 5 final target poses are
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Table 4.1: Detection accuracy of the pose-diversified synthetic dataset (‘p-div’) and the
original synthetic dataset (‘orig’).

Vis-20 Vis-50
method set VisDrone Okutama ICG VisDrone Okutama ICG

real 0.58/ 2.27 3.64/ 14.54 0.62/ 1.89 0.76/ 3.30 7.82/ 28.66 1.30/ 5.65

PT-FT
+ orig 0.76/ 2.48 4.24/ 17.17 6.53/ 23.67 1.29/ 3.76 5.32/ 20.96 7.10/ 27.95
+ p-div 1.21/ 4.02 9.14/ 34.70 8.20/ 28.80 1.84/ 5.37 10.39/ 36.83 8.63/ 30.09

(+0.45/+1.54) (+4.90/+17.53) (+1.67/+5.13) (+0.55/+1.61) (+5.07/+15.87) (+1.53/+2.14)

PTL
+ orig 2.07/ 6.72 7.90/ 31.53 8.81/ 33.71 2.92/ 9.26 11.49/ 42.51 8.98/ 33.21
+ p-div 2.26/ 7.39 8.95/ 36.97 6.45/ 26.13 2.99/ 9.42 12.89/ 47.24 6.29/ 25.50

(+0.19/+0.67) (+1.05/ +5.44) (-2.36/-7.58) (+0.07/+0.16) (+1.40/ +4.73) (-2.69/-7.71)

Table 4.2: Effect of post-processing on image quality and detection accuracy (Vis-20).

post-proc. acc.↑
filt. occ. # img FID↓ PT-FT PTL

✗ ✗ 34,403 124.53 0.89/ 2.83 1.90/ 6.14
✓ ✗ 17,714 116.17 0.94/ 3.03 2.12/ 6.46
✗ ✓ 34,403 121.71 1.11/ 3.98 1.95/ 6.61
✓ ✓ 17,714 116.41 1.21/ 4.02 2.26/ 7.39

selected from Pn, with the maximum number of poses in a target pose sequence (Nmax) set to 3. Based

on these specifications, the total number of generated novel images is 17,714. The entire generation

process took approximately 3 hours.

Leveraging Synthetic Data in Model Training. We adopt two approaches: pre-training and fine-

tuning (‘PT-FT’), and progressive transformation learning (PTL) (Chapter 3). In Sec. 3.4.3 and 3.4.4,

these two methods were found to be the most effective among various approaches for leveraging syn-

thetic data in training. Unless specified otherwise, PTL accuracies reported in this chapter are based

on results after the 5th PTL iteration. Additional training details are provided in Sec. 4.7.4.
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4.5.2 Main Results

In Table 4.1, we compare detection accuracy using three training setups: the original synthetic

dataset (‘real + orig’), the pose-diversified synthetic dataset (‘real + p-div’), and only real data (‘real’).

In nearly all cases—except one (Vis-50 tested on the Okutama-Action dataset)—training with synthetic

data improves accuracy over using only real images. Even in the exception, the pose-diversified dataset

still enhances accuracy, highlighting the benefit of synthetic data in improving detection performance.

The pose-diversified dataset generally outperforms the original synthetic dataset in boosting de-

tection accuracy, regardless of the training approach. This improvement is more noticeable in cross-

domain setups (Okutama-Action and ICG), where the VisDrone training set lacks representative fea-

tures of the test set. However, in rare cases (PTL on the ICG test set), accuracy declines despite using

pose-diversified data, which is discussed later.

In addition, PTL typically achieves better accuracy than PT-FT, proving more effective at lever-

aging synthetic data. However, this advantage disappears on the ICG test set. PTL selects synthetic

images that are closer in domain to the training set, but due to the significant perspective differences

between the VisDrone (oblique) and ICG (nadir) datasets, these images fail to represent ICG data

accurately, reducing performance. Conversely, PT-FT, which uses the entire pose-diversified dataset,

provides better representation and performance in both same-domain and cross-domain tasks.

4.5.3 Ablation Study on Post-Processing

Table 4.2 examines the impact of post-processing. Additionally, we report FID (Frénchet In-

ception Distance) [143], which quantifies the fidelity and diversity of generated images, using the

VisDrone training set as the reference real dataset. The results show that filtering noisy images low-
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Figure 4.6: Scaling behavior of the synthetic dataset under the Vis-20 setup. The scaling
behavior of each dataset is compared by using randomly sampled subsets of 1,080 (1/16th),
4,320 (1/4th), and 17,280 (full) images.

ers FID, improving the quality of pose-diversified synthetic data. This improvement in image quality

also boosts detection accuracy. Conversely, accounting for occlusions does not reduce FID but still

contributes to higher detection accuracy.

4.5.4 Scaling Behavior of Synthetic Data

Scaling Behavior with Data Size. One might assume that the improved performance of the pose-

diversified synthetic dataset is due to its larger size. However, Fig. 4.6 shows it consistently achieves

better accuracy on VisDrone and Okutama-Action, even when matched in size with the original syn-

thetic dataset. On ICG, PTL accuracy remains lower with the pose-diversified dataset, consistent with

earlier results. This behavior is discussed in later sections.

Scaling Behavior as PTL Evolves. Fig. 4.7 illustrates how PTL gradually increases the synthetic data

used during training. Once over 200 synthetic images are selected, a noticeable gap emerges, with the

pose-diversified dataset outperforming the original on VisDrone and Okutama-Action. While accuracy

for the original dataset plateaus or declines as more images are added, the pose-diversified set continues

to improve in cross-domain setups (Okutama-Action and ICG). This highlights the importance of data

diversity in enhancing performance, particularly in cross-domain settings.
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Figure 4.7: Accuracy changes as PTL progresses under the Vis-20 setup. The scaling
behavior is evaluated up to the 20th PTL iteration (four times longer than the standard
PTL).

Scaling Behavior of PTL on ICG. As shown in Fig. 4.7, when 2000 images are selected, the pose-

diversified dataset surpasses the original in accuracy on ICG. Initially, performance is lower due to the

limited nadir-view images in the pose-diversified set, while ICG mainly contains nadir-view images.

However, increasing data diversity at scale eventually mitigates this limitation and improves accuracy.

4.6 Conclusion

In this chapter, we present SynPoseDiv, a framework that modifies synthetic images to adopt

novel poses not in the original set. Incorporating these pose-diversified images into training data

enables models to better capture varied human appearances, improving aerial-view human detection.

We also examined synthetic dataset scaling, showing that representing diverse human poses enhances

performance. For example, with PTL, detection accuracy keeps improving using our pose-diversified

set, while it plateaus with the original set.
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4.7 Additional Details

4.7.1 Progressive Pose Search

The pseudo-code for the ‘progressive pose search’ algorithm, which optimally searches for

target poses through dynamic programming, is shown in Alg. 1. In this algorithm, the function

progsearch takes the previous step’s optimal pose (p prev) and the final pose (p final) as

inputs. It then searches for the optimal path from p prev to p final. The function returns the

optimal distance (d optim) and a sequence of target poses placed along the optimal path (seq tp),

as determined by Eq. 4.2 and 4.3. Designed to operate recursively, the code aims to find a sequence of

poses that minimize Eq. 4.1, while ensuring that the number of poses does not exceed Nmax.

Deriving from Eq. 4.2 and 4.3, we can formulate the following expression defining the optimal

pose at the ith step (i.e., pi):

d(pi−1,pn) = dpose (pi−1,pi)
k + d (pi,pn)

= min
p∈Pn

(
(dpose (pi−1,p))

k + d (p,pn)
)

≤ dpose (pi−1,p)
k + d (p,pn) , (4.6)

where p can be any pose in the novel pose set, i.e., p ∈ Pn. Since d (pi,pn) ≥ 0, the above equation

can be re-expressed as:

dpos (pi−1,pi)
k ≤ dpos (pi−1,p)

k + d (p,pn) . (4.7)

Since pn also belongs to Pn, it can be considered as p in Eq. 4.7. Therefore, by substituting p by pn

86



and using d (pn,pn) = 0, the above equation can be simplified as follows:

dpose (pi−1,pi)
k ≤ dpos (pi−1,pn)

k . (4.8)

In summary, any pose p ∈ Pn s.t. dpos (pi−1,p) ≤ dpos (pi−1,pn) can be considered as a candidate

for the optimal pose pi. Note that this condition can be evaluated without the need to compute any

sub-optimal objective d (), which would entail additional steps in the recursive implementation. In our

implementation, we use this condition to reduce the number of candidate poses during the search for

the optimal pose, thereby improving efficiency.

The recursion terminates when the pose selected in the previous step is the final target pose (i.e.,

p prev == p final) or when the number of target poses reaches Nmax (i.e., max p == 1).

