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Abstract
Motion capture (MoCap), which digitizes human movement, is becoming
increasingly important as a fundamental technology inmany fields such as
sports science, rehabilitation, and robotics. However, conventionalMoCap
systems require multiple cameras and involve substantial constraints re-
lated to installation environments and equipment costs, making it di!cult
to deploy themwidely in daily living spaces. This study aims to enable ac-
curate and reliable human motion capture in everyday environments and
systematically presents four approaches that utilize diverse sensor modal-
ities.

The first approach addresses the limited field of view and occlusion
issues of fixed-camera systems by employing a wrist-mounted omnidirec-
tional camera. Amachine learning model that leverages human silhouette
images enables robust full-body 3D pose estimation even in daily envi-
ronments. The second approach enhances robustness under challenging
lighting conditions by using an event camera that asynchronously cap-
tures brightness changes. This method achieves accurate estimation of
body pose and shape in situations where conventional RGB cameras fail,
such as low-light environments or rapid movements, and demonstrates
the e"ectiveness of event-based data. The third approach focuses on con-
venient gait capture in daily life and proposes a framework for estimating
full-body walking posture using only a small number of inertial measure-
ment units (IMUs) embedded in shoes. A minimal sensor configuration
combined with a mechanism that suppresses error accumulation during
long-duration measurements enhances practicality for everyday gait anal-
ysis and long-term monitoring. The fourth approach integrates wearable
sensor measurements with physics-based simulation to achieve physically
consistentMoCap. Using kinematic and dynamic information from smart-
watches and smart insoles, a torque-driven humanmodel in a physics sim-
ulator reconstructs physically plausible movement.
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These approaches independently address issues such as field-of-view
constraints, lighting variability, sensor intrusiveness, and physical consis-
tency, while their sensor configurations and estimation principles comple-
ment one another. Combining them according to situational needs may
achieve a higher level of accuracy and convenience required for MoCap
in daily environments. This potential supports monitoring and functional
assessment in industrial, medical, and caregiving settings and contributes
to the development of advanced frameworks such as human digital twins
and next-generation robotics.
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Chapter 1

Introduction

1.1 Motivation

1.1.1 Human Motion Capture

Motion capture (MoCap), a technology that digitizes human movements,
plays a fundamental role in a wide range of fields, including sports anal-
ysis, medical rehabilitation, robotics, VR/AR, and industrial support. If
MoCap could be easily deployed in everyday environments, it would en-
able new applications that are di!cult to realize in controlled laboratory
settings, such as long-termmonitoring of gait and posture at home, remote
assessment of rehabilitation progress, context-aware support in work en-
vironments, and the construction of personalized digital twins. For these
reasons, achieving practical MoCap in daily living spaces carries signifi-
cant academic and societal value.

Marker-based optical MoCap (e.g., OptiTrack [99], Vicon [82]), which
tracks reflective markers attached to the body using infrared cameras, and
markerlessmulti-viewMoCap (e.g., TheCaptury [23], Theia3D [50]), which
estimates human pose using multi-view RGB cameras, have been widely

1
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used. Although these systems can provide high-precision measurements,
they require strict conditions such as multiple calibrated cameras, dedi-
cated capture spaces, and appropriate lighting, making them di!cult to
deploy in everyday environments. A di"erent line of approaches employs
wearable MoCap systems using Inertial Measurement Units (IMUs), with
representative commercial systems including Xsens [49], Rokoko [4], and
Noitom [81]. These systems require attaching many IMUs to various body
parts, resulting in substantial physical burden and setup complexity, which
remain major obstacles to everyday use. Consequently, there is an increas-
ing demand for MoCap methods that are easier to use and less sensitive
to environmental conditions, and recent research has increasingly focused
on deep learning based pose estimation techniques.

The main reason deep learning has attracted significant attention is its
ability to infer human pose even when observations are incomplete. Tra-
ditional optical or inertial MoCap methods are prone to failure when ob-
servations become unreliable, for example when the subject moves out of
view, markers become occluded, or inertial sensors drift. In contrast, deep
learning models leverage statistical structures learned from large datasets,
such as human body geometry and typical motion patterns, allowing them
to compensate for missing observations and still estimate the full-body
state. This property is particularly beneficial when aiming for practical
MoCap systems that must operate under device limitations and varying
real-world conditions, rather than in controlled studio settings.

