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Abstract

Egocentric 3D human pose estimation enables natural and immersive interaction in
virtual reality (VR) and augmented reality (AR) applications, eliminating the need
for external cameras or handheld controllers. This approach provides a compact
and mobile solution for full-body motion capture, allowing seamless integration
with head-mounted display (HMD) and AR glasses. However, existing methods
face significant challenges, including fisheye lens distortion, severe self-occlusion,
and out-of-view body parts, which degrade estimation accuracy. Furthermore,
many deep learning-based approaches require high computational resources and
complex model architecture design, making real-time deployment on edge devices

impractical.

In this thesis, we propose a real-time stereo egocentric 3D human pose esti-
mation system optimized for edge-device deployment. Our system introduces an
Attention-Guided Feature Extractor (AFE) that utilizes multi-scale 2D heatmaps
and human mask attention to enhance feature learning. Additionally, we develop
a Stereo Joint Mixer (SJM), a simple MLP-based model that integrates stereo vi-
sual features while preserving computational efficiency and accuracy. To improve
robustness in real-world environments, we incorporate unsupervised domain adap-
tation (UDA), including human prior constraints and adversarial domain classifier

training, reducing the domain gap between synthetic and real-world data.

We implement the system on the Xilinx Zynq UltraScale+ MPSoC ZCU104
FPGA, achieving real-time inference at 24-30 FPS in both dataset inference and
camera streaming modes. This technology paves the way for scalable, real-time ego-

Vil
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centric pose estimation, enabling enhanced VR/AR interaction, human-computer

interfaces (HCI), and motion analysis applications.
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Chapter 1

Introduction

With the rapid advancements in Virtual Reality (VR) and Augmented Reality
(AR) technologies, human-computer interaction has entered a new era where
physical movements play a pivotal role. This evolution is largely supported by
head-mounted display (HMD), which allow users to experience immersive envi-
ronments and natural interactions. These capabilities have enabled a wide range of
applications, including entertainment, healthcare, fitness, industrial training, and
remote-controlled robotics. As these applications grow in complexity and interac-
tivity, the need for accurate and efficient human pose estimation methods becomes

increasingly critical to ensure seamless integration with interactive systems.

Traditionally, these systems use head-mounted devices and handheld controllers
to track movements and infer the posture of other body parts through inverse
kinematics. However, these methods are often imprecise and fail to enable true
hands-free interaction. Recently, deep learning-based computer vision has shown
promising advancements, making it possible to predict human poses directly from
visual inputs. This shift has positioned vision-based human pose estimation as a

compelling area of research.
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2 1. Introduction

1.1 Egocentric 3D Human Pose Estimation

Human pose estimation has been extensively studied in computer vision, where the
goal is to predict the 3D coordinates of key body joints based on visual inputs. In
general, this is achieved using external cameras placed at fixed positions to capture
subjects from multiple angles in a third-person view. Neural networks are then
applied to predict 3D human poses based on these visual inputs.

To integrate human pose estimation with HMD, a recent mainstream approach
involves mounting downward-facing fisheye cameras on the device [1, 2] (see
Figure 1.1). The wide field of view provided by fisheye lenses maximizes body
coverage, enabling the capture of as much of the user’s body as possible for pose
estimation. This approach eliminates the need for external cameras and adapts well
to diverse environments. Egocentric views also reduce occlusions from external
objects, such as crowded scenes and furniture, by moving with the user to maintain

visibility of key body parts.

. i P L =2 j
L % . -

A L J
L0 [FE | ' |
%-u‘,a:'ﬂl'- T s

o=,

(a) Setup on eyeglasses [1]. (b) Integration with an HMD [2].

Figure 1.1: Illustrations of downward-facing fisheye camera setups [1, 2].

1.2 Challenges

While egocentric 3D human pose estimation offers significant advantages, it cannot
directly adopt methods developed for traditional third-person views due to substan-

tial differences in camera viewpoints. These differences introduce new challenges
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1.3. Contribution 3

that must be addressed to achieve accurate and robust performance.

A primary challenge arises from the distortion caused by fisheye lenses. While
fisheye cameras provide a wide field of view, their non-linear distortions complicate
pose estimation. Another major challenge is self-occlusion, where parts of the
body block others from view. For example, the torso may obscure the lower body,
making it difficult to track leg movements accurately, especially during dynamic
actions such as squatting or bending. A third challenge involves out-of-view body
parts. Since the camera is head-mounted and faces downward, body parts such as
raised arms can extend beyond its field of vision, leading to incomplete data and

CITOIS.

Beyond viewpoint-related issues, building an applicable system presents ad-
ditional challenges, particularly in terms of real-time processing and robustness.
Real-time processing is essential for smooth and interactive applications, especially
in virtual environments where delays can disrupt user experience and immersion.
However, most existing models are too large [1, 14, 15] (see Table 1.1), tested only
on GPUs, and rely on complex designs [15, 7, 4], which make them unsuitable
for deployment on edge devices, such as HMD or AR glasses, due to their limited
computational resources. Robustness is equally critical but constrained by the diffi-
culty of obtaining 3D pose ground truth labels, which often require costly motion
capture systems like VICON [16]. Consequently, most datasets are synthetic [1, 2],
while real-world datasets are either unlabeled [17] or collected in controlled lab
environments and limited in size [3, 7]. This domain gap—caused by differences
in environment, background, and lighting—frequently leads to model failures and

implausible pose predictions, posing challenges for practical deployment.

1.3 Contribution

In this work, we address the critical challenges of egocentric 3D human pose

estimation by developing a real-time and robust system optimized for deployment
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4 1. Introduction

Table 1.1: Comparison of model size and computational operations among

existing methods.

Existing Method Params FLOPs

Ego3DPose [15] 178.4M  55.6G
EgoGlass [14] 107.3M  16.1G
UnrealEgo [1] 106.8M  27.1G

EgoPoseFormer [4] 14.1M 7.3G

on edge devices. Our contributions span model architecture design, learning
strategies, and deployment considerations.

First, we present a lightweight yet effective model architecture based on a base-
line pose estimator. To improve feature extraction and enhance the model’s ability
to capture joint information while differentiating human regions from background
noise, we incorporate multi-scale 2D heatmaps and human mask-guided atten-
tion. Furthermore, to maintain compatibility with resource-constrained hardware
and to improve accuracy, we propose the Stereo Joint Mixer—an MLP-Mixer-
inspired structure [5]. This design efficiently processes stereo features spatial
and channel-wise using simple multi-layer perceptrons (MLPs), overcoming the
hardware deployment limitations of transformer-based models while maintaining
high accuracy and practicality.

Second, we introduce a domain-adaptive training framework to bridge the
domain gap between synthetic and real-world datasets. This framework improves
robustness and generalization by addressing environmental variations, such as
lighting and background differences commonly encountered in practical applica-
tions, as well as human skeleton constraints to ensure plausible and consistent pose
predictions. Together, these methods advance the feasibility of egocentric pose
estimation systems and provide a foundation for further exploration in real-world
scenarios.

Our contributions are summarized as follows:

doi:10.6342/NTU202504485



1.4. Thesis Organization 5

* We propose a simple yet effective model architecture that enhances feature
extraction using multi-scale 2D heatmaps and human mask-guided attention.
Additionally, we introduce the Stereo Joint Mixer, inspired by MLP-Mixer
[5], to efficiently process stereo features with simple MLP layers, balancing

computational efficiency and accuracy.

* We introduce a domain-adaptive training framework to mitigate the domain
gap between synthetic and real-world datasets, improving robustness and

generalization across diverse environments.

* We develop a camera-streaming system implemented on the ZCU104 FPGA
board, enabling egocentric 3D human pose estimation in real-time on resource-

constrained devices with efficient deployment flow.

Our proposed model architecture outperforms existing methods on the Un-
realEgo dataset [1], achieving competitive results with only a slight margin behind
state-of-the-art transformer-based approaches. Furthermore, our camera-streaming
system implemented on the ZCU104 FPGA achieves 24 to 30 FPS, enabling
real-time visualization of the user’s current pose when wearing the device. This

demonstrates the system’s potential scalability for VR and AR applications.