4.7.2 Pose Transformation

The pose distance measurement, which uses pose transformation to align the facing direction

and camera position of two input poses, is employed in several aspects within our method. Here, we

provide specific details regarding the pose transformation implemented in each scenario. The pose

distance measurement is used in the following scenarios:

• Building the novel pose set (3D pose vs. 3D pose). To ensure pose diversity within the novel

pose set, any generated poses are excluded if they closely resemble existing poses in the set

in terms of pose distance. Here, the poses within the novel pose set are represented by the 3D

locations of human keypoints. When comparing a generated pose to each pose in the set, the gen-

erated pose undergoes a transformation to align its facing direction with that of the pose being

compared, where the facing direction is defined by a neck-to-nose vector. Since the pose genera-
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Algorithm 1: Python-Style Pseudo-Code for Progressive Pose Search

# Input:
# p prev: the pose selected in the previous step
# p final: the final pose
# max p: the maximum number of optimal poses in the current
sub-optimization

# Output:
# d optim: the optimal distance in the current sub-optimization
# seq p: a sequence of optimal poses in the current sub-optimization

def progsearch(p prev, p final, max p):
d optim = 0
seq p = []
# Recursion termination condition 1
if p prev == p final: return d optim, seq p

d optim = d pose(p prev, p final)**k # k=2 in our setting
seq p = [p final]
# Recursion termination condition 2
if max p == 1: return d optim, seq p

for p in set np: # set np: the novel pose set
d p = d pose(p prev, p)

# Reduce the number of candidates for target poses
if not d p <= d pose(p prev, p final):

continue

# Call the sub-optimization (recursion point)
d next, seq p next = progsearch(p, p final, max p - 1)

# Check if p is more optimal than the previous optimal pose
if d p**k + d next < d optim:

d optim = d p**k + d next
seq p = [p] + seq p next

return d optim, seq p

# Input:
# p 0: the input pose
# N max: the maximum number of target poses
# Ouput:
# seq tp: the optimal target pose sequence

p n = randselect(set np) # Randomly select a p n from set np
∼, seq tp = progsearch(p 0, p n, N max)
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tor is trained using poses captured from a ground view, two generated poses being compared are

assumed to have the same camera position on the ground. Therefore, no further transformation

is required.

• Selecting target poses (2D pose vs. 3D pose). In the process of target pose selection, we calcu-

late the pose distance between each input pose in the original synthetic data, represented in 2D

keypoint positions, and every pose in the novel pose set, represented in 3D keypoint positions.

The camera position corresponding to the input pose can be extracted from the metadata of the

original synthetic data. Therefore, we first transform poses in the novel pose set to align with

the camera positions of the input pose. We then adjust these poses to match the facing direction

of the input pose using the neck-to-nose vector. After that, the transformed poses are projected

onto a 2D plane for the computation of pose distance.

• Filtering noisy images (2D pose vs. 2D pose). In the process of noisy image filtering, we

compute the pose distance for each generated image, measuring the disparity between the target

pose used during generation and the estimated pose. As these two poses correspond to the same

image, no transformation is needed.

4.7.3 Image Generation

The overview of our image generation process is shown in Fig. 4.8. To minimize potential noise

coming from the background during the generation of novel images, we adopt a strategy of processing

the human and background regions independently. Segmentation of the human region can be achieved

through the utilization of the segmentation mask provided within the Archangel-synthetic dataset [24],

serving as the original synthetic dataset in our scenario.
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Figure 4.8: Overview of the image generation process.

The human region where the background is excluded is filled with a mono color (in our case,

gray) to facilitate the creation of the segmentation mask after image generation. With a given target

pose, this human image undergoes alterations to ensure that the human in the image assumes the

target pose, using the source-to-target image translator (‘image tr.’). The segmentation mask for the

human within the generated image is then constructed by capturing pixels that deviate from the pre-

defined mono color. To mitigate artifacts in the segmentation mask, we apply a series of morphological

operations, including four iterations of dilation followed by two iterations of erosion, using a kernel

size of 3× 3.

The human region, segmented from the generated image using the segmentation mask, is then

resized using a randomly selected resizing factor, while maintaining a fixed aspect ratio. To elaborate,

we randomly select a human image from the Archangel-synthetic dataset and determine the resizing

factor such that the longer side of the human region in the generated image matches that of the human

region in the randomly selected image. Subsequently, the generated and resized human region is

reinserted into the background at a random location, and the original human region is inpainted. To
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introduce occlusion in the generated image, we add two generated human regions onto the image

during post-processing.

4.7.4 Training Details

The proposed framework comprises three types of model training: pose generator training, im-

age translator training, and detector training (i.e., PT-FT and PTL). In this section, we delve into

additional training details. All the models were trained on a server with 4 NVIDIA GeForce RTX

2080 Ti GPUs.

• Pose generator training. We built our pose generator based on the official implementation of

MDM [128]. Without further specifications, we maintained all the settings and training strategies

as defined in the original implementation. The pose generator was trained on the Human3.6M

dataset [130], which was preprocessed according to the procedure outlined in VideoPose3D

[144]. We trained the pose generator for 600k iterations with a batch size of 256, a learning rate

of 0.0001, and 1k diffusion steps.

• Image translator training. We utilized the official NTED model [139] as our image translator,

which had been pre-trained on the DeepFashion dataset [145], with an input human image size

of 256× 176. We fine-tuned the pre-trained image translator on the Archangel-synthetic dataset

for 200 epochs with a batch size of 4. During fine-tuning, we adjusted the learning rate to be

10 times smaller (i.e., 0.0002) than the default setting used for pre-training. Additionally, the

generative adversarial loss was incorporated after 20k training iterations. Default settings were

applied if no further specifications were provided.
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• Detector training. We utilized two different methods that leverage synthetic data in detec-

tor training: PTL and PT-FT. For PTL, we adhered to the official implementation [26], which

trained a variant of RetinaNet [142] in a progressive manner, using default hyper-parameters.

It is important to note that the original PTL framework only considers the case when there is

only a single virtual character present in each synthetic image. However, in our pose-diversified

synthetic dataset, there might be two virtual characters in a single image. To address this issue,

when calculating the domain gap (i.e., Mahalanobis distance) for each synthetic image contain-

ing two characters, we computed the domain gaps separately for each character and represented

the synthetic image based on the character with the smaller domain gap. Moreover, if a synthetic

image with two characters was selected during a PTL iteration, both characters were involved in

the syn2real transformation. For PT-FT, we adopted the same detector architecture and training

setups as specified in PTL, with the exception of omitting the progressive aspect. The detector

was pre-trained on the synthetic dataset for 6k iterations, followed by fine-tuning on the real

dataset for 600 iterations.

4.7.5 Additional Experiments

Quantitative Results. To ensure the general applicability of our primary analysis in Sec. 4.5, we per-

form additional experiments within the same setup, using different training datasets. Here, we replace

the training domain from VisDrone with Okutama-Action or ICG (Table 4.3). Consistent with our

primary analysis, using the pose-diversified synthetic dataset generally results in higher accuracy than

using the original synthetic dataset, with one exception: when leveraging synthetic data for training

using PTL and testing trained detectors on the ICG test set.
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Table 4.3: Detection accuracy using Okutama-Action and ICG for training.

Oku-20 Oku-50
method set VisDrone Okutama ICG VisDrone Okutama ICG

real 0.42/ 1.52 10.81/ 41.08 1.23/ 5.10 0.59/ 2.27 14.33/ 50.42 1.55/ 7.22

PT-FT
+ orig 0.68/ 2.23 12.21/ 43.35 5.24/ 18.72 0.82/ 2.56 14.46/ 49.07 7.11/25.67
+ p-div 0.85/ 2.79 16.13/ 53.54 5.95/20.23 0.86/ 2.83 18.90/ 59.42 7.04/ 25.39

(+0.17/+0.56) (+3.82/+10.19) (+0.71/+1.51) (+0.04/+0.27) (+4.44/+10.35) (-0.07/ -0.28)

PTL
+ orig 1.09/ 3.20 15.21/ 52.61 8.00/29.57 1.29/ 3.56 18.50/ 60.19 7.47/29.43
+ p-div 1.37/ 3.92 16.67/ 56.92 7.61/ 28.16 1.42/ 3.99 19.60/ 62.78 7.23/ 28.12

(+0.28/+0.72) (+1.46/ +4.31) (-0.39/ -1.41) (+0.13/+0.43) (+1.10/ +2.59) (-0.24/ -1.31)

ICG-20 ICG-50
method set VisDrone Okutama ICG VisDrone Okutama ICG

real 0.16/ 0.63 1.13/ 5.01 15.29/ 50.05 0.21/ 0.65 2.26/ 9.67 23.90/ 66.81

PT-FT
+ orig 0.64/ 1.46 3.27/ 14.56 24.61/ 63.67 0.91/ 1.94 5.37/ 21.61 26.80/ 66.20
+ p-div 0.92/ 1.86 6.30/24.32 27.49/69.39 0.95/ 2.10 8.31/ 30.17 30.35/73.18