1.1.2 Learning-based Human Pose Estimation

With the rapid advancement of deep learning, a wide range of learning-
based approaches have been developed to estimate human pose and mo-
tion from sensor data. These methods take measurements from various
sensors as input and use machine learning models to estimate a human
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body model that reproduces the state of a real person. Human body mod-
els can be broadly categorized into kinematicmodels, which represent joint
positions, joint angles, and full-body 3D meshes, and dynamic models,
which incorporate physical quantities such as body mass, inertial prop-
erties, joint torques, and external forces including ground reaction forces.
Most existing methods focus primarily on estimating kinematic models
since kinematic models rely only on observable quantities, whereas dy-
namic models require ground-truth forces and torques that are expensive
and di!cult to acquire.

A diverse range of sensor modalities has been explored, including vi-
sion sensors (e.g., RGB, depth, infrared, event), wireless signal sensors
(e.g., WiFi, millimeter-wave radar, RFID), sound-based sensors (e.g., ultra-
sonic and other acoustic signals), and wearable sensors (e.g., inertial mea-
surement units, electromagnetic sensors, head-mounted displays). Ma-
chine learning models such as convolutional neural networks (CNNs), re-
current neural networks (RNNs), and transformer-based architectures have
been widely used, and capturing temporal dependencies remains a critical
component of reliable pose estimation.

Learning-based MoCap approaches require pairs of motion data and
synchronized sensor measurements. Large-scale datasets that encompass
diverse sensor modalities, human motions, and environmental conditions
play an essential role in advancing the field, as they enable systematic de-
velopment, comparison, and evaluation of di"erent models. However, ac-
quiring high-precision reference motion using marker-based MoCap and
collecting synchronized multi-sensor measurements is costly, and it is not
easy to comprehensively capture a wide range of environments and mo-
tion types. As a result, the high cost of data acquisition remains a major
challenge in learning-based MoCap, and the development of data synthe-
sis methods as well as the construction of large-scale synthetic datasets has
become one of the important research topics for addressing this limitation.
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1.1.3 Challenges of Learning-based Pose Estimation

Conventional learning-based pose estimationmethods face several impor-
tant challenges. First, widely used camera-based approaches are highly
sensitive to environmental factors such as limited camera viewpoints, oc-
clusions, and variations in illumination. As a result, it is di!cult to achieve
stable estimation in uncontrolled environments such as homes, medical
and nursing-care facilities, and industrial sites, where object layouts are
complex and lighting conditions can vary significantly.

Second, methods that rely on wearable devices su"er from issues re-
lated to the complexity of sensor attachment, physical burden on the user,
and discomfort during long-term use. Although increasing the number of
sensors can improve estimation stability, doing so reduces the convenience
and portability of the system, making it di!cult for general users to op-
erate. Therefore, methods capable of achieving high-accuracy estimation
with a minimal number of sensors are required.

Third, the kinematics-based pose estimationwidely adopted in existing
methods can produce physically unrealistic postures and violations of con-
tact constraints, including foot sliding, penetration, andfloating. This issue
becomes particularly evident in highly dynamic movements or in scenar-
ios involving interactions with the environment or objects, undermining
the reliability of the estimated motion.

Overcoming these combined challenges, including vulnerability to en-
vironmental conditions, complexity of sensor attachment, and the lack of
physical consistency, is essential for establishing MoCap techniques that
can operate robustly in everyday environments. This study aims to address
these issues frommultiple perspectives by developing and evaluating sev-
eral approaches that leverage diverse sensor modalities and physics-based
modeling.
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1.2 Research Goal

To achieve practical and reliable learning-based human motion capture in
everyday environments, it is essential to systematically overcome several
fundamental limitations inherent in conventional approaches. To guide
this work, we formulate the following three core research questions (RQs):

• RQ1: How can we mitigate the vulnerability of widely used vision-
basedmethods to environmental factors, including limited viewpoints,
occlusions, and illumination changes?

• RQ2: How can we achieve accurate pose estimation with a minimal
number of wearable sensors, without imposing excessive constraints
on sensor attachment and while maintaining practical usability for
everyday users?

• RQ3: How should data-driven models and physics-based modeling
be integrated to ensure that the reconstructedmotions satisfy contact
constraints and dynamic consistency, yielding physically plausible
human motion?