1.4 Thesis Organization

In this chapter, we introduce the background and motivation for egocentric 3D
human pose estimation, highlighting its importance in enabling immersive and
interactive applications. We also discuss the technical challenges posed by egocen-
tric viewpoints and resource-constrained hardware environments. The remainder
of this thesis is organized as follows. Chapter 2 reviews related work, including
existing approaches to egocentric 3D human pose estimation and domain adap-
tation techniques. Chapter 3 describes the proposed model architecture design

and training techniques in detail. Chapter 4 presents experimental results and
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6 1. Introduction

evaluations, focusing on model validation and performance analysis. Chapter 5
details the complete system implementation and evaluates its performance under
real-world conditions. Finally, Chapter 6 concludes the thesis by summarizing the
contributions, presenting the limitations of the proposed approach, and discussing

potential directions for future research.
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Chapter 2

Related Work

In this chapter, we review the foundational and recent advancements in 3D human
pose estimation in Section 2.1, which provide the basis for egocentric pose esti-
mation. Section 2.2 explores egocentric 3D human pose estimation, including its
categorization into monocular and stereo methods, and the latest advancements in
each. Section 2.3 introduces MLP-based architectures, highlighting their simplicity
and challenges in data requirements. Finally, Section 2.4 reviews unsupervised
domain adaptation (UDA) techniques and their role in bridging the domain gap

between synthetic and real-world datasets.

2.1 3D Human Pose Estimation

3D human pose estimation has been a focal area of research due to its broad
applications in computer vision, virtual reality, and human-computer interaction.
Traditional methods predominantly relied on multi-view systems and depth sensors
to infer 3D poses from 2D keypoints [18, 19]. With the emergence of deep
learning and the availability of large-scale 2D and 3D training datasets [20, 19],
convolutional neural networks (CNNs) have achieved significant advancements in
pose estimation accuracy [21, 22, 23, 24, 25, 26].

Two primary approaches have emerged in recent studies. The first approach

7
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8 2. Related Work

directly predicts 3D joint positions from input images [21, 22, 23, 24], while the
second follows a two-stage pipeline—first estimating 2D poses and subsequently
lifting them into 3D space [25, 26]. The former approach necessitates supervision
using 3D pose labels corresponding to input images, which are often difficult
to obtain in in-the-wild scenarios. To address this limitation, researchers have
developed photorealistic synthetic datasets [27] leveraging parametric human body
models [28] and computer graphics rendering.

Conversely, the two-stage approach benefits from the easier accessibility of 2D
pose annotations for training the initial 2D keypoint detection network [29, 30, 31].
It then utilizes large-scale 3D motion capture datasets for 3D pose lifting, elimi-
nating the need for paired 3D pose labels with images. Even simple architectures
have demonstrated competitive performance under this paradigm [25].

Current research trends focus on integrating 2D and 3D datasets while exploring
weakly supervised, self-supervised, and even unsupervised learning frameworks
to further reduce dependency on annotated data [32, 33, 34, 35, 36, 37]. With the
rise of Transformer architectures, researchers are also investigating their potential
applications in 3D human pose estimation [38, 39, 40, 41, 42], leveraging their

superior capacity for modeling spatial dependencies and improving accuracy.

2.2 Egocentric 3D Human Pose Estimation

Egocentric 3D human pose estimation has gained increasing attention due to
its potential for capturing body motion from a first-person perspective. Early
approaches were limited to estimating upper-body movements and often relied on
RGB-D input [43, 44], which restricts their applicability in in-the-wild scenarios.
Capturing full-body motion poses greater challenges, making it a primary focus in
current research.

As introduced in Section 2.1, 3D human pose estimation methods primarily

adopt an outside-in approach, where external cameras observe the subject. In
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2.2. Egocentric 3D Human Pose Estimation 9

contrast, egocentric methods can be categorized into two main paradigms—inside-
out and inside-in approaches.

Inside-out approaches estimate human poses by observing the surrounding
environment. For example, Shiratori et al. [45] proposed systems utilizing 16
limb-mounted cameras combined with structure-from-motion (SfM) techniques
have been employed to infer body poses based on environmental features. However,
these methods often require precise calibration, static backgrounds, and are prone to
errors caused by motion blur and dynamic scene elements. To simplify setups, Jiang
et al. [46] reduced the number of cameras required by utilizing a chest-mounted
camera to capture poses, but relying on external environmental information often
results in reduced accuracy due to limited visibility of the subject’s body.

Inside-in approaches, on the other hand, estimate poses directly by observing
the body itself using wearable sensors or cameras. Von Marcard et al. [47] proposed
systems using inertial measurement units (IMUs) can operate without cameras but
require complex calibration procedures, and accuracy is further reduced as the
number of sensors decreases. ControllerPose [48] introduced an alternative design,
using handheld VR controllers combined with cameras, offer full-body capture but
lack hands-free operation. Recently, the use of head-mounted devices equipped
with downward-facing monocular or stereo fisheye cameras has emerged as the
leading approach, enabling compact and practical solutions for egocentric 3D pose

estimation.

2.2.1 Monocular Egocentric 3D Human Pose Estimation

Mo2Cap2 [49] proposed a real-time compact setup by mounting a fisheye camera
on a baseball cap. They introduced a synthetic dataset for training and tested
their model on real-world images. However, the synthetic data suffered from
noticeable differences in lighting and background quality compared to real-world
scenarios, limiting its performance. xR-EgoPose [2] provided a more realistic

synthetic dataset and proposed an encoder-decoder architecture with 2D heatmap
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10 2. Related Work

reconstruction, as illustrated in Figure 2.1, achieving promising results. Neverthe-
less, they fine-tuned their model using a subset of real-world test sets collected
in controlled lab environments, which does not align well with scenarios where
acquiring accurate 3D ground truth labels is challenging. SelfPose [50], an exten-
sion of xR-EgoPose, introduced an additional branch to predict per-joint rotations,

enhancing the model’s learning capacity.

Image

Fully
Pose
AN B
2048 .
— Yy 4 2
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HIM e §5%s%15

S\
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Figure 2.1: The architecture of xR-EgoPose [2].

Wang et al. [51] adopted a spatial-temporal optimization approach to predict
global poses, achieving high precision and temporal stability. However, their re-
liance on backend optimization limited its suitability for real-time systems. EgoPW
[52] was the first to leverage external views, combining methods of third-person
views with egocentric inputs. Using weak external supervision, it improved learn-
ing by generating pseudo labels and applying adversarial losses to capture shared
features between external and egocentric views. EgoFish3D [17] also incorporated
third-person cameras and employed a self-supervised learning approach, although
it required a multi-stage training strategy for convergence. Additionally, Wang et
al. [53] utilized scene depth constraints to address issues like body-floating and
body-environment penetration, improving interaction modeling with the scene.
Other works have focused on whole-body pose estimation [54], predicting human

meshes [55], or leveraging self-attention architectures to enhance learning [56].
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2.2. Egocentric 3D Human Pose Estimation 11

2.2.2 Stereo Egocentric 3D Human Pose Estimation

While monocular approaches require only a single fisheye camera, resulting in
simpler setups and broader research adoption, they suffer from insufficient depth
information. Different depths may project to similar 2D image patterns, causing
ambiguities. In contrast, stereo approaches leverage depth information, providing
a significant advantage. EgoCap [3] pioneered the use of stereo fisheye cameras
mounted on a helmet at a 25 cm distance from the face, capturing most of the
body. However, this setup was considered impractical and bulky, as shown in
Figure 2.2. Reducing the distance between the camera and the body increases
occlusion challenges, making the task more complex. EgoGlass [14] utilized two
Raspberry Pi cameras and introduced pseudo-limb masks to address self-occlusion
under limited viewpoints. However, their dataset remains unpublished, limiting

reproducibility.

Figure 2.2: The device proposed by EgoCap [3].

UnrealEgo [1] leveraged UnrealEngine [57] to create a large-scale stereo dataset
with realistic scenarios and prioritized motion diversity, offering broader motion
types and joint ranges than xR-EgoPose (Figure 2.3b). The architecture of Un-
realEgo is depicted in Figure 2.3a. They demonstrated that weight-sharing feature
extractors perform better and they also found that separate training was required to
improve heatmaps, revealing limitations of using MSE loss for heatmap predictions.
Ego3DPose [15] proposed perspective embedding heatmaps and two-path feature

aggregation, incorporating limb information to enhance learning of stereo corre-
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spondences and perspectives. However, its model complexity limits scalability.
EgoTAP [58] presented a heatmap-to-3D pose lifting method using ViT encoders
to tackle inefficiencies in feature embedding in earlier approaches. Nevertheless,
this two-stage approach relies heavily on high-quality heatmaps, which may not

always be feasible in egocentric settings due to occlusions.
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Figure 2.3: Overview of UnrealEgo [1]. (a) The proposed architecture of Un-

realEgo. (b) Motion diversity in the UnrealEgo dataset compared with xXR-EgoPose.

UnrealEgo2 [7] introduced a transformer-based architecture for stereo videos,
incorporating scene information and temporal context. They also released Un-
realEgo2, a larger synthetic dataset, and UnrealEgo-RW, one of the few real-world

stereo datasets, positioned closer to the face than EgoCap. While these advances
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provide valuable resources, UnrealEgo-RW’s collection in lab environments still

introduces domain gaps to in-the-wild scenarios.