(+0.28/+0.40) (+3.03/+9.76) (+2.88/+5.72) (+0.04/+0.16) (+2.94/+8.56) (+3.55/+6.98)

PTL
+ orig 0.58/ 1.39 2.42/ 10.03 25.91/ 68.19 0.92/ 1.99 4.00/ 16.07 31.21/73.74
+ p-div 0.87/ 2.38 4.39/18.95 24.90/ 71.21 1.00/ 2.55 6.13/ 24.70 30.13/76.82

(+0.29/+0.99) (+1.97/+8.92) (-1.01/+3.02) (+0.08/+0.56) (+2.13/+8.63) (-1.08/+3.08)

Meanwhile, two cases exhibit different trends from the main results obtained with the VisDrone

dataset for training. Both cases arise during testing on the ICG dataset, which primarily consists of

nadir-view images. First, when using PT-FT in the Oku-50 setting, utilizing pose-diversified synthetic

data presents lower accuracy. In this case, the adverse effects of using pose-diversified synthetic data

with relatively fewer nadir-view images become more severe, even though the data is used for pre-

training but not for fine-tuning. Second, in the ICG-20 and ICG-50 settings with PTL+ICG, the AP50

accuracy improves when using the pose-diversified synthetic dataset, while the AP accuracy remains

lower. The lack of nadir-view images during training results in degraded accuracy in precise detection

within the ICG test set. However, it appears that this deficiency can be compensated to some extent

by ensuring sufficient pose diversity in the data when using a lenient detection criterion (i.e., IoU

threshold = 50%).
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Table 4.4: Impact of varying the number of final target poses in constructing the pose-
diversified synthetic dataset. Detection accuracies (‘acc’) are reported under the same-
domain Vis-20 setup.

acc.↑
# tp # img FID↓ PT-FT PTL

3 10,620 114.90 1.25/ 3.90 2.38/7.78
5 17,714 116.41 1.21/ 4.02 2.26/7.39
7 24,912 117.91 1.19/4.25 2.22/7.17

Ablation Studies. Table 4.4 investigates the effects of using different number of final target poses

for each original synthetic image. In this study, we scale the parameter up to 7 (i.e., 3, 5, and 7),

proportionally increasing the number of total generated images. Image quality and detection accuracy

do not change significantly even when the data size, controlled by changing the number of final target

poses, varies. Therefore, we use 5 final target poses as default, which generates a number of images

comparable to the size of the original synthetic dataset.

4.7.6 Pose-Diversified Synthetic Data Samples

In Fig. 4.9, we show more image samples from the pose-diversified synthetic dataset. The

proposed method is particularly effective in generating novel poses absent in the original Archange-

synthetic dataset, which features virtual characters only in standing, prone, and squatting positions.

However, it generally does not provide detailed representations of particular human body parts, such

as faces, primarily due to the limited detail originally represented in images captured by UAVs at rel-

atively high altitudes and long ranges. Nonetheless, this reduction in detail about body parts typically

does not significantly affect human detection accuracy within the UAV-based perception domain.
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Figure 4.9: Sample images from the pose-diversified synthetic dataset. The original syn-
thetic dataset (i.e., Archangel-Synthetic) has only three poses: standing, prone, and squat-
ting.
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Chapter 5: AutoComPose — Automatic Generation of Pose Transition Descriptions

for Composed Pose Retrieval Using Multimodal LLMs

5.1 Introduction

Understanding and retrieving human body poses remains a fundamental challenge in computer

vision, particularly in designing systems that allow users to search for specific poses through intuitive

queries. These queries typically fall into two main categories: visual queries [146, 147], where users

specify their desired pose using an image, and textual queries [3, 148, 149], which describe poses

in natural language. Visual queries are intuitive but impractical when an exact reference image is

unavailable. Textual queries, on the other hand, offer fine-grained control but demand precise and

often tedious descriptions. This trade-off highlights a fundamental gap: how can we enable users to

retrieve human poses efficiently while balancing ease of use and descriptive flexibility?

A promising solution to this gap is composed pose retrieval (CPR) [23], which allows users to

refine a reference pose using a textual transition description. As a specialized case of composed image

retrieval (CIR) [150, 151, 152, 153, 154], CPR leverages vision-language models (VLMs) [155, 156]

trained on triplets of {reference image, target image, transition description}, aligning composed query

features with target pose image representations. However, a key bottleneck in this pipeline is the costly

and error-prone process of collecting transition descriptions, particularly for highly articulated human

poses.

Unlike CIR datasets such as CIRR [151] and FashionIQ [152], which focus on simple transi-

tions like attribute modifications (e.g., color and shape, or background), spatial shifts (e.g., position

and viewpoint), CPR requires fine-grained motion descriptions across multiple articulated body parts.

This makes human annotation especially challenging: annotators may overlook subtle changes, use
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Figure 5.1: Training composed pose retrieval models requires a large and diverse set of
human pose transition descriptions, demanding significant human annotation efforts. We
propose AutoComPose, a framework that automatically generates pose transition descrip-
tions using multimodal large language models (MLLMs), enhancing pose retrieval perfor-
mance.
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inconsistent phrasing, or introduce subjective language [23, 157]. The result is an expensive, inconsis-

tent, and often insufficiently diverse dataset of pose transitions. Addressing this annotation bottleneck

is essential for improving CPR performance. Despite the growing interest in CPR, no prior work has

explored automatically generating pose transition descriptions tailored for this task. We take the first

step in this direction by leveraging multimodal large language models (MLLMs) to construct expres-

sive, structured, and scalable transition annotations.

In this chapter, we present AutoComPose (short for Automatic generation of Composed Pose

descriptions), an MLLM-based framework for automatic human pose transition description gener-

ation targeted for CPR, as shown in Fig. 5.1. Prior attempts to pose transition annotation rely on

either human labeling [23, 157] or 3D human pose data with hand-crafted generation rules [3, 157],

both of which face scalability issues and may require extra information (e.g., 3D human pose) during

inference, limiting their applicability. On the other hand, recent advances in multimodal large lan-

guage models (MLLMs) [158, 159, 160] suggest that these models possess a degree of human pose

understanding [148], making them a promising tool for generating rich and diverse pose transition

descriptions.

While harnessing MLLMs for generating pose transition descriptions, AutoComPose is designed

to ensure expressive, diverse, and robust transition descriptions for CPR. For expressiveness, it adopts

a two-step approach inspired by human pose descriptions: it first generates detailed body part-based

transitions and then integrates and paraphrases them into a complete description. For diversity, Auto-

ComPose introduces swapped and mirrored pose variations, enriching the training data.

However, MLLMs are known to generate incorrect or inconsistent descriptions [161], such as

misassigning body part movements or fabricating transitions that do not exist in the input images.

These errors can propagate into CPR training, potentially degrading retrieval performance. To im-
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prove robustness, AutoComPose incorporates a cycle consistency loss during training, enforcing a

constraint that ensures the composed features (i.e., reference image + transition description) can be

mapped back to the reference image features via the reverse transition description features. The re-

verse transition descriptions are obtained by prompting the MLLM with swapped input image pairs.

This self-verification mechanism reduces misaligned transitions and improves reliability.

To advance research in CPR, we introduce two new benchmarks constructed from AIST++ [162]

and PoseFix [157], namely AIST-CPR and PoseFixCPR, respectively, to supplement a previous bench-

mark [23]. These benchmarks establish a foundation for evaluating CPR models under diverse motion

scenarios, facilitating future progress in the field. We conduct comprehensive experiments compar-

ing AutoComPose-generated descriptions against human annotations and rule-based methods [3, 157]

across all benchmarks. Results show that models trained with AutoComPose consistently yields com-

petitive or superior performance across multiple architectures with respect to the baselines. By sig-

nificantly reducing annotation costs while maintaining high-quality descriptions, AutoComPose paves

the way for more scalable and effective CPR solutions.

Material in this chapter was published in [28]. Our key contributions are as follows:

1. AutoComPose: We propose the first MLLM-based, scalable framework for automatically gen-

erating pose transition descriptions.

2. New direction and benchmarks: We initiate the study of auto-annotations for CPR and release

two new CPR benchmarks for standardized evaluation.

3. Expressive and diverse descriptions: We produced fine-grained body part-based transitions

while enhancing diversity through swap/mirror/paraphrase augmentations.
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Figure 5.2: AutoComPose generates pose transition descriptions through a three-stage
process: In Stage I, it extracts body part-based transition descriptions as an intermedi-
ate representation for human body movements to enhance expressiveness. In Stage II, it
integrates these body part-based descriptions and diversifies them through paraphrasing.
Finally, in Stage III, it generates descriptions for input pose pairs after applying swapping,
mirroring, both transformations to further improve diversity.

4. Cyclic consistency loss: We introduce a novel cyclic loss to mitigate MLLM errors by enforcing

semantic consistency across bi-directional transitions.