This thesis exploresmultiple approaches based ondi"erent sensingmodal-
ities and estimation frameworks to address these three questions fromcom-
plementary perspectives. Specifically, we investigate vision-based approaches
using wearable cameras to alleviate issues related to limited viewpoints
and occlusions through egocentric vision, as well as event cameras to en-
hance robustness to illumination changes. To improve practicality and
reduce the burden of sensor attachment, we examine gait estimation us-
ing a shoe-embedded IMU. Furthermore, we propose an approach that
combines smartwatch and insole sensors, which are non-vision modali-
ties, with physics simulation to estimate full-body motions with physical
consistency even under sparse sensing.
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テーマ① 手首装着型カメラを用いた姿勢推定

[Orphe Core] [OpenGo]

[Apple Watch]

テーマ② イベントカメラを用いた姿勢推定

テーマ③ 靴内蔵型IMUを用いた姿勢推定 テーマ④ ウェアラブルセンサーおよび
物理シミュレーションを活用した姿勢推定

Chapter 3. Wearable Camera-based Pose Estimation Chapter 4. Event-based Pose Estimation

Chapter 5. IMU-based Gait Estimation Chapter 6. Physics-based Pose Estimation

Figure 1.1: The overview of this thesis. Chapters 3 and 4 address the limi-
tations of conventional vision-sensor-based pose estimation by employing
a wearable camera and an event camera. Chapter 5 improves practical us-
ability by using shoe-embedded IMUs, and Chapter 6 achieves physically
plausible pose estimation by integrating physics simulation.

Each approach primarily contributes to one or more of the above re-
search questions, and their detailed relationships and contributions are
summarized in the next section. The overarching goal of this thesis is to
address the challenges associated with environmental vulnerability, con-
straints on sensor attachment, and physical inconsistency, thereby estab-
lishing foundational techniques for reliable learning-based human motion
capture in everyday environments.

1.3 Contributions

The main contributions of this thesis are as follows.

• Chapter 3 introduces awearable camera–basedpose estimationmethod
using a wrist-mounted 360-degree camera, addressing the issues of
limited viewpoints and occlusions inherent in conventional third-
person camera systems. This chapter primarily contributes to RQ1.
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In addition, by relying on a simple setup with a single device, it also
contributes to RQ2.

• Chapter 4presents amethod for reconstructing humanmeshes solely
from event data, without relying on frame-based intensity images,
thereby improving robustness to illumination changes. This provides
an additional solution to the environmental challenges faced byvision-
based methods and further supports RQ1.

• Chapter 5 proposes a gait estimation method that uses only shoe-
embedded IMU sensors, significantly reducing attachment burden
while maintaining practical estimation accuracy. This directly con-
tributes toRQ2, as it achieves accurate pose estimationwithminimal
constraints on sensor attachment.

• Chapter 6 demonstrates amethod for reconstructing physically plau-
sible full-bodymotion by combining smartwatches and smart insoles
with physics simulation. While this chapter primarily contributes to
RQ3 by enhancing physical plausibility, it also contributes to RQ2,
as the method operates with only two types of devices, four units in
total.

1.4 Summary

In this chapter, we outlined the background and challenges involved in
achieving learning-based human motion capture that functions reliably in
everyday environments, andwe presented the three fundamental research
questions (RQs) addressed in this thesis. We also described the overall ap-
proach of this work, which investigates multiple methods that combine di-
verse sensing modalities with physics-based modeling to respond to these
questions.
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The following chapters are organized as follows. Chapter 2 provides a
comprehensive review of related works on vision-based pose estimation,
non-vision sensor–based pose estimation, and physics-basedmotionmod-
eling. Chapter 3 introduces a pose estimation method based on a wear-
able camera. Chapter 4 presents a mesh reconstruction approach using
an event camera. Chapter 5 investigates a gait estimation method using
shoe-embedded IMUs. Chapter 6 introduces a full-bodymotion estimation
method that integrates sparse non-vision sensors with physics simulation.
Finally, Chapter 7 summarizes the overall contributions of this thesis and
discusses future directions.



Chapter 2

Review

In this chapter, we provide an overview of related work on learning-based
human motion capture, which forms the foundation of this thesis. Tech-
nologies for accurately measuring full-body human motion have histori-
cally been developed around commercial systems such as optical motion
capture [82,99] andmulti-viewmarkerless approaches [23,50]. While these
systems o"erwell-established accuracy, they require dedicated studioswith
significant installation andmaintenance costs, involve substantial e"ort for
multi-camera calibration and marker attachment, and are di!cult to oper-
ate in ordinary living environments. These limitations have led to grow-
ing interest in machine learning based approaches that can function more
flexibly in daily settings. In this chapter, we review the overview of rel-
evant techniques from three perspectives: vision sensors, non-vision sen-
sors, and physics-based modeling.