EgoPoseFormer [4] adopted a DETR-style [59] transformer framework, ar-
guing that using 2D heatmaps as inputs to regress 3D joints fails to fully utilize
rich image information (Figure 2.4a). They proposed deformable stereo attention
to refine initial poses by projecting them back to images and leveraging local
stereo features through cross-attention with joint query tokens (Figure 2.4b). While
achieving lightweight and state-of-the-art performance, its reliance on camera
intrinsics and device-relative-to-camera-relative pose transformations hinders prac-
tical applications. Additionally, transformer-based and deformable convolution

approaches introduce challenges for swift deployment on hardware platforms.
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Figure 2.4: Overview of EgoPoseFormer [4].: (a) The proposed architecture of

EgoPoseFormer. (b) Deformable stereo attention in EgoPoseFormer.

In summary, stereo approaches demonstrate strong potential due to depth
information and symmetric setups that make them practical for HMD and AR
glasses [60]. However, existing solutions often feature large and complex models,
lack real-world labeled datasets, and face deployment challenges. We aim to
develop a lightweight and simple model capable of leveraging local stereo image

features while maintaining competitive accuracy for practical use.
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2.3 MLP-Based Architecture

Recent years have seen a paradigm shift from CNNs to Transformers, driven in
part by the availability of increasingly large datasets, as transformers are consid-
ered more effective when trained on extensive data. This shift has encouraged
researchers to explore whether simple architectures like MLPs can achieve competi-
tive performance. The MLP-Mixer [5] is a prime example of such efforts, featuring
a simple design that relies only on matrix multiplications, data layout conversions,
and scalar non-linearities to achieve promising results (Figure 2.5). However, the
MLP-Mixer has also demonstrated that such architectures require large datasets
to succeed; otherwise, they are prone to overfitting. Given this challenge, and the
absence of extremely large datasets in our case, we adopt its simplicity while incor-
porating CNNs for image feature extraction to mitigate potential overfitting issues.
This hybrid approach aims to balance architectural efficiency with robustness to

dataset size limitations.
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Figure 2.5: The architecture of MLP-Mixer [5].
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2.4 Unsupervised Domain Adaptation (UDA)

Despite the availability of synthetic datasets, domain gaps between synthetic and
real-world data remain a significant challenge, often resulting in suboptimal perfor-
mance in real-world applications. Unsupervised domain adaptation (UDA) aims to
address this issue by aligning the feature distributions of target and source domains.
Discrepancy-based methods use predefined statistical measures to minimize the
distance between domains, effectively narrowing the gap [61, 62, 63]. On the other
hand, adversarial-based approaches incorporate a domain classifier alongside the
feature extractor. By applying adversarial loss, the feature extractor is trained to
confuse the domain classifier, promoting domain-invariant feature learning. For
instance, DANN [6] employs a gradient reversal layer to achieve this alignment,

enabling robust adaptation, as shown in Figure 2.6.
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Figure 2.6: The architecture of DANN [6].

In 3D human pose estimation, weakly and self-supervised techniques have
been widely adopted due to the relative ease of obtaining 2D labels compared to
3D labels. Many researchers leverage 2D labels along with 3D pose reprojection
consistency for weak supervision [64, 35, 36, 37]. Zhou et al. [32] introduced
geometric constraints derived from the human body to regularize 3D pose predic-

tions without requiring extensive 3D labeled data. However, in egocentric settings,
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self-occlusion in images complicates the task of annotating 2D labels, making it

challenging to achieve 3D-to-2D consistency learning.
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Chapter 3

Method

In this chapter, we provide a comprehensive explanation of our methodology.
Section 3.1 introduces the overall architecture of our model, detailing its three
core components. Section 3.2 focuses on the Attention-Guided Feature Extractor,
elaborating on how multi-scale heatmaps and human masks are utilized for feature
enhancement. Section 3.3 presents the Stereo Joint Mixer, describing its role in
integrating stereo-attended features and estimating 3D joint positions. Finally,
Section 3.4 explains the Domain Adaptation Training Framework, highlighting our

approach to human prior loss and adversarial domain classifier training.

3.1 Architecture Overview

The proposed model includes three main components, as illustrated in Figure 3.1.
First, the Attention-Guided Feature Extractor utilizes multi-scale 2D heatmaps and
generated human masks to guide attention during feature extraction, enhancing
spatially relevant representations. Next, the Stereo Joint Mixer employs a simplified
MLP-Mixer [5] architecture to learn spatial and channel-wise dependencies within
the attended features, effectively integrating information across dimensions. Finally,
the Domain Classifier differentiates between real and synthetic image features,
incorporating a Gradient Reversal Layer (GRL) [6] to adversarially train the feature

17
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extractor. The GRL reverses gradients during backpropagation, enabling domain-

invariant feature learning and facilitating feature alignment.
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Figure 3.1: The architecture of our EgoFocus model.

3.2 Attention-Guided Feature Extractor (AFE)

We first pass stereo image pairs, denoted as I, [z € R7>*W>3 for the left and right
images respectively, through an ImageNet-pretrained backbone network to extract
downsampled features from four layers. These features are processed through two
Feature Pyramid Networks (FPNs) [65]. The first FPN, referred to as the Feature
FPN, extracts image features, denoted as F, and Fr, where F, F € RAXWxC
and H = %, W = %. The second, termed the Location FPN, focuses on extracting
location features, denoted as L;, Lp € RAXWXC A hard sigmoid function is
applied to ensure values range between 0 and 1, while simultaneously guaranteeing
the model is deployable on hardware. These two sets of features are combined
using element-wise multiplication to generate attended features, refered to (3.1).
The model utilizes shared weights for stereo image inputs, ensuring consistency

across both views. This approach, as demonstrated in UnrealEgo [1], leads to
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improved performance. After this, the attended features Ay, Ar from the left and
right images are concatenated along the channel dimension to form A € RE X *20

(3.2), which is passed into the Stereo Joint Mixer, as covered in Section 3.3.

AL =F, 0L
3.1
Ar=Fr©® Lpg
F = Concat(Fy, Fr)
L = Concat(Ly, Lg) (3.2)

A = Concat(Ar, Ag)

Furthermore, the channels of the location features are divided into three com-
ponents—global feature channels (C), multi-scale heatmap channels (C,), and
human mask channels (C},,), which will be introduced in detail in the following sub-
sections. The total number of channels of the location features is represented as C,
where C' = C,; + C}, + C,,. To compare with EgoPoseFormer [4], we set C' to 128,
matching their configuration. Specifically, we manually allocate C, = 8, Cj, = 90
and (), = 30. The concatenated location features, L, can be splited into @, H ,
and M, where G € RAXWx2C; N[ ¢ RAXWx2Ch and [ ¢ RH*XWx2Cm By
integrating diverse location information, the model enhances learning effectiveness

and stability.

3.2.1 Multi-Scale 2D Heatmaps Attention

The UnrealEgo synthetic dataset [1] provides 3D pose labels from each camera
and 2D joint coordinates derived through camera intrinsics. In the egocentric view
setting, self-occlusion reduces the reliability of 2D annotations, especially for the
lower body. Hence, 3D pose labels are necessary to derive accurate 2D projections.

We leverage the UnrealEgo dataset’s 2D joint coordinates to generate heatmaps
by applying Gaussian kernels with varying standard deviations (o), producing multi-

scale representations. This strategy prevents the model’s attention from focusing
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too narrowly on small regions. Specifically, we generate six scales of heatmaps,
denoted as N, = 6, with each scale containing 15 heatmaps (excluding the head
joint), represented as N, = 15. Thus, C}, = N x Np, = 90. Through experiments,
we determined that using ¢ = [1, 1,2, 2,3, 3] for three scales, with each scale
having two sets of channels, achieved the best performance. We visualize the
generated ground truth multi-scale 2D heatmaps, as shown in Figure 3.2. Detailed

experimental results can be found in Section 4.5.3.

These multi-scale heatmaps are then integrated into the mode learning using a
local attention loss function £ ¢,m, as detailed in Section 3.2.3, to optimize feature

learning.

Figure 3.2: The visualization of the ground truth multi-scale 2D heatmaps.
For each image pair, the top row shows the heatmaps in different scales, while the
bottom row presents the results of overlaying the heatmaps semi-transparently on

the corresponding images.
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3.2.2 Human Mask Attention

Beyond 2D joint positions, body regions such as limbs also carry pose-related
information. Additionally, using body regions for attention helps reduce the
impact of environmental noise, especially in cluttered environments that may cause
incorrect predictions by the model. We generate human masks using the Segment
Anything Model (SAM) [66]. Note that the 2D joint coordinates serve as anchors
to guide mask generation, ensuring accurate segmentation.