5. State-of-the-art performance: Evaluations on FixMyPose, AIST-CPR, and PoseFixCPR show

that AutoComPose outperforms human-annotations and existing rule-based baselines by a large

margin.

5.2 Related Work

5.2.1 Pose Retrieval

Pose retrieval identifies images corresponding to specific human poses. Traditional methods

[146, 163] relied on handcrafted features and explicit pose representations. Deep learning has since

enabled learning robust feature embeddings for improved retrieval. Wang et al. [164] introduced a
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framework for discriminative local descriptors of 3D surface shapes, enhancing pose retrieval accu-

racy. Pavlakos et al. [165] leveraged ordinal depth supervision to address depth ambiguity in 3D pose

estimation. This chapter extends beyond pose retrieval by generating natural language descriptions of

pose transitions, enriching retrieval with semantic context.

5.2.2 Composed Image Retrieval

Composed Image Retrieval (CIR) enables retrieving images based on a reference image and

a textual modification. Recent advances leverage vision-language models (VLMs) [166, 167, 168,

169] with transformer-based encoders, contrastive learning, and zero-shot methods. Wen et al. [166]

proposed a multimodal fusion strategy optimizing linguistic and visual representations. Zhao and Xu

introduced NEUCORE [168], a model incorporating multi-modal concept alignment and progressive

fusion. Baldrati et al. [167] explored textual inversion for zero-shot CIR, eliminating the need for

task-specific training data. A comprehensive survey by Song et al. [169] details CIR models, datasets,

and evaluation paradigms.

Despite CIR’s advancements, composed pose retrieval (CPR) presents unique challenges. Un-

like CIR, which modifies object attributes, backgrounds, or styles, our task focuses solely on human

pose, demanding fine-grained differentiation of body joint movements. Prior work, such as Kim et

al. [23], explored pose retrieval but did not isolate pose-specific modifications, as non-pose attributes

were concurrently considered. This makes our task significantly more complex, as body movements

are continuous and lack strong texture cues commonly used in CIR. While CIR benefits from shape

and background context, our model must detect subtle joint displacements under static scene condi-

tions. Additionally, CIR enjoys large-scale labeled datasets such as FashionIQ [152] and CIRR [151],
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whereas pose retrieval lacks extensive annotated training data, necessitating automated annotation

strategies.

5.2.3 Harnessing MLLMs for Vision Tasks

The integration of multimodal large language models (MLLMs) has revolutionized vision tasks

by enabling joint visual-textual processing, enhancing image captioning, visual question answering,

and cross-modal retrieval. CLIP’s contrastive pretraining facilitates zero-shot classification and re-

trieval [155], while VisionLLM v2 unifies vision-language tasks within a single framework [170].

Techniques such as Visual Context Compression improve efficiency by reducing visual token redun-

dancy [171], and models like MotionGPT bridge language and motion representation by generating

human motion from text [172].

Beyond vision, LLMs are leveraged for automated data annotation, alleviating the cost of man-

ual labeling. Studies highlight their effectiveness in generating high-quality annotations [173], with

selective annotation improving few-shot learning efficiency [174]. LLM-driven strategies also enhance

event extraction by mitigating data scarcity [175].

Building on these advancements, in this chapter, we propose an MLLM-based approach to auto-

mate pose transition annotation, integrating visual-textual processing to improve scalability and con-

sistency. By reducing reliance on manual labeling, our method enhances the efficiency and accuracy

of pose retrieval systems while addressing subjectivity and annotation bottlenecks.
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Figure 5.3: During retrieval model training, AutoComPose incorporates a cycle constraint
by ensuring that the composed features of input reference images (Iref ) and transition
descriptions (Tref→tgt) can be transformed back to the reference image features along a
cyclic path using the reverse transition descriptions (Ttgt→ref ), which are obtained during
the generation step.

5.3 Method

AutoComPose consists of two primary steps: the auto-generation of pose transition descriptions

followed by the training of our cyclic model. Each step is elaborated below.

5.3.1 Generating Pose Transition Descriptions

The first step of AutoComPose focuses on generating diverse and expressive pose transition

descriptions to enhance CPR effectiveness. An overview of this step is presented in Fig. 5.2. This

process consists of three stages:

Stage I: Body Part-based Descriptions. The effectiveness of pose transition descriptions depends on

their ability to capture fine-grained body movements with precision. To achieve this, AutoComPose

leverages an MLLM to analyze and compare corresponding body parts between two poses, focusing

on key anatomical landmarks: head, neck, shoulders, arms, elbows, wrists, hands, torso, hips, legs,
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knees, ankles, and feet. For each body part undergoing adjustment, the MLLM generates a concise,

targeted description of its motion, ensuring clarity and completeness. The selection of these body

parts is grounded in their fundamental role in human pose estimation, as established by state-of-the-

art benchmarks in pose tracking [176], dense pose estimation [177], and pose-conditioned motion

synthesis [178]. By explicitly structuring pose transitions at the body-part level, AutoComPose not

only enhances interpretability but also offers greater adaptability, making it particularly well-suited

for complex motion understanding tasks such as CPR.

This structured approach mitigates common limitations in holistic descriptions, where subtle yet

critical articulations—such as wrist rotation or knee flexion—are frequently overlooked. By main-

taining fine-grained motion analysis, AutoComPose provides a richer, more accurate representation of

pose transitions, bridging the gap between human perception and computational models. For a detailed

breakdown of the MLLM prompting strategy and an evaluation of Stage I’s effectiveness, we refer the

reader to Sec. 5.6.3.

Stage II: Integration and Diversification. While body part-based transition descriptions effectively

capture fine-grained movement details, they do not naturally align with how users articulate queries.

Rather than providing structured, bullet-point descriptions, users typically favor a single, coherent nar-

rative that seamlessly conveys all relevant information. To bridge this gap, AutoComPose prompts the

MLLM to synthesize a fluid and concise description that preserves the key motion semantics. More-

over, to account for the inherent variability in human annotations, AutoComPose generates multiple

alternative descriptions from the same body part-based inputs, capturing diverse linguistic expressions

of the same transition. Additionally, by encouraging the use of analogies when appropriate, AutoCom-

Pose enhances expressiveness, making pose transitions more intuitive and relatable. Further details on
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the prompting strategy can be found in Sec. 5.6.3.

Stage III: Swapping and Mirroring. Data augmentation is a standard practice in training image-

based machine learning models, with techniques like random flipping [179] commonly employed to

improve robustness. However, in the case of CPR, applying such augmentations is non-trivial, as the

corresponding transition descriptions must precisely align with the transformations applied to the im-

ages—an effort that traditionally demands additional manual annotations. AutoComPose addresses

this challenge by automatically generating consistent transition descriptions through direct manipula-

tion of input image pairs. By default, it applies swapping (time reversal), mirroring (left-right flipping),

or both, effectively increasing dataset diversity without requiring extra annotation efforts. By automat-

ing these augmentations, AutoComPose not only enhances scalability but also ensures diverse and

balanced datasets, making it a practical and efficient solution for CPR.

5.3.2 Cyclic CPR Model Training

MLLMs occasionally generate unrelated or incorrect responses, which could degrade retrieval

performance when these descriptions are used for training. To mitigate this issue and enhance the

robustness of pose retrieval, AutoComPose incorporates a cyclic model training approach, as shown

in Fig. 5.3.

Generic VLM Training. Assume that we have a reference image Iref , a target image Itgt, and the

corresponding pose transition description Tref→tgt generated by AutoComPose. We can fine-tune any

off-the-shelf VLMs by projecting Iref and Tref→tgt onto a joint manifold using the image encoder fI

and text encoder fT of the VLMs. The extracted features are then merged using a feature merger fM ,

which could be as simple as an element-wise sum. The similarity between the composed features and
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the target image features is then measured using specific metric functions, and this similarity score is

used as the training loss.

In this chapter, we follow [150, 180, 181] and adopt a batch-based classification loss, which is

formulated as:

Lbbc =
1

B

B∑
i=1

− log
exp{λ ∗ κ(ψi, ϕi)}∑B
j=1 exp{λ ∗ κ(ψi, ϕj)}

, (5.1)

where ψi = fM(fI(I
i
ref ), fT (T

i
ref→tgt)) represents the composed features, and ϕi = fI(I

i
tgt) represents

the target image features. Following [150], κ is defined as the cosine similarity measure, and the

parameter λ is set to 100.

Cycle Constraint. MLLM-generated pose transition descriptions can occasionally introduce errors,

such as misidentifying body parts, hallucinating non-existent movements, or omitting crucial motions.

As a result, the text features fT (Tref→tgt) and fT (Ttgt→ref ) may fail to capture the true correlations

between the reference and target image features. This can lead to unreliable composed features and

suboptimal model training. One possible solution is to use a more powerful MLLM or fine-tune it on

domain-specific data [182], but this is often resource-intensive or impractical. Another alternative is

detecting and correcting incorrect transition descriptions, but this is non-trivial.