2.1 Vision Sensor-based Pose Estimation

Vision-based three-dimensional humanpose estimation (3DHPE) has been
an active research area for many years in the computer vision community,

9



Chapter 2. Review 10

driven by its broad applicability in fields such as animation, virtual and
augmented reality, healthcare, and sports [20, 77, 113]. In particular, RGB
camera based third-personmethods, including bothmonocular andmulti-
view approaches, have advanced significantly with the development of
deep learning techniques [61,91,92,101,102,126,133]. While thesemethods
have demonstrated strong performance in everyday visual environments,
their reliance on externally positioned cameras inherently limits the usable
motion range and makes them vulnerable to occlusions and field-of-view
constraints.

To address these limitations, egocentric approaches that utilize body-
mounted cameras have been explored. Early work primarily focused on
recognizing activities or estimatingupper-bodyposture fromwearable cam-
eras [7, 28, 110, 160]. Subsequent research expanded toward full-body esti-
mation by attaching multiple wearable cameras or leveraging wide-angle
lenses [15, 16, 108, 124]. More recently, considerable e"orts have been de-
voted to achieving whole-body pose estimation using only a single ego-
centric camera, including inside-out settings where the wearer’s body is
barely visible [53, 54, 100, 161, 162] and configurations using fisheye lenses
to capture a wider field of view [44,48,131,132,140,150]. These egocentric
approaches alleviate the constraints of third-person systems by enabling
wide-range activity capture and robustness to occlusions, while still facing
challenges such as limited visible body area or dependence on specialized
lens configurations.

In recent years, event cameras have emerged as an alternative vision
modality for human pose and mesh estimation. Unlike conventional RGB
cameras that record intensity images at fixed frame rates, event cameras
asynchronously capture per-pixel luminance changes, resulting in extremely
high temporal resolution, low latency, and strong robustness to low-light
conditions. Research on event-based HPE and HMR has explored a va-
riety of event representations, including event frames [10], tensor-based
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aggregations [114], the TORE representation [6, 169], and point-based rep-
resentations [18]. Further advances have incorporated temporal modeling
to improve 2D and 3D joint estimation [33,120], as well as parametric body
modeling for event-based mesh reconstruction [111, 148, 175]. Owing to
their resilience to illumination changes, low computational cost, and po-
tential for privacy-preserving motion capture, event cameras have gained
attention as a promising complement or alternative to RGB-based meth-
ods.

In summary, vision-based pose estimation has evolved along three pri-
mary directions: third-person estimation with externally placed RGB cam-
eras, egocentric estimation with body-mounted cameras, and event-based
estimationusing neuromorphic vision sensors. Despite their progress, these
methods remain influenced by environmental factors such as occlusion,
field-of-view limitations, and lighting conditions. The following chapters
of this thesis explore vision-based approaches that address these challenges
through wearable camera setups and event-based sensing.

2.2 Non-Vision Sensor-based Pose Estimation

Unlike vision-based methods, non-vision sensing approaches are less af-
fected by lighting conditions or occlusions and therefore o"er a promising
alternative for motion estimation in everyday environments. In particular,
IMUs, foot pressure sensors, and RF signals can capture human motion
and human–environment interactions without relying on visual informa-
tion, and a wide range of research has explored their potential.

First, full-body pose estimation using a small number of IMUs has been
extensively studied. Early work showed that accurate motion reconstruc-
tion is feasible even with sparse IMUs through optimization-based ap-
proaches [138] or deep learning [46]. Subsequent studies improved global
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localization accuracy and physical consistency by incorporating additional
cues such as ground–contact reasoning [156], physics constraints [155], ter-
rain estimation [59], non-inertial e"ects [157], and interactions with exter-
nal objects [153]. Other methods integrate auxiliary sensing modalities
such as UWB ranging [5, 75], barometric altitude [165], or egocentric vi-
sion [34,36,70,154,158]. Recent studies have explored lightweight configu-
rations using everyday devices [42,95,149,176], as well as generative mod-
els that synthesizemotions for uninstrumented bodyparts [137]. However,
reducing the number of sensors inherently limits the complexity ofmotions
that can be estimated and makes it di!cult to capture body–environment
interactions, suggesting that IMUs alone have fundamental limitations.