We visualize the generated human masks, as shown in Figure 3.3. While
the masks are guided by ground truth 2D joint coordinates, failures may occur.
For example, Figure 3.3b illustrates partial failures on the left side and extensive
failures on the right side caused by poor lighting conditions.

The generated human masks are then incorporated into the model to provide
additional spatial context, improving robustness against background interference.
Similar to the multi-scale 2D heatmaps, the human masks are optimized using the

local attention loss function L., as discussed in Section 3.2.3.

3.2.3 Local Attention Loss

Previous approaches, such as xR-EgoPose [2] and UnrealEgo [1], utilize mean
squared error (MSE) loss as the heatmap loss function. However, due to the small
active regions in joint heatmaps, MSE loss converges slowly and is adversely
affected by pose loss, hindering end-to-end training. For instance, UnrealEgo
employs a two-stage training process to address these challenges.

To overcome this limitation, we propose a novel loss function, for supervis-
ing both heatmaps (3.3) and masks (3.4), which integrates high-value loss and
low-value regularization. The high-value loss targets regions with high heatmap
confidence or nonzero mask values, using a log-softmax (denoted as LS) operation
to encourage higher values in these areas. Note that the multi-scale heatmap loss is
further normalized by different o of Gaussian kernels. Conversely, the low-value

regularization penalizes regions with low heatmap confidence or zero mask values,
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(b) Failure cases of generated human masks.

Figure 3.3: The visualization of the generated human mask. For each image
pair, the medium row shows the mask, while the bottom row presents the results of
overlaying the mask semi-transparently on the corresponding images. In Figure
(b), The left side shows partial failures due to segmentation errors, while the right

side illustrates extensive failures caused by poor lighting conditions.

driving predictions closer to zero. Note that H and M represent concatenated
ground truth heatmaps and the SAM-generated human mask. This combined loss

enhances feature learning by maintaining focus on key regions while suppressing
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noise, thereby enabling robust end-to-end training. We will discuss a comparison

between local attention loss and MSE loss in Section 4.5.2.

O:

LR (s

2
%

: 1Hi>0.5 + )\reg : ﬁz ° 1Hi<0.5> ,/\reg - 00001

(3.3)

Lok = 5 2 > (“LS(Mi) - Ly + Aeg - M- Lo ) Ay = 0,01
(3.4)

3.3 Stereo Joint Mixer (SJM)

The attended features A are first processed through a convolution block to reduce
the channel dimension from the feature space 2C' to the number of joints J =
16. This step encodes spatial information for each joint by integrating stereo
features. Next, average pooling with a size of 4 is applied to decrease resolution and
computational complexity. The resulting feature representation of size .J x .S, where
S = % X % = 256, is then passed through a 2-layer MLPs. This 2-layer MLPs
operates on the spatial dimension, which corresponds to .S, and is shared across
all joints. Afterward, the output is transposed and processed by another 2-layer
MLPs shared across the spatial dimension. This mechanism effectively captures
dependencies between joints and spatial features. Additionally, skip connections
are utilized to enhance learning stability. Unlike MLP-Mixer [5], which employs
multiple layers, we use only one layer while achieving sufficient accuracy. Finally,
a 3-layer MLPs projects the spatial dimension to three dimensions, representing the
3D position of each joint. This prediected 3D human pose is denoted as P e R7*3,
We employ pose MPJPE loss L. (3.5) and bone vector loss Lyone (3.6) using

ground truth 3D pose P in UnrealEgo syntetic dataset.
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Lpose = Z 1P = Pyl (3.5)
1 J—1 N N
Lbone = ﬁ Z ||Pz o P[Z?arent - (Pz . ]:—,E)arent)H2 (36)
=1

3.4 Domain Adaptation Training Framework

3.4.1 Human Prior Loss

To ensure plausible pose predictions for the target domain without ground truth
3D pose labels, we introduce the Human Prior Loss. This loss function Lo is
designed to regularize predictions by enforcing prior knowledge of human skeletal
structure (3.7). Specifically, the loss evaluates bone lengths and bone angles against
predefined distributions, where the mean and standard deviation are calculated
from the UnrealEgo training set, denoted as jy, o, for bone lengths and 1y, oy
for bone angles. Predicted bone lengths / and angles 0 deviating by more than
twice the standard deviation from their respective means are penalized. Bone
length and angle deviations exceeding twice their standard deviation are penalized

quadratically after normalization, ensuring alignment with realistic human poses.

N 2
L (1=l 16 — 1o
prlor = j Z ( 1|€A¢7,ug|>2crg + o ’ 1|9A¢*H9‘>2<79 (37)

i=1 O¢

3.4.2 Adversarial Domain Classifier Training

Our approach employs a domain classifier with domain loss, inspired by the
Domain-Adversarial Neural Network (DANN) framework [6]. We apply the
domain classifier to image features F' rather than attended features A, as the primary
differences between the source and target domains are related to environmental
factors such as background and lighting. Using attended features, which are sparse,

results in less effective domain alignment.
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We feed the image features from the source and target domains, denoted as
Fy.. and Fi, respectively, into the domain classifier. The domain classifier archi-
tecture begins with a gradient reversal layer (GRL), which reverses the gradient
during backpropagation. This mechanism enables the feature extractor to align
the features of the two domains, confusing the domain classifier and promoting
domain-invariant features.

Following the gradient reversal layer, the domain classifier consists of convo-
lutional blocks, average pooling, and a 3-layer MLPs with a dropout rate of 0.5,
as illustrated in Figure 3.1. The final output is a sigmoid activation that predicts
the probability of the features belonging to the target domain. Since this process is
only applied during training and does not need to be deployed, we use a standard
sigmoid activation instead of a hard sigmoid.

The predicted probabilities d are compared against domain labels d using binary
cross-entropy (BCE) loss Lgomain (3.8). The complete training process is detailed
in Algorithm 1. To address the imbalance between the source and target domain
data, as the source domain has significantly more data, we balance the datasets

during training. Finally, our total loss is defined as (3.9).

Liomain = — [dlog(d) + (1 — d)log(1 — d)] (3.8)

L= Amhﬁmshm + /\maﬁmask + )\pﬁpose + AbLbone + /\prﬁprior + )‘d'cdomain (39)
—_—

source target both

During source-only training, we set A, and A4 to O to exclude target domain-
related losses. The specific values of A for each component will be provided in

Section 4.2.
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Algorithm 1: Unsupervised Domain Adaptation Training Process

Data: Target data, Source data
1 Definitions:
2 AFE = Attention-Guided Feature Extractor;
3 SIJM = Stereo Joint Mixer;
4 DC = Domain Classifier
5 r = Balance Ratio;
6 foreach Target data do
7 Step 1: Train with source data to balance datasets;

8 foreach Source data in range r — 1 do

9 Source images A Faes Lae, Age
10 Age = P
11 Compute source losses: Linshm, Lmasks Lposer Lbones
12 end

13 Step 2: Train with paired source and target data;
14 Select one pair: (Source data, Target data);

15 Source images LN Foe, L, Age;

16 Target images = Fiot, Ligt, Atet;

17 | Age 2 P

18 | Ag 22 Py

19 | Fue, Frg =5 de, diges

20 Compute source losses: Limshm, Lmask, Lposes Lbones
21 Compute target 10ss: Lyrior;

22 Compute domain 10ss: Lgomain;

23 end
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Chapter 4

Experiments

In this chapter, we describe the experimental setup, datasets, implementation de-
tails, and results of our study. Section 4.1 introduces the datasets employed for
training, evaluation, and domain adaptation, including synthetic and real-world
datasets. Section 4.2 outlines the training and implementation details. Section 4.3
presents the main results, focusing on performance evaluation and domain adapta-
tion. Section 4.4 provides qualitative results, visualizing model predictions and
highlighting attention features. Finally, Section 4.5 conducts ablation studies to

examine the impact of different design choices on model performance.

4.1 Datasets

4.1.1 UnrealEgo Dataset

UnrealEgo is a synthetic dataset provided by Akada et al. [1]. It is constructed
using UnrealEngine [57], a professional game development platform, to simulate
a realistic environment with 3D human models sourced from RenderPeople [67].
The dataset features a pair of downward-facing virtual fisheye cameras mounted
on a glasses frame. The cameras are positioned 12 cm apart, providing a wide field
of view of 170 degrees.