AutoComPose takes a different approach based on a simple hypothesis: if the composed fea-

tures are correct, they should be reversible using the reverse transition description features. Cycle

constraints have been widely used in various vision tasks [19, 120], but to our knowledge, they have

not been explored in CPR due to the lack of conjugated transition description data (i.e., both forward

and backward pose transitions). However, as described in the previous section, AutoComPose can

automatically generate the reverse pose transition description Ttgt→ref by swapping the reference and

target images.
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Similar to Lbbc, AutoComPose defines the cycle constraint loss Lcycle as:

Lcycle =
1

B

B∑
i=1

− log
exp{λ ∗ κ(ψ̂i, ϕ̂i)}∑B
j=1 exp{λ ∗ κ(ψ̂i, ϕ̂j)}

, (5.2)

where ψ̂i = fM(ψi, fT (T
i
tgt→ref )) represents the conjugated composed features, and ϕ̂i = fI(I

i
ref )

represents the reference image features. The total training loss is then defined as: Ltotal = ω ∗ Lbbc +

(1− ω) ∗ Lcycle, where ω is set to 0.5 in this chapter.

5.4 Experiments

5.4.1 Datasets and Experimental Setup

We evaluate AutoComPose using three datasets that encompass a diverse range of body move-

ments:

FIXMYPOSE. FIXMYPOSE [23] provides synthetic pose image pairs along with corresponding

human-annotated pose transition descriptions, specifically designed for pose correctional captioning

and retrieval tasks. The original dataset includes environment-related descriptions (e.g., facing the

stereo system), which fall outside the scope of this work. To focus specifically on human body poses,

we filtered out environment-related descriptions using a large language model, resulting in 1997 train-

ing pairs and 510 validation pairs. Since FIXMYPOSE does not publicly release its test set, we used

the validation set for our experiments. Please refer to Sec. 5.6.2 for more details on the filtering pro-

cess.

PoseFixCPR. PoseFix [157] provides human-annotated pose transition descriptions for 3D human

meshes sampled from AMASS [183], a large-scale dataset of 3D human motions in SMPL for-
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mat [184]. Additionally, the dataset includes automatically generated annotations by a rule-based

pipeline [3] that relies low-level properties of 3D body keypoints. Since the original dataset lacks cor-

responding 2D images, we followed the BEDLAM [13] rendering pipeline to synthesize 2D images

from SMPL-X [185] bodies using Unreal Engine [17]. To ensure diversity, we rendered images by

randomly sampling the following aspects: 111 body shapes [186], 50 skin tones per gender [187],

1738 clothing textures [13], 115 HDRI background images [188], and four different viewing angles

(east, north, south, west). This process resulted in 4596 training pairs and 1188 testing pairs, forming

a newly generated dataset tailored for the CPR task, which we refer to as PoseFixCPR.

AIST-CPR. AIST++ [162] is a large-scale 3D human dance motion dataset containing a wide range

of 3D motion sequences along with music. The dataset comprises 1408 video sequences, capturing

30 different dancers performing dances across different genres, music styles, and choreographies. To

ensure reasonable and sufficient gaps between paired poses, we constructed pose pairs by first selecting

every 15th frames (0.25 seconds apart). Next, we applied a pose estimator [2] to filter out pose pairs

whose pose distance [27] falls outside the predefined range ([0.1, 2.0] in this chapter). This process

resulted in 12151 training pairs and 3788 testing pairs, resulting in a new CPR benchmark, namely

AIST-CPR. Since the dataset does not include transition descriptions for evaluation, we randomly

sampled 400 pose pairs from the test set for manual annotation. Each sampled pose pair was annotated

by two different annotators (from a pool of four) to ensure sufficient diversity.

Generating Descriptions of Pose Transitions. We leveraged AutoComPose to generate pose tran-

sition descriptions for all training pairs across the three datasets mentioned above. For all experi-

ments, we used GPT-4o [189] (gpt-4o-2024-08-06) as the MLLM, as it was one of the top-performing

MLLMs at the time of this study. We also conducted a study using GPT-4o mini to demonstrate
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AutoComPose’s applicability to more accessible MLLMs; results from this study are presented in

Sec. 5.6.1. By default, AutoCompose generates three descriptions for each pose pair. When swapping

and mirroring transformations are applied, this results in a total of 12 descriptions associated with one

single pose pair. In rare cases, the MLLM may generate responses that deviate from our guidelines or

may even refuse to generate a response (fewer than 2.5% of cases). We ignored these pairs for sim-

plicity, ensuring that all training pairs used in the model training contain three transition descriptions

for each transformation (original, swapping, mirroring, and both).

Model Architecture and Training Details. All experiments were conducted based on the implemen-

tation from [150], using a single NVIDIA GeForce RTX 2080 Ti GPU. We evaluated AutoComPose

on CLIP [155] with four different backbones (RN50, RN101, ViT-B/32, and ViT-B/16) to assess its

applicability across different computational budgets. During training, we initialized from the official

pre-trained models and only fine-tuned the text encoder to reduce the risk of overfitting the image

encoder. When multiple descriptions were associated with a pose pair (i.e., due to paraphrasing), we

randomly sampled one for each training iteration. As a baseline, we used element-wise sum as the fea-

ture merger. Additionally, we tested AutoComPose with Combiner [150], a dedicated feature merger

that has demonstrated superior performance compared to naı̈ve element-wise sum. We followed a the

training procedure similar to [150]. First, we fine-tuned the text encoder for 50 epochs with batch size

of 128 and a learning rate of 2e−6. Then, we trained the Combiner while keeping both the image and

text encoders fixed for 100 epochs with batch size of 512 and a learning rate of 2e−5.

Evaluation Metrics. For evaluation, we perform retrieval on the entire test set for each dataset. We

evaluate model performance using Recall@k (k ∈ 1, 5, 10, 50), or R@k, a standard metric in image

retrieval. Recall@k measures the proportion of queries for which the correct target image appears in
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Table 5.1: Comparison of pose transition descriptions produced by human annotators and
AutoComPose on FIXMYPOSE and PoseFixCPR datasets. The best and second-best re-
sults in each column are highlighted.

Backbone Pose Transition Descriptions
FIXMYPOSE (Size = 7106) PoseFixCPR (Size = 2376)

R@1 R@5 R@10 R@50 R@1 R@5 R@10 R@50

C
L

IP
[1

55
]

RN50
Human Annotators 0.20 1.57 2.94 13.53 48.73 65.15 72.14 86.11

AutoComPose 8.24 27.45 38.63 63.53 61.36 75.84 80.22 90.32

RN101
Human Annotators 3.92 12.94 19.61 45.29 59.09 72.73 79.21 88.72

AutoComPose 6.47 32.35 43.33 71.18 63.22 76.77 82.91 91.41

ViT-B/32
Human Annotators 5.10 20.39 29.41 54.31 54.29 66.25 72.14 85.02

AutoComPose 7.06 24.90 36.08 62.16 58.08 72.31 76.94 86.87

ViT-B/16
Human Annotators 7.45 30.20 40.98 70.59 59.26 73.74 78.62 88.30

AutoComPose 9.41 32.75 47.45 75.49 64.14 76.26 80.13 89.56

C
L

IP
w

/C
om

bi
ne

r[
15

0] RN50
Human Annotators 3.14 13.14 20.98 44.12 67.93 82.32 86.36 94.11

AutoComPose 9.41 31.76 43.92 75.49 81.40 92.68 94.95 98.15

RN101
Human Annotators 5.49 19.22 27.84 56.47 72.14 84.85 89.81 96.04

AutoComPose 7.64 31.37 44.90 75.88 80.72 93.18 95.88 98.73

ViT-B/32
Human Annotators 4.51 16.67 24.90 52.94 63.13 77.10 82.41 92.93

AutoComPose 7.45 28.63 44.51 74.12 82.58 94.11 95.88 98.74

ViT-B/16
Human Annotators 7.06 25.10 38.24 68.82 67.85 82.66 86.87 94.28

AutoComPose 8.24 31.57 47.65 81.37 84.09 93.43 96.30 99.07

the top-k retrieved results. Formally, given a query q with its ground-truth target t, R@k is defined as:

Recall@k =
1

N

N∑
i=1

1{ti ∈ Rk
i }, (5.3)

where N is the total number of queries, Rk
i is the set of top-k retrieved images for query qi, and 1{·} is

an indicator function. Higher R@k signifies better retrieval performance, reflecting the model’s ability

to rank relevant images near the top.

5.4.2 Main Results

Comparison with Human Annotators. Table 5.1 presents a detailed evaluation comparing human

annotations to AutoComPose-generated annotations on the FIXMYPOSE and PoseFixCPR datasets.
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Table 5.2: Comparison between the rule-based method and AutoComPose on PoseFix-
CPR, highlighting the advantages of AutoComPose in providing less constrained and more
generalizable pose transition descriptions.