Foot pressure sensors provide valuable information about human mo-
tion dynamics and foot–ground interactions. Studies using fixed pressure
mats have demonstrated improvements in physical plausibility and pose
estimation accuracy [19, 83, 106, 134], but their applicability is restricted to
controlled environments. Portable insole-type sensors have been used to
analyze stability [117], support vision-based pose estimation [164], and re-
duce foot-skating artifacts [96]. Moreover, IMU–pressure fusion approaches
have been proposed to estimate root-relative body poses [145] or recon-
struct full-body posture and global trajectories using dual-modal input
[159]. Nevertheless, foot-only configurations cannot fully capture upper-
body motion, and IMUs operating in local sensor coordinates make global
trajectory estimation di!cult. Existing methods also lack mechanisms for
enforcing physical plausibility. These issues highlight the need for com-
plementary information and stronger modeling frameworks.

In addition, RF-basedpose and shape estimationmethods have emerged
as promising alternatives. WiFi and millimeter-wave signals are resilient
to low-light conditions and can penetrate obstacles, enabling estimation in
scenarioswhere RGB(D) cameras struggle [3,58,73,107,118,151,171]. How-
ever, RF signals have inherently low spatial resolution and are strongly
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a"ected by multipath interference and environmental variability, making
reliable full-body estimation di!cult in real-world settings.

Overall, non-vision sensing modalities o"er powerful ways to alleviate
the environmental limitations of vision-basedmethods, but they also intro-
duce their own constraints stemming from sensor placement and modal-
ity characteristics. Building on these observations, this thesis explores ap-
proaches that utilize sparse IMUs and insole-type pressure sensors, and in-
tegrates physics simulationwhere necessary, to achieve accurate and phys-
ically consistent full-body motion reconstruction with minimal wearable
devices.

2.3 Physics-based Motion Modeling

Learning-based human motion capture methods are typically trained to
reproduce kinematic quantities such as joint angles and pose parameters.
However, because these approaches donot explicitly enforce physical laws,
the estimatedmotions often exhibit physical inconsistencies, including foot
sliding, ground penetration, and unstable body balance. To address these
issues, a wide range of physics-based approaches has been explored to
enhance the physical plausibility of estimated motions. Existing work on
physics-based modeling can be broadly categorized into three groups: (i)
physics-based optimization, which refines estimatedmotions throughpost-
hoc optimization; (ii) physics-based simulation, which reconstructs poses
by controlling a virtual human in a physics engine; and (iii) physics-integrated
learning models, which embed physical models or dynamics-based losses
directly into the neural network.

In the physics-based optimization paradigm, many image-basedmeth-
ods refine initial pose estimates by applying trajectory optimization that
incorporates equations of motion and contact constraints, thereby recon-
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structing temporally consistent and physically plausible full-body motion
[37, 38, 89, 105, 147, 166]. These approaches recover dynamic consistency
and stable contact even when the observations are incomplete. Similarly,
in IMU-based approaches, kinematic poses are first estimated from sensor
measurements and subsequently refined by imposing contact anddynamic
constraints, which helps restore physical plausibility [149,153,155].

The physics-based simulation category builds on reinforcement learning-
based motor control techniques widely used in computer graphics and
robotics [85, 86, 128]. These methods reconstruct motion by controlling a
virtual character inside a physics simulator, integrating kinematic predic-
tions with physical control to achieve temporally coherent and physically
consistent motion [45, 60, 87, 88, 163]. In VR/AR applications, partial ob-
servations obtained from HMDs or tracking devices are combined with
physics simulation to recover full-body motion in real time [71,84].

In contrast, physics-integrated learning models incorporate physical
laws directly into the inference process. These methods embed rigid-body
dynamics, PD control, contact constraints, or dynamics-inspired losseswithin
the neural network, enabling the model to enforce physical consistency
during estimationwithout relying on external simulators or post-processing
[72,122,123,167]. Such approachesmitigate issues inherent to image-based
pose estimation, such as foot sliding, inconsistent contacts, and unstable
center-of-mass behavior by introducing physical knowledge at training.

In summary, physics-based modeling has become a powerful founda-
tion for correcting the physical inconsistencies inherent in learning-based
motion estimation, enabling stable full-body reconstruction even from sparse
or incomplete observations. Building on this perspective, this thesis ex-
plores an approach that integrates kinematic information obtained from
a small number of non-vision sensors with physics simulation to achieve
dynamically consistent full-body motion estimation.