UnrealEgo is notable for its realism compared to previous synthetic datasets

27
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such as Mo2Cap?2 [49] and xR-EgoPose [2] (see Figure 4.2a).. It offers large-scale
data with high motion diversity, making it suitable for training and evaluating
pose estimation models. The dataset includes 17 realistic 3D human models,
comprising nine females and eight males, with diverse skin tones and clothing
types. Additionally, it features 14 realistic 3D environments, including both indoor
and outdoor scenes.

The dataset provides about 450,000 image pairs with a resolution of 1024x1024
pixels, captured at 25 frames per second. The dataset is divided into 357,317
training, 46,155 validation, and 48,138 test image pairs. Each image is labeled
with 3D joint positions, camera positions, and 2D coordinates of reprojected joint
positions in the fisheye view.

We employed UnrealEgo for both training and evaluation purposes. For train-
ing, we utilized its 3D pose labels and 2D joint position labels. The 2D joint
positions were used to generate heatmaps based on Gaussian kernels and to create
human masks, which served as anchors for Segment Anything Model (SAM) [66] .
For evaluation, we tested on UnrealEgo to assess the performance improvement
of our proposed model—combining attention-guided features and a stereo joint
mixer—over the baseline model, and also compared the result with existing stereo

methods.

4.1.2 UnrealEgo-RW (Real-World) Dataset

UnrealEgo-RW is a real-world dataset developed by the same team that created
UnrealEgo (see Figure 4.2b). This dataset uses a custom device based on a helmet,
equipped with two RIBCAGE RXO0 II cameras and two FUJINON FE185C057HA-
1 fisheye lenses. The cameras are positioned 12 cm apart and placed 2 cm away
from the user’s face. The captured images are cropped to match the 170-degree
field of view setup used in UnrealEgo. The dataset includes recordings of 16
subjects in a multi-view motion capture studio, providing ground truth 3D poses

for 16 joints. The dataset contains about 130,000 image pairs at a resolution of

doi:10.6342/NTU202504485



4.1. Datasets 29

872x872 pixels, captured at 25 frames per second, which is divided into 76,315
training, 30,083 validation, and 24,012 test image pairs. Since the test set does not
provide ground truth labels, evaluations are performed on the validation set.
Earlier datasets, such as EgoCap [3], used camera setups positioned 25 cm away
from the face, which were less compact and impractical for application purposes. In
contrast, this dataset is the first egocentric stereo real-world dataset, offering a more
practical design. We utilized UnrealEgo-RW primarily for evaluation purposes in
our domain adaptation framework, leveraging its ground truth annotations to assess

performance and validate the generalizability of our models.

4.1.3 Our RealEgo (Unlabeled) Dataset

While UnrealEgo-RW captures real-world data, it is limited to a controlled lab-
oratory environment, which may not reflect real-life scenarios. To address this
limitation, we collected our own dataset, RealEgo, specifically for domain adapta-
tion purposes (see Figure 4.2¢).

Our setup features a lightweight and affordable device based on a bicycle
helmet, equipped with two ELP-USBFHDO1M [68] camera modules with 180-
degree fisheye lenses, as shown in Figure 4.1. This design shares similarities
with UnrealEgo-RW in that the cameras are positioned 12 cm apart, but they are
approximately 8 cm away from the eyes, compared to 2 cm in UnrealEgo-RW.
While the distance is slightly greater, it remains significantly closer than EgoCap’s
25 cm, offering a practical balance between portability and usability.

RealEgo consists of about 96,000 image pairs, each with a resolution of
1024x1024 pixels, cropped using UnrealEgo’s circular mask. The dataset spans
two indoor environments and includes 15 subjects performing actions at three

self-defined motion levels:

1. Easy: Minimal movement or upper-limb actions, such as standing, waving,

and clapping.
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2. Medium: Larger or leg-involved movements, such as kicking, walking, and

punching.

3. Hard: Full-body movements and occluded actions, including squatting,

stretching, and arbitrary motions.

1920 x1080P)

(a) Front-view (b) Side-view (c) Fisheye camera [68]

Figure 4.1: Our EgoVision device.

These motion levels can be utilized for downstream tasks in future research.
Additionally, the continuous image sequences in our dataset make it well-suited
for studying temporal information in motion analysis. For details, each sequence
is recorded at 30 frames per second with a duration of 20 seconds. The test set
comprises subjects S1 and S3, totaling 19,776 image pairs, while the training set
includes the remaining subjects with 76,315 image pairs. Since RealEgo does not
include ground truth annotations, we primarily used it to visualize results within our

domain adaptation framework, demonstrating its applicability in adapting models

to real-world conditions.

(a) UnrealEgo [1] (b) UnrealEgo-RW [7] (c) Our RealEgo

Figure 4.2: Example of the stereo image pair from each dataset [1, 7].
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4.2 Training and Implementation Details

Our experiments were implemented using PyTorch and conducted on an RTX
2080Ti GPU. Input images were resized to 256x256, while ground-truth 2D
heatmaps and human masks were resized to 64x64. All input images were nor-
malized using the standard ImageNet mean and standard deviation. For 3D pose
representation, we used device-relative coordinates, computed as the average 3D

pose from the left and right camera perspectives.

We conducted three types of training experiments. First, we trained the model
on the UnrealEgo dataset without a domain classifier to validate the effectiveness of
our model structure. Next, we performed UDA training, with the source domain as
UnrealEgo and the target domain as UnrealEgo-RW, following the process outlined
in Section 3.4.2. Finally, we applied UDA training again while with the source
domain as UnrealEgo and the target domain as RealEgo, which is the model for

our deployment on final system in Chapter 5.

We used ResNet18 as the backbone, initialized with pre-trained weights from
ImageNet. The training spanned 12 epochs, starting with a learning rate of 0.001
and a weight decay of 0.0005. A multi-step scheduler reduced the learning rate
by a factor of 0.1 at the 8th and 10th epochs. The AdamW optimizer was em-
ployed for optimization. These settings are largely consistent with those used in

EgoPoseFormer [4].

The batch size was set to 32 for training without UDA and reduced to 16 for
UDA training due to memory constraints. The loss weights were configured as
follows: A = 0.5, Apa = 0.001, A\, = 1.0, Ay = 0.1, Ay = 0.5, and A, = 0.05.
In the Domain Classifier, the Gradient Reversal Layer (GRL) was warm-started

from 0.5x to 1.0x over 1000 iterations.

For model selection, we used the best-performing model on the validation set
when ground truth was available. Otherwise, the model from the final epoch was

selected.
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4.3 Main Results

We evaluate model performance using two widely adopted metrics: Mean Per
Joint Position Error (MPJPE) and Procrustes Aligned Mean Per Joint Position
Error (PA-MPJPE). MPJPE (4.1) measures the mean Euclidean distance between
corresponding joints of the predicted and ground truth poses, while PA-MPJPE (4.2)
improves upon MPJPE by first applying Procrustes alignment, which eliminates

differences due to translation, rotation, and scale.

1L =
MPJPE = jZHPi — P2 (4.1)
i=1
1L -
PA-MPJPE = 5 > IP —Pyls (4.2)
=1

where P;, ISf “ and P, represent the predicted, Procrustes-aligned and ground
truth positions of joint ¢, respectively, and J 1s the total number of joints.

We first evaluate the performance of our model trained on the UnrealEgo
dataset [1]. As shown in Table 4.1, our approach outperforms existing methods
and demonstrates competitive results, trailing only slightly behind EgoPoseFormer

[4] on PA-MPJPE.

Table 4.1: Comparison of model performance on the UnrealEgo dataset.

Method MPJPE (mm) | PA-MPJPE (mm) |
SimpleEgo [69] 80.0 67.6
UnrealEgo [1] 79.0 59.2

Ego3DPose [15] 60.8 48.4
UnrealEgo2 [7] 50.0 40.5
EgoTAP [58] 414 354
Ours (EgoFocus) 37.7 34.7
EgoPoseFormer [4] 34.5 334
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To validate the effectiveness of each component in our architecture, we further
analyze the impact of individual submodules. We use the Pose Proposal Network
from EgoPoseFormer [4] as a hardware-friendly baseline architecture, illustrated in
Figure 4.3. This baseline comprises a feature extractor, followed by global average
pooling and multi-layer perceptrons for human pose prediction. To highlight the
improvements introduced by our optimized Attention-Guided Feature Extractor and
Stereo Joint Mixer, we present comparative results in Table 4.2. We observe that
incorporating the Attention-Guided Feature Extractor and using location features
for attention leads to significant performance improvements. Additionally, the
Stereo Joint Mixer also reduces errors by effectively capturing both channel-wise
and spatial-wise features. When combining both components, our model achieves
a 43.3% reduction in MPJPE and a 37.4% reduction in PA-MPJPE comparing to

the baseline model, demonstrating the effectiveness of these enhancements.