Backbone
Pose Transition

Descriptions
PoseFixCPR (Size = 2376)

R@1 R@5 R@10 R@50
C

L
IP

[1
55

]

RN50
Rule-based 42.00 59.51 67.09 84.34

AutoComPose 61.36 75.84 80.22 90.32

RN101
Rule-based 48.32 64.39 69.95 82.92

AutoComPose 63.22 76.77 82.91 91.41

ViT-B/32
Rule-based 53.45 67.34 73.48 85.44

AutoComPose 58.08 72.31 76.94 86.87

ViT-B/16
Rule-based 58.00 72.98 78.11 88.30

AutoComPose 64.14 76.26 80.13 89.56

C
L

IP
w

/C
om

bi
ne

r[
15

0] RN50
Rule-based 73.15 86.62 90.07 96.46

AutoComPose 81.40 92.68 94.95 98.15

RN101
Rule-based 71.55 86.03 89.90 95.96

AutoComPose 80.72 93.18 95.88 98.73

ViT-B/32
Rule-based 71.04 86.70 90.40 96.63

AutoComPose 82.58 94.11 95.88 98.74

ViT-B/16
Rule-based 73.15 87.71 91.41 96.80

AutoComPose 84.09 93.43 96.30 99.07

These results span multiple backbone architectures and different strategies for integrating visual and

textual features (i.e., CLIP vs. Combiner). Notably, across all configurations and datasets, AutoCom-

Pose consistently surpasses human annotations, never falling short in any scenario. This underscores

AutoComPose’s ability to generalize effectively, eliminating the need for labor-intensive human an-

notations. We attribute the higher overall performance on PoseFixCPR to fundamental differences in

dataset construction. PoseFixCPR features a substantially smaller gallery (2376 vs. 7106) and more

distinct one-to-one pose matches, which simplify retrieval. In contrast, FIXMYPOSE’s larger gallery,

combined with lower pose and character diversity, results in many visually similar candidates, increas-

ing retrieval ambiguity.
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Table 5.3: Evaluation on AIST-CPR using descriptions generated via AutoComPose.

Backbone
Pose Transition

Descriptions

AIST-CPR (Size = 8409)

R@1 R@5 R@10 R@50
C

L
IP

[1
55

] RN50

AutoComPose

3.25 13.38 22.62 50.75

RN101 5.12 16.25 23.00 52.88

ViT-B/32 3.13 9.62 16.00 42.88

ViT-B/16 3.38 12.50 22.00 49.13

C
om

bi
ne

r[
15

0] RN50

AutoComPose

5.75 20.75 31.25 65.87

RN101 7.00 22.37 32.62 68.12

ViT-B/32 5.75 17.87 28.50 63.63

ViT-B/16 6.75 21.13 32.75 69.63

Comparison with Rule-based Generation. Table 5.2 clearly demonstrates the consistent superior-

ity of our AutoComPose over the rule-based pose transition descriptions of PoseFix [157], across

various backbone architectures and combiners. While PoseFix aimed to automate pose description

generation, its approach ultimately relied on predefined aggregation rules and template-based sen-

tences, making it inherently rule-based. Furthermore, PoseFix depended on a constrained set of ‘pair-

codes’—descriptors anchored to absolute 3D keypoint positions in image pairs—which fundamentally

restricted the expressiveness and generalizability of the generated descriptions. This rigid formulation

limited its adaptability to diverse poses and transitions. In contrast, AutoComPose dynamically con-

structs descriptions without such constraints, enabling more flexible and contextually rich representa-

tions. The substantial performance gap observed in Table 5.2 further underscores the importance of

allowing greater descriptive freedom, reinforcing the effectiveness of our approach.

Results on AIST-CPR. Table 5.3 presents retrieval performance results across a comprehensive set

of feature merger (CLIP vs. Combiner) combined with various backbone architectures on the AIST-
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Table 5.4: Ablation study demonstrating the impact of data augmentation and cyclic loss
guidance on retrieval accuracy. The (-) symbol denotes the removal of the corresponding
component. SW and MI denote swapping and mirroring, respectively.

Dataset AutoComPose R@1 R@5 R@10 R@50
C

L
IP

(R
N

50
)

FIXMYPOSE
Our (full) 8.24 27.45 38.63 63.53
(-) Cyclic 5.88 20.00 32.35 55.10

(-) SW & MI 2.35 9.02 14.31 34.51

PoseFixCPR
Our (full) 61.36 75.84 80.22 90.32
(-) Cyclic 56.48 74.07 78.20 89.56

(-) SW & MI 48.15 64.65 73.06 86.45

AIST-CPR
Our (full) 3.25 13.38 22.62 50.75
(-) Cyclic 3.13 12.00 19.75 44.37

(-) SW & MI 3.00 7.75 14.25 36.25

C
L

IP
(R

N
10

1)

FIXMYPOSE
Our (full) 6.47 32.35 43.33 71.18
(-) Cyclic 6.47 24.51 39.41 64.31

(-) SW & MI 5.88 18.82 30.39 56.08

PoseFixCPR
Our (full) 63.22 76.77 82.91 91.41
(-) Cyclic 59.43 75.76 81.14 90.99

(-) SW & MI 52.86 69.02 76.09 86.45

AIST-CPR
Our (full) 5.12 16.25 23.00 52.88
(-) Cyclic 5.25 15.75 23.75 49.75

(-) SW & MI 3.13 11.00 16.00 39.63

CPR. Notably, the AIST-CPR dataset lacks human-annotated transition description for the train set,

highlighting the importance of our methodological approach in generating and utilizing such annota-

tions.

5.4.3 Additional Analyses

Ablation Study of Each Component in AutoComPose. In Table 5.4, we demonstrate the critical

role of dataset diversification and the effectiveness of cyclic loss guidance in optimizing model train-

ing. Notably, our results show consistent and substantial improvements in retrieval accuracy across all
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Table 5.5: Impact of paraphrasing. The numbers 1, 3, and 5 indicate the number of para-
phrased descriptions per pose transition.

Model Paraphrasing
FIXMYPOSE (Size = 7106)

R@1 R@5 R@10 R@50

CLIP [155]
1 5.88 20.39 30.20 54.31

3 (default) 8.24 27.45 38.63 63.53
5 9.02 28.63 39.02 64.71

Combiner [150]
1 7.65 27.65 40.00 67.06

3 (default) 9.41 31.76 43.92 75.49
5 8.82 31.37 43.53 77.45

benchmark datasets and backbone architectures—at times achieving up to a threefold increase (e.g.,

9.02 to 27.45). Importantly, these gains come without any additional computational cost during infer-

ence, making our approach highly efficient and scalable.

Impact of Paraphrasing. We conducted an empirical study to rigorously assess the impact of de-

scription diversification via paraphrasing (see Stage II in Section 5.3), where AutoComPose generates

diverse linguistic expressions for the same pose transition. As shown in Table 5.5, we observe a consis-

tent performance improvement, confirming that diversification enhances retrieval accuracy. This result

supports the hypothesis that accounting for natural language variability improves model robustness,

better aligning with the variations in user queries in real-world scenarios.

Paraphrasing and Cyclic Training for Other Methods. We evaluated the impact of paraphrasing

and cyclic training on human-annotated and rule-based transition descriptions. Official paraphrases

and reverse descriptions (via the pipeline in [157]) were used. As shown in Table 5.6, paraphrasing

improved performance in both cases, while AutoComPose remained the most effective due to its supe-

rior design. Moreover, cyclic training enhanced the performance of the rule-based method, confirming

its broader applicability.
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Table 5.6: Effects of paraphrasing and cyclic training on human-annotated and rule-based
descriptions (CLIP-RN50 setting).

Pose Transition
Descriptions

Paraphrasing
PoseFixCPR (Size = 2376)

R@1 R@5 R@10 R@50

Human
1 48.73 65.15 72.14 86.11
3 52.02 71.55 77.44 88.55

Rule-based
1 31.73 50.42 58.84 77.10
3 42.00 59.51 67.09 84.34

3 (w/ Cyclic) 55.05 70.20 75.67 88.47

AutoComPose 3 61.36 75.84 80.22 90.32

5.4.4 Qualitative Results

Fig. 5.4 presents example retrieval results obtained using our model trained on transition de-

scriptions from AutoComPose. While the model is not flawless, we observe that images aligning with

the given [reference image + transition description] are ranked among the top results, whereas less

relevant images are positioned further down the ranking. Additional qualitative results are provided in

Sec. 5.6.1.