Chapter 3

Wearable Camera-based Pose
Estimation

In this chapter, we propose a framework for 3D human pose estimation us-
ing a single 360→ camera mounted on the user’s wrist. Perceiving a 3D hu-
manposewith such a simple setuphas remarkable potential for various ap-
plications (e.g., daily-living activity monitoring, motion analysis for sports
training). However, no existingmethod has tackled this task due to the dif-
ficulty of estimating a human pose from a single camera image in which
only a part of the human body is captured, and because of a lack of training
data. We propose amethod for translatingwrist-mounted 360→ camera im-
ages into 3D human poses. Since we are the first to try this task, we cannot
use existing datasets. To address this issue, we use synthetic data to build
our own dataset. This solution, however, creates a di"erent problem, that
of a domain gap between synthetic data for training and real image data for
inference. To resolve this problem, we propose silhouette-based synthetic
data generation created for this task. Extensive experiments comparing
our method with several baseline methods demonstrated the e"ectiveness
of our silhouette-based pose estimation approach.

15
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Figure 3.1: Concept of our 3D human pose estimation method using a
wrist-mounted 360→ camera. (a) Future vision depicting a smartwatchwith
a 360→ camera. The area shown in red represents the camera’s field of view;
(b) Camera view with a 360→ camera (GoPro MAX) mounted on the wrist,
which is the camera configuration of our method; (c) 3D pose of the user
estimated from (b) image by our 3D human pose estimation framework.

3.1 Background

Human Pose Estimation (HPE) has long been studied in the computer vi-
sion community [20, 77]. In particular, 3D pose estimation using a monoc-
ular camera, which is one of the most widely used visual sensors in the
world, has been actively studied [113] because of its usefulness in various
fields such as animation, virtual reality, healthcare, and sports. In the past,
many third-person perspective 3D human pose estimation methods have
been proposed that use an outside-in arrangement of single or multiple
cameras statically placed around the user [92,93,102,109]. However, since
the third-person perspective method can only estimate the motions within
the range of vision of the externally placed camera, it is often not practical
in real-world situations where people move around in a large space.

In contrast, there are first-person perspective (also known as “egocen-
tric”) 3Dhumanpose estimationmethods [15,16,36,44,46,108,131,150,162],
in which cameras or inertial measurement units (IMUs) are attached to
the body. These can obtain 3D pose data in various activities in the real
world due to their mobility and flexibility, enabling new applications such
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as motion recognition and performance analysis in the fields of sports and
healthcare. In egocentric human pose estimation, it is important to min-
imize the number of devices in terms of usability. For this reason, main-
stream methods in recent years have been inside-out methods [53, 54, 100,
161, 162] in which an outward-facing camera is attached to the body, and
inside-in methods [44, 48, 108, 131, 132, 140, 150] in which a camera with a
fisheye lens is attached to the body to capture the camera wearer’s body
with its wide field of view. However, thus far, there is no method with
a more practical camera setting, i.e., a single wrist-mounted camera that
could be introduced in smartwatches in the future (see Fig. 3.1-(a)).

Therefore, we propose a framework for estimating 3D human poses
from images taken with a single wrist-mounted camera. This task is quite
challenging as some human body parts are hidden from the camera’s line
of sight. We make use of a single 360→ camera and a neural network-
based framework that leverages time-series features to estimate a 3D hu-
man pose with only limited visual information (see Fig. 3.1-(b), 3.1-(c), and
Fig. 3.2). The di!culty is how to prepare the training data; there is no ex-
isting dataset for 3D human pose estimation with wrist-mounted cameras.
Existing works with body-mounted cameras that faced this issue tackled
it by using synthetic data [44, 48, 54, 131, 132, 140, 150]. However, training
on synthetic datasets, which lack diversity in subject appearance, lighting,
or background variation, can inherently cause domain gaps and restrict
generalizability [67, 78].

To overcome these issues, we also describe a simplifiedmethod for gen-
erating training data. In contrast to the conventional approach of creat-
ing realistic and diverse large-scale datasets, we propose an approach that
bridges the domain gap by using binary silhouette images for both train-
ing and inference data. We train the network using silhouette equirect-
angular image sequences generated using only existing motion capture
(MoCap) data. During inference, the 3D poses are estimated from silhou-
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ette equirectangular image sequences obtained by our proposed silhouet-
ting process from real images captured by the 360→ camera. The proposed
method for generating synthetic data is quite simple and thus can be eas-
ily applied to any other approach that uses varied camera positions or a
di"erent number of cameras.

We validate our approach for egocentric pose estimation on a large mo-
tion capture dataset and an in-the-wild dataset consisting of various hu-
man motions (walking, crouching, jumping, raising hands, and motion
transitions). Experiments comparing the accuracy of pose estimation with
several di"erent types of data show the e"ectiveness of our silhouette-
based approach. Experiments comparing the accuracy of pose estimation
and the acceleration of the output pose with several di"erent pose esti-
mation models show that our model, which utilizes time-series features,
generates smooth and accurate poses.