Baseline Feature Extractor

b || [] E——— Feature ‘ ’; _
T = FPN ) Pose GAP
J 4
L
Backbone @ GAP «H— —

weight-shared

\ ) Pose
Baseline Feature Extractor as

. @ channel-wise multi-layer
: concatenation perceptrons

Figure 4.3: The architecture of our baseline model.

Next, we assess the effectiveness of our Unsupervised Domain Adaptation
(UDA) framework. Since no prior work has explored UDA for stereo egocentric
3D human pose estimation, we compare our method against models directly trained
on UnrealEgo. Please refer to Table 4.3. Due to the absence of ground truth labels
in the UnrealEgo-RW test set, evaluations are conducted on the validation set.

The results indicate that the Unsupervised Domain Adaptation (UDA) frame-
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Table 4.2: Comparative results of submodules in the architecture. Note that the
experiments of model containing AFE were conducted with o = [1,2,3,4, 5, 6],
which is not our best model. For the model using Baseline Feature Extractor (FE),

only pose MPJPE loss and bone vector loss were used.

Method MPJPE (mm) | PA-MPJPE (mm) |
Baseline (FE+GAP) 67.418 56.153
Location Attention Feature (AFE+GAP) 49.100 42.074
Enhanced Pose Estimator (FE+SJM) 43.842 39.121
All (AFE+SJM) 38.222 35.157

work provides noticeable performance improvements when applied to the stereo
egocentric 3D human pose estimation task. However, the improvements are rel-
atively modest, suggesting that while UDA helps to bridge the domain gap, it
does not fully address the challenges posed by domain shifts. Direct training on
UnrealEgo-RW can be considered the lower bound of error, as it utilizes ground
truth annotations. However, collecting 3D pose annotations is highly resource-
intensive, making heavy reliance on ground truth impractical for real-world appli-

cations.

Table 4.3: Effectiveness of Unsupervised Domain Adaptation. Note that eval-
uations were conducted on UnrealEgo-RW’s validation set due to the absence of

ground truth labels on test set.

Training Method MPJPE (mm) | PA-MPJPE (mm) |

Train on UnrealEgo 201.426 129.452
Train with UDA 158.693 100.359
Train on UnrealEgo-RW 68.994 52.375

For further insights into the visual quality of predictions and the specific areas

where the UDA framework excels or falls short, we will discuss qualitative results
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in detail in Section 4.4, including the visualization result of UDA on RealEgo.
This will provide a clearer understanding of the framework’s impact on feature
alignment and pose estimation accuracy. Finally, for a detailed analysis of the

overall system performance, please refer to Section 5.3.

4.4 Qualitative Results

We visualize the predicted poses and attention features to demonstrate that our
model effectively learns key regions. To visualize the attention features, we first
compute the absolute values of location features across the same type, sum them
along the channel dimension, and then normalize and overlay them onto the original
input image. This process highlights areas of focus during the model’s prediction
process.

First, we compare the results from the baseline model to our improved archi-
tectures. Figure 4.4 illustrates that the baseline model does not focus on specific
regions, causing it to learn features unrelated to human poses and resulting in
larger errors in pose estimation. In contrast, the improved model clearly focuses
on human joints and relevant areas, achieving better alignment with human pose
structures.

Second, Figure 4.5 and Figure 4.6 demonstrates results on the UnrealEgo-RW
and RealEgo datasets, respectively, highlighting the domain gap caused by training
solely on synthetic data. Applying domain adversarial loss and human prior loss
effectively reduces this gap, constraining predictions to reasonable human poses.

We also generate the t-SNE visualization by randomly sampling 4000 data
points from each dataset. We then extract stereo image features and apply global
average pooling to reduce the dimension before performing t-SNE. The t-SNE
visualizations in Figure 4.7 and Figure 4.8 show that the feature extractor, after
UDA, successfully mixes source and target image feature representations.

We also present one of the failure cases in Figure 4.9, revealing instances where
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Figure 4.4: Visualization of model predictions on UnrealEgo from baseline to

improved architecture.
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Figure 4.5: Visualization of model predictions on the UnrealEgo-RW validation

dataset.

UDA fails to handle certain inputs, providing directions for future improvements.

Finally, it is worth mentioning that we generate human masks using the Segment
Anything Model [66], which may occasionally exhibit minor artifacts, as shown
in Figure 3.3b. However, as illustrated in Figure 4.10, the model demonstrates
robustness against such imperfections, effectively tolerating noise to produce

reliable human masks.

4.5 Ablation Study

We conduct ablation studies to investigate how different design choices impact

model performance and capabilities.
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Figure 4.6: Visualization of model predictions on the RealEgo test dataset.
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(a) Before UDA. (b) After UDA.

Figure 4.7: Visualization of t-SNE on the UnrealEgo and UnrealEgo-RW test

datasets.
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t-SNE Vit

(a) Before UDA. (b) After UDA.

Figure 4.8: Visualization of t-SNE on the UnrealEgo and RealEgo test datasets.

Video Visualization Results

Figure 4.9: Visualization of one of the UDA failure cases.

4.5.1 Location Feature Types

We propose using both 2D heatmaps and human masks to enhance model perfor-

mance. As shown in Table 4.4, using either feature alone provides some improve-
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Generated Mask

Figure 4.10: Comparison of generated human masks and predicted mask

attention maps.

ment to the model. Specifically, the use of heatmaps results in greater performance
gains, as they leverage precise 2D joint coordinates that provide more useful
information. Combining both features across different channels leads to further im-
provements, showcasing the complementary benefits of these two types of location

features.

4.5.2 Local Attention Loss

We compare our proposed local attention loss with the commonly used MSE loss in
previous work like xXR-EgoPose [2] and UnrealEgo [1]. Table 4.5 highlights the su-
perior performance of local attention loss. Additionally, Figure 4.11 demonstrates
that local attention loss results in clearer joint regions, indicating stronger con-
straints in heatmaps with small high-value regions, such as human joint heatmaps,

compared to MSE loss.
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Table 4.4: Ablation - Location feature types. Note that experiments with multi-

scale heatmaps were conducted with o = [1,2,3,4, 5, 6].

+Mask +Mshm MPJPE (mm)| PA-MPJPE (mm) |

43.842 39.121

v 40.956 37.251
v 38.610 35.444

v v 38.222 35.157

Table 4.5: Ablation - Local attention loss. Note that all these experiments were

conducted with o = [1,2,3,4, 5, 6].

Loss Type MPJPE (mm) | PA-MPJPE (mm) |
MSE Loss 40.101 36.565
Local Attention Loss 38.222 35.157

GT Heatmap MSE Loss Local Attention Loss

Figure 4.11: The visualization of predicted heatmap attention maps with

different loss types.

4.5.3 Multi-Scale 2D Heamaps

We validate the benefits of using multi-scale heatmaps for attention. Table 4.6
reveals that smaller heatmaps enhance accuracy, while incorporating multiple scales
achieves the best results. Furthermore, in Section 5.3, we will mention that multi-
scale heatmaps training maintain accuracy in post-quantization, demonstrating

better stability compared to single-scale heatmaps.
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Table 4.6: Ablation study - Multi-scale 2D heatmaps.

Scales (o) MPJPE (mm) | PA-MPJPE (mm) |

o = [6,6,6,6,6,6] 38.477 35.383
o=11,2,3,4,5,6] 38.222 35.157
o=1[1,1,1,1,1,1] 37.885 34.949
o=11,1,2,2,3,3] 37.659 34.697

4.5.4 Separation of Image Feature and Location Feature

We also evaluated the performance of our proposed local attention loss of multi-
scale 2D heatmaps and human mask on both the Baseline Feature Extractor and
the Attention-Guided Feature Extractor. As shown in Table 4.7, separating image
features from location features and performing element-wise multiplication yields
better results than directly using location features. This improvement highlights the
complementary information between the two types of features and demonstrates

their combined effectiveness in reducing errors.

Table 4.7: Ablation - Separation of image feature and location feature. Note

that all these experiments were conducted with o = [1, 2, 3,4, 5, 6].

Feature Extractor Type MPJPE (mm) | PA-MPJPE (mm) |
Baseline FE (w/ local attention loss) 39.340 35.765
Attention-Guided FE 38.222 35.157

4.5.5 UDA Loss Types

Next, we compared the effects of two types of losses in Unsupervised Domain
Adaptation (UDA): domain loss and human prior loss. As shown in Table 4.8, both
types of losses contribute positively to improving performance on unseen target

domains, demonstrating their effectiveness in reducing the domain gap.
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Table 4.8: Ablation - UDA loss types.