5.5 Conclusion and Broader Impact

In this chapter, we introduced AutoComPose, the first MLLM-based framework for automati-

cally generating pose transition descriptions, eliminating the need for costly human annotations and

enhancing CPR accessibility. AutoComPose is dataset-agnostic, integrating seamlessly with any hu-

man image dataset. To foster future research, we release AIST-CPR and PoseFixCPR, as new testbeds

for CPR evaluation. Beyond CPR, our work demonstrates MLLMs’ potential for structured motion

understanding, reducing annotation costs while improving scalability. By introducing benchmarks and
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Figure 5.4: Example CPR results. Ranked retrieval results are shown for a given reference
image (Ref) and a transitional pose description (green box) as the query. Red boxes in-
dicate the correct target images. The top, middle, and bottom rows correspond to results
from AIST-CPR, FIXMYPOSE, and PoseFixCPR, respectively.

a scalable annotation framework, we lay the foundation for advancing retrieval tasks and encourage

broader adoption of auto-generated pose descriptions in vision-language research.

5.6 Additional Details

5.6.1 Additional Experiments

Qualitative Results. Similar to Fig. 5.4, we present additional qualitative results for FIXMYPOSE

(Fig. 5.5), PoseFixCPR (Fig. 5.6), and AIST-CPR (Fig. 5.7), respectively. The observed trend remains

consistent: images that closely align with the provided reference image and transition description are

ranked higher, while less relevant images are ranked lower.

Effectiveness of Stage I. To validate the effectiveness of Stage I in AutoComPose (i.e., body part-
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Table 5.7: Additional ablation study on AutoComPose. Results are reported under the
CLIP-RN50 setting.

Pose Transition
Descriptions

FIXMYPOSE (Size = 7106)
R@1 R@5 R@10 R@50

AutoComPose (full) 8.24 27.45 38.63 63.53
(-) Stage I 8.63 26.67 37.84 62.75

w/ GPT-4o mini 6.67 19.80 30.20 56.86

Human 0.20 1.57 2.94 13.53

based descriptions), we modified the original prompts used by AutoComPose (Figures 5.13 and 5.14)

to exclude body part-related queries (Figures 5.15 and 5.16). As shown in Table 5.7, removing Stage

I results in a noticeable drop in performance, underscoring its critical role.

Smaller, More Accessible MLLM. We conducted an experiment using GPT-4o mini (gpt-4o-mini-

2024-07-18), a smaller model that is over 16 times more cost-efficient than GPT-4o. As shown in

Table 5.7, the impact of AutoComPose remains substantial, demonstrating its effectiveness and appli-

cability even with lightweight models.

5.6.2 Dataset Details

Triplet Examples and Word Clouds. We showcase example pairs from the three datasets in Fig. 5.8.

We also compare word clouds generated from texts produced by AutoComPose with those from human

annotators across the three datasets we used, as shown in Fig 5.9. Our findings indicate that texts

generated by AutoComPose exhibit greater diversity and less bias.

FIXMYPOSE Filtering. A portion of the pose transition descriptions provided by FIXMYPOSE [23]

contains instructions related to environment, such as guiding a pose transition by referring certain

objects in a scene. Since our focus is on generating pose transition descriptions solely based on
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Figure 5.5: Additional CPR results on FIXMYPOSE. Ranked retrieval results are shown
for a given reference image (Ref) and a transitional pose description (green box) as the
query. Red boxes indicate the correct target images.

Figure 5.6: Additional CPR results on PoseFixCPR. Ranked retrieval results are shown for
a given reference image (Ref) and a transitional pose description (green box) as the query.
Red boxes indicate the correct target images.
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Figure 5.7: Additional CPR results on AIST-CPR. Ranked retrieval results are shown for
a given reference image (Ref) and a transitional pose description (green box) as the query.
Red boxes indicate the correct target images.
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Figure 5.8: Example pose pairs from three datasets. The top, middle, and bottom rows
correspond to AIST-CPR, FIXMYPOSE, and PoseFixCPR, respectively.

Figure 5.9: Word clouds generated from human-annotated texts (top) and AutoComPose-
generated texts (bottom) across three datasets: FIXMYPOSE (left), PoseFixCPR (middle),
and AIST-CPR (right).
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body movements, we utilized the multimodal large language model (MLLM) [189] with Prompt-1

(Fig. 5.10) to detect and filter out such descriptions. Three examples of environment-related descrip-

tions were included in the prompt to guide the filtering process.

PoseFixCPR Rendering. We constructed PoseFixCPR by rendering 2D images (including masks)

obtained from 3D pose pairs from PoseFix [157] using Unreal Engine [17] based on the BEDLAM [13]

rendering pipeline. A subset of assets used for rendering—including body meshes, body and clothing

UV texture maps, and high-dynamic range panoramic images (HDRIs) that used for image-based

lighting—is shown in Fig. 5.11. A selection of output images is displayed in Fig. 5.12. Note that

only the human regions are used for composed pose retrieval (CPR), which can be extracted using the

generated masks.

5.6.3 MLLM Prompting Strategy

AutoComPose utilizes two prompts to communicate with the multimodal large language model

(MLLM). Prompt-2 (Fig. 5.13) is designed to guide the MLLM in generating body part-based pose

transition descriptions. Prompt-3 (Fig. 5.14) is used to helps the MLLM integrate these body part-

based descriptions into more natural and complete sentences.
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Prompt-1

You will be given an instruction guiding an individual to transition from their current position
to a target position.
Your task is to determine whether the instruction includes any environmental direction descrip-
tions—guiding the individual to move relative to a specific object nearby.
For example, the following instructions contain environmental direction descriptions, high-
lighted in quotation marks:

1. bring your right foot outwards at a 90 degree angle. bring your left and right hand up like
a gun is being pointed at you ”keep your position facing the stereo system”.

2. ”lean your upper body forward to the plant pot” move the right leg to the right side a little
bend the left leg a bit more move the right hand from waist level to beside the hip.

3. keep your feet and your hands on the floor as support push your arms up move your body
and your legs up towards the ceiling ”lift up your head a little facing the rug”.

In contrast, the following instructions do not contain such descriptions:

1. position both your hands in front of your face is if you are grasping a pole. straighten the
right leg so that the foot is flat on the floor. bend your left knee a little while pivoting on
the ball of your foot. your head should face your hands.

2. first put your feet together take your right foot and put it slightly behind you. while
keeping your lower body facing forward twist your upper body to the left. then hold your
hands in the air at about the level of your head and turn your head to the left as well.

3. lift your right foot and pull it behind you. extend both of your hands gently outwards as
if you are balancing on a surfboard while it is going under a big wave.

If the instruction contains environmental direction descriptions, respond with ”Yes.” Otherwise,
respond with ”No.”
Provide only the requested answer (”Yes” or ”No”) with no additional text before or after.

Figure 5.10: Prompt used to remove environment-related descriptions in the FIXMYPOSE
dataset.
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Figure 5.11: Sampled assets used for constructing PoseFixCPR. Highlighted assets (red
boxes) were used to render the bottom-right image.

Figure 5.12: Sampled images from PoseFixCPR.
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Prompt-2

You are a skilled fitness\dance instructor specializing in guiding individuals through pose tran-
sitions.
You will receive an image showing two poses side by side: the starting pose on the left and the
target pose on the right.
Your task is to describe the transition from the starting pose to the target pose.
To achieve this:

- Compare the following body parts in the two poses: head, neck, left shoulder, right shoul-
der, left arm, right arm, left elbow, right elbow, left wrist, right wrist, left hand, right hand,
torso, left hip, right hip, left leg, right leg, left knee, right knee, left ankle, right ankle, left
foot, right foot.

- For each body part that requires adjustment, provide a clear and concise one-sentence
description of the movement.

- Structure your description as follows: ”1. Right Arm: Lift the right arm above the head,
transitioning smoothly from its resting position.” ”2. Left Leg: Straighten the left leg fully
as it supports the body’s weight in standing position.”

Below are some important guidelines that must be followed:

- Mention as few body parts as possible; omit subtle or nearly imperceptible movements.

- If the person is facing the camera, the left hand of the person is defined as the hand on
your (the viewer’s) right side.

- Provide only the requested descriptions of body part transitions, with no additional infor-
mation before or after.

Figure 5.13: Prompt for generating body part-based pose transition descriptions.

Prompt-3

You will be given a set of bullet points describing a specific human pose transition.
Your task is to write five distinct, concise descriptions of the same pose transition. Structure
your descriptions as follows: ”Description 1: [description].” ”Description 2: [description].”
Ensure your descriptions accurately capture the exact pose transition without altering it. To
create variety, diversify your phrasing and avoid repeating expressions. You may incorporate
analogies, such as ”lower your right arm to your side as if you’re holding a cane,” as long as the
described pose transition remains unchanged.

Figure 5.14: Prompt for integrating and diversifying body part-based pose transition de-
scriptions.
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Modified Prompt-2

You are a skilled fitness\dance instructor specializing in guiding individuals through pose tran-
sitions.
You will receive an image showing two poses side by side: the starting pose on the left and the
target pose on the right.
Your task is to describe the transition from the starting pose to the target pose.
Provide a clear and concise description of the transition. Structure your description as follows:
”Description: [description].”
Below are some important guidelines that must be followed:

- Omit subtle or nearly imperceptible movements.