To summarize, our contributions are as follows:

• We are the first to propose a 3D human pose estimation framework
using a single wrist-mounted camera, which contributes tomany im-
portant applications.

• To bridge the domain gap between synthetic data and real-world
data, we describe a method of silhouette-based human pose estima-
tion. Our simplified method of generating silhouette-based training
data has the potential to be used for other camera configurations.

• We provide extensive experiments and show the e"ectiveness of our
silhouette-based pose estimation approach and the pose estimation
model that leverages time-series features.

• We build a training dataset, composed of 54K frames of silhouette
images, for our new problem setting. We make it publicly available
to promote progress in the area of egocentric motion capture.
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Figure 3.2: Overview of our 3D pose estimation method using a single
wrist-mounted 360→ camera. The network extracts time-series features
from a silhouette image sequence and predicts a 3D human pose sequence.
The input data for the network during training is a synthetic silhouette im-
age sequence generated by animating a humanoid using MoCap data as
described in Sec. 3.2.2. During inference, the input is a silhouette image se-
quence obtained by our silhouetting process from equirectangular images
captured by a 360→ camera in a real environment, as described in Sec. 3.2.3.

3.2 Method

As shown in Fig. 3.2, our goal is to estimate 3D human poses z1:T from
a real equirectangular image sequence V1:T by our network described in
Sec. 3.2.1. The network is trained only on synthetic silhouette data gener-
ated at a lower cost than conventional methods by themethod in Sec. 3.2.2.
During inference, the silhouetting process presented in Sec. 3.2.3 is applied
to real equirectangular images to bridge the domain gap between synthetic
data and real-world data. As an optional feature, we also propose amethod
for adding noise to the synthetic training data to improve the robustness of
themodel against noise caused by the silhouetting process and the smooth-
ness of the output pose during inference. Details of this method are in
Sec. 3.2.4.
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3.2.1 Human Pose Estimation Network

Our network F takes the input of the silhouette equirectangular image se-
quence S1:T and predicts the humanoid state z1:T at each frame, as shown
in Fig. 3.2. The humanoid state zt consists of the pose pt (position and ori-
entation of the root, and joint angles) and velocity vt (linear and angular
velocities of the root, and joint velocities). Since human motion is tem-
porally continuous and smooth, the change in poses in nearby past and
future frames can be utilized to estimate human poses from images. There-
fore, the network extracts image-by-image features from given sequential
images and estimates 3D human poses based on their temporal context.
This network is based on Yuan and Kitani’s work [162]. The use of time-
series features enables smoother and more natural motion estimation than
image-by-image pose estimation.

The model encodes the silhouette image by ResNet-18 [40] to extract
the feature vector ψ1:T ↑ R128 and feeds it to Bidirectional Long-Short
TermMemory (BiLSTM) to generate the visual context φ1:T ↑ R128 for each
frame. We then feed it to the Multilayer Perceptrons (MLPs) and predict
the humanoid state z1:T. The Mean Squared Error (MSE) is used as the loss
function:

L(ε) =
1
T

T

∑
t=1

↓F (S1:T)t ↔ ẑt↓
2, (3.1)

where ε is the parameter of this network F , and ẑt is the ground-truth hu-
manoid state. The optimal F ↗ can be obtained by an SGD-based method.

3.2.2 Training Data Synthesis

Fig. 3.3 shows an overview of our process of generating an equirectangu-
lar image sequence corresponding to the MoCap data for training the net-
work. In a virtual environment such as one provided by Unity [127], we
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Figure 3.3: Overview of training data synthesis. We animated a humanoid
avatar usingMoCap data and captured equirectangular images with a vir-
tual 360→ camera fixed at the avatar’s wrist position. To capture binary
silhouette images, we set the model’s body to white and the background
to black.

animate a humanoid avatar by applying theMoCap data. Avirtual camera
with a 360→ field of view is fixed at the wrist of the avatar. Since this virtual
camera can be attached to any part of the avatar’s body, our method can
be easily adapted to any camera position, not only the wrist. By capturing
images while keeping them horizontal, we generate RGB equirectangular
images as shown in the upper right of Fig. 3.3.