+Domain Loss +Prior Loss MPJPE (mm) | PA-MPJPE (mm) |

201.426 129.452

v 173.714 107.439
v 169.459 108.487

v v 158.693 100.359

4.5.6 Computational Efficiency

Finally, we compare our model’s size and computational cost with EgoPoseFormer
[4], the most lightweight existing method. We found that the convolution block in
the Stereo Joint Mixer (SJM) accounts for the majority of computational overhead.
To verify that our model can achieve comparable performance with lower compu-
tational costs than EgoPoseFormer, we reduce the number of layers and channels
in this convolution block. The results, presented in Table 4.9, demonstrate that our

model can achieves a favorable balance between efficiency and accuracy.

Table 4.9: Ablation - Computational efficiency.

Method PA-MPJPE (mm) | Params (M) GFLOPs
Ours (EgoFocus) 34.7 14.4 9.6
Ours (w/ lightweight STM) 35.5 13.5 5.9
EgoPoseFormer [4] 334 14.1 7.3
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Chapter 5

System

In this chapter, we present the implementation and evaluation of our neural network
deployment on the Xilinx ZCU104 FPGA platform. It covers the system architec-
ture, implementation process, and performance evaluation. Section 5.1 provides
an overview of the system, including the hardware platform, development tools,
and operational modes. Section 5.2 details the implementation process, starting
with the tools and frameworks, followed by the deployment workflow from model
quantization to hardware deployment, and concluding with explanations of the
Python demo code for dataset inference mode and camera streaming mode, in-
cluding multi-threading optimizations. Section 5.3 evaluates system performance,
including discussions on accuracy after quantization, overall system speed, and

rendering results.

5.1 System Overview

We implemented our system on the Xilinx Zynq UltraScale+ MPSoC ZCU104
FPGA [70], which operates on the PYNQ [71, 72, 73] framework. The develop-
ment process utilized Vitis-Al [74, 12] for model quantization and compilation
onto the Xilinx Deep Learning Processor Unit (DPU) [13]. This approach offers
the advantage of quickly deploying customized neural network architectures onto

45
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hardware, reducing unnecessary development time.

Our system supports two operational modes. The first is the dataset inference
mode, as shown in Figure 5.1a, using the test dataset described in Section 4.1
as input. The second is the camera streaming mode, illustrated in Figure 5.1b,
utilizing input frames captured by two fisheye cameras connected to the board.

In terms of application, the FPGA simulates resource-limited environments,
such as HMD or AR glasses. To better understand its computational capabilities,
we compared the performance of a single DPU with NVIDIA Jetson embedded
edge Al platforms and Apple’s on-chip NPU, as shown in Figure 5.2. The data
indicates that high-end mobile chip NPUs significantly outperform the ZCU104
DPU in TOPS. Furthermore, since the Jetson Nano and TX2 GPUs only support
floating-point computation, we estimate that the computational capability of a
single ZCU104 DPU falls between these two devices. Building on this computa-
tional analysis, the FPGA is employed in a resource-limited environment where
real-time human pose data is generated and transmitted to a PC or mobile device
for further downstream processing. Given that the human pose data is lightweight,
this approach minimizes bandwidth usage and facilitates efficient communication

in edge computing scenarios.

5.2 Implementation Details

5.2.1 Tools and Frameworks

There are multiple approaches to deploying neural networks on FPGA platforms.
One traditional method involves using Register Transfer Level (RTL) to design
custom CNN accelerators and integrating them with other IPs through Vivado
to generate a bitstream, which is then programmed onto the FPGA. However,
this method requires extensive hardware design, making it both time- and labor-
intensive.

In recent years, High-Level Synthesis (HLS) has gained popularity. HLS tools,
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(a) Dataset inference mode.
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(b) Camera streaming mode.

Figure 5.1: Two operational modes of our system.

NVIDIA Jetson Nano

DPUCZDX8G B4096x1
NVIDIA Jetson TX2

i [JraTops

[7]1.33 TFLOPS (FP16)

[lo.472 TFLOPS (FP16) --

NVIDIA Jetson Xavier NX . 21TOPS

NVIDIA Jetson AGX Xavier & | s2T0PS

Apple A17 Pro NPU  — T

Apple M4 NPU [ I38TOPS soeeeereeirreirnnnes
NVIDIA Jetson Orin Nano 8GB  § [ Je7Tops

NVIDIA Jetson Orin NX 16GB
NVIDIA Jetson AGX Orin 64GB

Figure 5.2: Comparison of peak compute performance across edge devices

[8, 9,10, 11].

such as Vitis HLS, enable developers to write designs in C/C++ and convert them

into Vivado IPs. This approach significantly reduces development time while
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providing flexibility in resource allocation and scheduling for processing elements.
HLS delivers performance comparable to RTL design but still requires a predefined
model architecture and operator types before implementation. Therefore, it may

not be ideal for simultaneous algorithm and hardware co-design.

An alternative framework is FINN [75, 76], which focuses on few-bit quantized
neural networks. FINN supports CNNss, fully connected layers, and pooling layers,
generating dataflow-style hardware architectures that vary from model to model.
Its strengths include rapid development for specific models and a user-friendly
interface based on Brevitas [77], a PyTorch library for Quantization-Aware Training
(QAT) and Post-Training Quantization (PQT). However, FINN has limitations,
such as supporting fewer operator types than Vitis-Al, lower bit-width quantization
targeting ultra-lightweight models, and limited example use cases. Consequently,

we did not select FINN for this project.

Instead, we adopted the Vitis-Al framework, as shown in Figure 5.3, which
differs significantly from FINN. Rather than designing custom hardware architec-
tures for each model, Vitis-Al employs a pre-built DPU that accelerates a wide
range of operations. This highly integrated flow streamlines the process, enabling
rapid deployment and seamless switching between different model architectures on
the FPGA without regenerating bitstreams or reconfiguring the hardware platform,
which benefits simultaneous software algorithm development and hardware inte-
gration. Given these advantages, we identified Vitis-Al flow as the most efficient

and practical approach for our implementation.

The Xilinx Deep Learning Processor Unit (DPU) is a programmable engine
specifically designed to accelerate convolutional neural networks on FPGA plat-
forms. It features a dedicated instruction set optimized for deep learning workloads,
enabling efficient execution of various CNN architectures such as VGG, ResNet,
GoogleNet, YOLO, SSD, MobileNet, and FPN. To deploy models on the DPU,
executable xmodel files are generated using the Vitis-Al Compiler, which translates

neural network computations into optimized instructions for the DPU. The DPU
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Figure 5.3: Vitis-Al framework [12].

then executes these compiled instructions, efficiently handling key operations such

as convolution, activation, and pooling. For our implementation, we used a single

DPUCZDXS8G with the B4096 configuration, as illustrated in Figure 5.4. The

detailed hardware resource utilization for this setup is provided in Table 5.1.

The board operates on PYNQ 3.0.1, an open-source AMD project that integrates

Python APIs and Jupyter notebooks, simplifying the use of hardware IPs for system-

level applications. Running on a Linux environment, we installed the DPU-PYNQ

package [78] to facilitate loading the DPU overlay. Note that the default DPU

overlay includes two DPUCZDXS8G cores, but we used only one to simulate a

computationally constrained environment.
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(b) DPUCZDXS8G hardware architecture.

Figure 5.4: Xilinx DPUCZDXS8G overview [13].
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Table 5.1: Resource Utilization of single DPUCZDXS8G on ZCU104.

Resource Used Total Utilization (%)
LUT 50194 228081 21.95%

REG 98142 457397 21.41%
BRAM 82 312 26.28%
URAM 46 96 47.92%

DSP 710 1728 41.09%

5.2.2 Deployment Workflow

The process before deployment is divided into two main stages: model quanti-
zation and compilation. Both stages were executed in the Vitis-Al 2.5 Docker
environment.

The first stage, quantization, as shown in Figure 5.5, requires the model defi-
nition code, pre-trained floating-point weights, and a small subset of calibration
data consisting of input images, for which we used a subset of the UnrealEgo test
dataset, without the need for labels. The model definition only needs to include
the forward function, and it is essential to verify that the model’s operators are
supported by the DPU [79]. Unsupported operations default to CPU execution.
Vitis-Al provides an inspector tool to check whether the model is deployable. By
default, we quantized both the weights and inputs to 8-bit integers to match the
computational units of the DPU. The impact of quantization on model accuracy is

analyzed in Section 5.3.