- If the person is facing the camera, the left hand of the person is defined as the hand on
your (the viewer’s) right side.

- Provide only the requested descriptions of transitions, with no additional information be-
fore or after.

Figure 5.15: Modified Prompt-2 used in the Stage I ablation study. The main modification,
which removes body part-specific queries, is highlighted in red.

Modified Prompt-3

You will be given a description of a specific human pose transition.
Your task is to write five distinct, concise descriptions of the same pose transition. Structure
your descriptions as follows: ”Description 1: [description].” ”Description 2: [description].”
Ensure your descriptions accurately capture the exact pose transition without altering it. To
create variety, diversify your phrasing and avoid repeating expressions. You may incorporate
analogies, such as ”lower your right arm to your side as if you’re holding a cane,” as long as the
described pose transition remains unchanged.

Figure 5.16: Modified Prompt-3 used in the Stage I ablation study. The main modification,
which removes body part-specific queries, is highlighted in red.
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Chapter 6: Conclusion and Future Work

6.1 Conclusion

This dissertation has tackled a fundamental challenge in human-centric vision: the scarcity of

diverse, high-quality annotated data, especially in complex settings such as UAV-based detection and

multimodal pose understanding. It demonstrates that data-centric approaches, including dataset cura-

tion, synthetic data utilization, and automated annotation, enable more systematic model assessment,

significantly improve performance, and enhance scalability.

First, the dissertation introduced Archangel [24], a hybrid UAV-based human detection bench-

mark that integrates real, mannequin, and synthetic imagery with detailed metadata on camera view-

points and human poses. Experimental results on Archangel show that incorporating real and synthetic

data in a structured and appropriate manner is a promising way to improve detector accuracy. In ad-

dition, metadata-aware evaluation provides deeper insights into how models behave across various

conditions, resulting in better architectural design.

Building on Archangel, the dissertation then proposed Progressive Transformation Learn-

ing (PTL) [26], an iterative sim-to-real framework for effectively utilizing synthetic data in detector

training. By progressively selecting and transforming synthetic data based on measured domain dis-

crepancies, quantified by Mahalanobis distance in the trained detector’s representation space, PTL

simultaneously enhances synthetic data realism, low-shot learning performance, and cross-domain

generalization. This highlights the importance of carefully addressing domain gaps when synthetic

data is incorporated into training pipelines.

Beyond PTL, the dissertation further introduced SynPoseDiv [27], a pose diversification frame-

work for synthetic datasets. Although leveraging synthetic data in training can improve detection
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performance, the diversity of the synthetic dataset, particularly pose diversity in human-centric vision,

limits model improvement when additional synthetic data is used, especially in iterative approaches

such as PTL. SynPoseDiv expands the coverage of plausible human poses in synthetic datasets by

combining a diffusion-based pose generator and pose-guided image translation. The results demon-

strate that improved pose diversity leads to better scalability and consistent performance gains, without

the need to construct new synthetic datasets.

Finally, the dissertation addressed the challenge of scalable multimodal annotation in composed

pose retrieval (CPR) through AutoComPose [28]. AutoComPose utilizes multimodal large language

models (MLLMs) with carefully designed prompts to automatically generate structured and expressive

pose transition descriptions suitable for CPR tasks. By introducing new benchmarks and a cyclic

training strategy, AutoComPose demonstrates improved retrieval performance, reduces the need for

costly manual annotations, and establishes a scalable pathway for advancing vision-language learning

in human-centric applications.

In conclusion, this dissertation has highlighted that addressing data limitations is as crucial

as model design in advancing human-centric vision. By systematically improving how data is con-

structed, enriched, and utilized, this work has provided practical and scalable solutions for challenging

real-world applications. As research continues to progress toward more complex and multimodal sce-

narios, we believe that the contributions of this dissertation provide a strong foundation for future

innovations in human-centric vision systems.
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6.2 Broader Impact

The datasets and methods developed in this dissertation for UAV-based vision have the potential

to improve detection systems, benefiting applications such as disaster response and search-and-rescue

operations. The use of synthetic data to enhance cross-domain generalization may also enable faster

deployment in new environments, a common scenario in real-world UAV missions. Additionally,

Progressive Transformation Learning (PTL) provides a scalable framework for training detectors while

accounting for domain gaps, with potential extensions beyond aerial-view human detection to tasks

such as pose estimation and semantic segmentation.

For multimodal learning, automated annotation frameworks such as AutoComPose offer new

opportunities for scaling vision-language datasets. These advancements could support a wide range of

multimodal human-centric vision tasks, including pose retrieval, casualty identification, sports analy-

sis, and human-computer interaction.

6.3 Limitations and Future Work

6.3.1 Generalization to More Diverse Synthetic and Real-World Datasets

Although Archangel enables more comprehensive and systematic model evaluation through its

multiple subsets and detailed metadata, its overall diversity remains limited. For instance, Archangel-

Synthetic includes only three categories of human poses (i.e., standing, squatting, and prone), which

do not fully capture the richness and variability of human motion observed in real-world scenarios.

As a result, it is crucial to further investigate whether the methodologies proposed in this dissertation,

such as Progressive Transformation Learning (PTL), remain effective when applied to more complex
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and diverse datasets.

Recent work such as SynPlay [16] provides a promising direction. SynPlay generates a signifi-

cantly more diverse UAV-based synthetic dataset through a rule-guided motion generation framework,

enabling richer pose variations and more realistic scene compositions. Empirical results suggest that,

with increased data scale and pose diversity, PTL not only remains effective but can also outper-

form results obtained using both the original (Chapter 2) and pose-diversified (Chapter 4) versions of

Archangel-Synthetic. These findings highlight the importance of dataset diversity in fully realizing the

potential of synthetic data-driven learning.

In addition to limitations in synthetic dataset, the real-world datasets [9, 10, 11] used in this dis-

sertation are also relatively constrained. They are primary collected from common, everyday scenarios

with relatively clean visual conditions. However, many real-world UAV applications, such as search

and rescue in disaster management, present much more challenging conditions, including cluttered

backgrounds, severe occlusions, and degraded image quality [190]. Therefore, an important direction

for future work is to evaluate and extend the proposed frameworks under more difficult and diverse

real-world scenarios.

6.3.2 A Deeper Understanding of Progressive Transformation Learning

Although this dissertation demonstrates the effectiveness Progressive Transformation Learning

(PTL) across various settings (Chapter 3), its underlying mechanisms remain insufficiently understood.

Several fundamental questions remain open: which components contribute most to sim-to-real trans-

formation? Can the observed performance improvements be sustained over a larger number of PTL

iterations?
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A preliminary study into these questions has been presented in [126], where the roles of three

major factors in PTL-based sim-to-real transformation—real data, synthetic data, and synthetic data

pool—are systematically investigated. This study offers several valuable insights into the use of syn-

thetic data in detector training. However, a deeper and more comprehensive understanding is still

needed. Such understanding is essential for improving the scalability of PTL and extending it to other

tasks beyond aerial-view human detection, such as pose estimation or multimodal learning.

6.3.3 Controllable Composed Pose Retrieval

AutoComPose (Chapter 5) employs standard vision-language models [155] as the backbone for

the retrieval task. While it demonstrates strong retrieval performance, one key limitation is that the

model tends to rely on all visual factors present in the reference image, such as human pose, appear-

ance, and viewing perspective, when retrieving target images. This behavior is not always desirable,

particularly in applications where certain visual factors should be selectively ignored. For example,

in multi-camera surveillance systems, the model may need to retrieve images that match a target pose

and human appearance while being invariant to differences in viewing angle. Conversely, in sports

analysis scenarios, it may be more important to match pose and camera perspective while allowing

variation in appearance, enabling the analysis of different players under consistent viewpoints.

A promising direction for future work is the development of controllable CPR frameworks that

allow users to dynamically adjust retrieval criteria without requiring retraining or fine-tuning. Such

models would enable flexible selection of relevant factors, such as appearance or viewpoint, depending

on the task requirements.

Achieving this goal requires advancements in both data and model design. First, new CPR
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datasets that explicitly support disentangled representations of visual factors are required [191]. Con-

structing such datasets from the real-world is highly impractical due to the difficulty of independently

varying each visual factor. Synthetic datasets could provide a more feasible solution for generat-

ing controlled variations in this context. In addition, retrieval models must be redesigned to support

disentangled and controllable representations, which may involve learning factorized embeddings or

incorporating explicit control signals that guide the retrieval process.
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Buchatskaya, Carl Doersch, Bernardo Avila Pires, Zhaohan Daniel Guo, Mohammad Ghesh-
laghi Azar, Bilal Piot, Koray Kavukcuoglu, Rémi Munos, and Michal Valko. Bootstrap your
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