[ ) o

® (]
® ® Quantize ® ®

P t

® arameter P
@ (] @ (]

® Quantize ®
pé Activation pé
Neural Network Quantization Neural Network

(FP32) (Fewer bits per parameters) (INT8)

Al Quantizer

Figure 5.5: Vitis-Al quantizer [12].
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The second stage, compilation, as illustrated in Figure 5.6, uses the quantized
xmodel file along with the corresponding DPU architecture configuration file,
arch.json, which bridges the model to the specific DPU hardware. For this project,
we used the default DPUCZDX8G/ZCU104/arch.json file, provided in the Vitis-Al
Docker environment. The Vitis-Al Compiler offers the vai_c_xir API, enabling

straightforward model compilation. After compilation, a deployable xmodel file is

generated.
°
o 100101010010
® ° 110010101011
e 001001010100
P PY 101100101010
o 110010010101
p 001011001010
Al Quantizer DPU Instructions

Al Compiler

Figure 5.6: Vitis-Al compiler [12].

After loading the DPU overlay onto the board using the DPU-PYNQ Python
API, the compiled xmodel can be executed directly through Vitis AI Runtime

Python API for inference.

5.2.3 Demo Code Implementation

We implemented two demonstration modes: dataset inference mode and camera
streaming mode. Both modes leverage threading and queues to optimize throughput
and achieve real-time performance.

The dataset inference mode, illustrated in Figure 5.7a, employs a data thread
on the PC to load preprocessed dataset inputs, which are pre-scaled and converted
to int8 format to minimize bandwidth usage. The send thread then transmits these
input images over Ethernet via sockets to the FPGA. Concurrently, receive and
render thread process human pose results sent from the FPGA and render them

alongside denormalized images on the PC screen. On the FPGA side, a receive
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thread collects input data, a runner thread performs inference, and a send thread

transmits the human pose results back to the PC.

The camera streaming mode, illustrated in Figure 5.7b, differs by streaming
frames directly from two fisheye cameras connected to the FPGA. The PC is
responsible only for receiving human pose data and frames for rendering. On
the FPGA, two camera threads use cv2.VideoCapture to fetch frames from UVC
fisheye cameras. Frames (320x240) are cropped to 256x240 and centered within a
256x256 black background to preserve the field of view without requiring time-
intensive resizing on board. Next, we use the downscaled UnrealEgo’s circular
mask to apply masking to the frames. The preprocess thread normalizes, scales, and
converts data types before feeding it to the runner thread for inference. Two send
threads then transmit the frames and pose data back to the PC. Due to the ZCU104
board’s single USB port, a USB hub was used to connect both cameras. However,
Linux systems often experience bandwidth allocation issues with multiple UVC
cameras, preventing simultaneous access [80]. To address this, we modified and

recompiled the Linux uvcvideo driver kernel to resolve the bandwidth limitation.

To evaluate computational performance, we implemented both CPU and DPU
inference options within the runner thread. For CPU execution, we used PyTorch to
run a floating-point model. For DPU execution, we used the int8 model compiled
in Section 5.2.2. Different model architectures may generate varying numbers
of DPU subgraphs. The baseline architecture contains a single DPU subgraph,
while the improved architecture, or EgoFocus, includes six DPU subgraphs. The
segmentation of subgraphs in the improved model was necessary due to transpose
and reshape operations within the SJM module that had to be executed on the
CPU. However, since the computational bottleneck lies within the backbone, this

segmentation had minimal impact on overall inference speed.

For rendering, we avoided the use of Matplotlib due to its inability to meet
real-time requirements, which could slow the system. Instead, we implemented 3D

pose rendering using OpenCV from scratch for higher performance. To improve
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temporal smoothness in our image-based approach, we applied a 1D Gaussian filter
directly to the pose data sequence over time, mitigating jittering effects. We set
the smoothing window size to 5 frames with a Gaussian sigma of 3.0, achieving

visually smoother and more stable pose transitions.
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(a) Dataset inference mode with multi-threading.
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(b) Camera streaming mode with multi-threading.

Figure 5.7: Two operational modes of our system with multi-threading details.

5.3 Performance Evaluation

We first analyze the accuracy degradation after quantization using the UnrealEgo
test set. As shown in Table 5.2, due to precision changes from floating-point to int8,
we observe a degradation of approximately 10-15% in accuracy on EgoFocus. For
the UDA configurations, the degradation ranges from 15% to 41%, with MPJPE of
EgoFocus + UDAygrw experiencing the highest drop. Although the quantized UDA
models show greater accuracy degradation on the UnrealEgo synthetic dataset, this

does not negatively impact their superior performance on real-world data, where
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they continue to exhibit improved generalization and robustness over the original
EgoFocus model.

Notably, in Table 5.3, we also examine the impact of quantization on the four
different experimental setups described in Section 4.5.3. The results indicate that
the accuracy drop in the multi-scale heatmaps configuration is significantly lower
than in the single-scale configuration, highlighting the importance of multi-scale

heatmaps training in preserving accuracy after quantization.

Table 5.2: Comparison of accuracy before and after quantization.

Experiment Stage MPJPE (mm) | PA-MPJPE (mm) |
Float 37.659 34.697
EgoFocus

Quantized 43.092 38.176

Float 38.867 35.391

EgoFocus + UDA ygrw

Quantized 54.753 40.942

Float 39.233 36.010

EgoFocus + UDAgg

Quantized 48.711 42.397

Table 5.3: Comparison of MPJPE on multi-scale heatmaps training before and

after quantization.

Scales (o) MPJPE (mm) | Quantized MPJPE (mm) |
o =[6,6,6,6,6,0] 38.477 48.606 (+26.4%)
o=11,2,3,4,5,6] 38.222 43.366 (+13.5%)
o=1[1,1,1,1,1,1] 37.885 46.204 (+21.9%)
o=11,1,2,2,3,3] 37.659 43.092 (+14.4%)

Next, we evaluate the system’s speed, as shown in Table 5.4. The results
indicate that in dataset inference mode, the Xilinx DPU achieves a 2.4x speedup
compared to an Intel Core 19-9820X CPU and a 126x speedup over the ARM

Cortex-A53 CPU on the ZCU104 board, demonstrating real-time performance.
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Due to camera input processing and additional pre-processing overhead, the camera
streaming mode runs slightly slower but still maintains real-time capability, making

it feasible for practical application.

Table 5.4: System speed.

System Mode Runner FPS 1

Intel Core 19-9820X CPU 12.61
Dataset Inference ARM Cortex-A53 CPU 0.19

Xilinx DPU 30.63
ARM Cortex-A53 CPU 0.17

Camera Streaming
Xilinx DPU 24.12

Finally, we provide our system device setup images and rendering results, as

illustrated in Figure 5.8 and Figure 5.9.

(a) Dataset inference mode device setup. (b) Camera streaming mode device setup.

Figure 5.8: System device setup.

doi:10.6342/NTU202504485



5.3. Performance Evaluation 57

Display result

Model: 29.16 fps
System: 30.38 fps

(a) Dataset inference mode rendering result on UnrealEgo-RW (EgoFo-

cus + UDAUERW)-

Display result

Model: 28.84 fps
System: 27.57 fps

(b) Camera streaming mode rendering result in real-world environment

(EgoFocus + UDARE).

Figure 5.9: System rendering result.
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Chapter 6

Conclusion

In this thesis, we have developed a camera-streaming egocentric 3D human pose
estimation system implemented on the Xilinx Zynq UltraScale+ MPSoC ZCU104
FPGA board. Through model architecture design, learning strategies, and deploy-
ment considerations, we have successfully optimized the system to enhance its
performance and efficiency. Specifically, the Attention-Guided Feature Extrac-
tor refines the model’s ability to focus on human joints and regions by utilizing
multi-scale heatmaps and mask-guided attention. Additionally, the Stereo Joint
Mixer efficiently processes channel-wise and spatial-wise stereo features using a
simple yet effective architecture. By integrating these two components, our model
achieves a significant improvement, reducing MPJPE by 43.3% and PA-MPJPE by
37.4% compared to the baseline. Furthermore, to mitigate the domain gap between
synthetic and real-world data, we introduce a domain-adaptive training framework.

Finally, our system operates at a real-time speed of 24-30 FPS.

Despite these advancements, the system has several limitations. Due to hard-
ware resource constraints, we adopt an image-based approach rather than a temporal
one, which could have provided better handling of out-of-view and self-occlusion
issues. Additionally, while our unsupervised domain adaptation strategy helps
address the domain gap, the lack of ground truth labels limits its effectiveness,
particularly in lower-body joint predictions. Future research could explore the

59

doi:10.6342/NTU202504485



60 6. Conclusion

use of external cameras to generate egocentric pseudo labels based on existing
mature 3D human pose estimation techniques. Developing a more robust approach
to enhance generalization and accuracy remains an essential direction for future

work.
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