To improve the performance of generalization on real images during in-
ference, conventional methods generated a large amount of synthetic RGB
image data using photorealistic and diverse backgrounds and humanoid
textures. In contrast, our approach is to bridge the domain gap by using bi-
nary silhouette images for both training and inference data. To this end, we
generate silhouetted equirectangular images as shown in the lower right
of Fig. 3, by setting the background to black and the avatar’s body texture
to white, and capturing images with light shining from all directions. By
binarizing those output images and resizing them to the input size of the
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Figure 3.4: Our silhouetting process, which converts an equirectangular
image captured by a wrist-mounted 360° camera into a binary silhouette
image. We extract the silhouette of the camera wearer from the region la-
beled as human, which is estimated by an existing semantic segmentation
model.

network, we obtain a set of 3D poses and equirectangular image sequences
for training.

3.2.3 Silhouetting Process for Inference

We propose a silhouetting process for silhouette-based pose estimation,
which converts an equirectangular image captured by a wrist-mounted
360→ camera into a binary image of a human silhouette. We extract the
silhouette of the camera wearer from the region labeled as human, which
is estimated by an existing learned semantic segmentation model. In this
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study,weused the SwinTransformer [76]model trained on theADE20K [173]
dataset, which is publicly available [94], for semantic segmentation. Since
this process only uses the trainedmodel of the semantic segmentationmethod,
it can be replaced by any existing method. The issue here is that images
taken with a 360→ camera are highly distorted; the top and bottom of the
images are stretched out, which is very di"erent from normal-perspective
view-images such as ADE20K. Therefore, it is di!cult to extract human
silhouettes by simply applying semantic segmentation. To solve this issue,
we apply semantic segmentation not only to the original equirectangular
images but also to the equirectangular images shifted vertically. Then we
merge the results of the semantic segmentation to obtain the network in-
put.

Specifically, we first generate three equirectangular images by shifting
them horizontally (yaw axis) at 120° intervals. Second, we generate two
images by shifting each one by ±30° vertically (pitch axis). Third, we ap-
ply semantic segmentation to each image and shift them vertically back to
the equirectangular images of the original vertical angle. Fourth, in each
of the three horizontally shifted images, we combine the three generated
silhouette images via theOR operation and shift them horizontally back to
the same position as the input image. Finally, we extract the largest silhou-
ette from the three images and resize it for the input of the network.

3.2.4 Pseudo-silhouette Generation for Noise Robustness

As an optional feature, we also propose a method of adding generated im-
ages of noisy silhouettes (hereafter, “pseudo-silhouettes”) to the training
data to improve the robustness of themodel against silhouette noise during
inference. Although our silhouetting process aims to bridge the domain
gap between the synthetic training data and the real data for inference by
using silhouettes, it is still di!cult to completely bridge the gap. The syn-
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Figure 3.5: Training the pix2pix model to map our synthetic silhouette im-
ages with smooth contour to noisy silhouette images obtained through our
silhouetting process. The discriminator, D, learns to classify between fake
(synthesized by the generator) and real {smooth silhouette image, noisy
silhouette image} tuples. The generator, G, learns to fool the discriminator.

thetic training data in our method are silhouette images with smooth con-
tours, while the silhouette of the input image during inference has a rough
contour (hereafter, “silhouette noise”). The silhouette noise is caused by
applying semantic segmentation trained on general perspective view im-
ages to equirectangular images and is an inaccurate contour with some
missing parts as in the bottom image of Fig. 3.4, or some protruding parts
as in the top right image of Fig. 3.5. These di"erences between the training
data and test data a"ect the accuracy of pose estimation as a domain gap.

Therefore, we improve the robustness of the model by adding pseudo-
silhouette images to the training data. The pseudo-silhouette image is gen-
erated by converting the smooth silhouette synthetic image to a noisy sil-
houette image using the pix2pix [52] model, an image-to-image translation
methodwith conditional adversarial networks. The silhouette noise can be
reproduced by the pix2pix model trained to transfer the synthetic silhou-
ette image generated using MoCap data to the silhouette image obtained
from the real image (see Fig. 3.5). By adding this pseudo-silhouette image
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to the training data, even if the image sequence contains silhouette noise
during inference, it is less likely to be a"ected by it, resulting in the estima-
tion of more correct poses and smoother motions.

3.3 Experiments

This section presents the experimental settings and evaluation results con-
ducted to validate the e"ectiveness of the proposed method. We first de-
scribe the datasets used, implementation details, and evaluation metrics.
We then assess the e"ectiveness of the proposed approach through two
experiments. Experiment 1 evaluates the e"ectiveness of silhouette-based
pose estimation and clarifies the contribution of silhouette information as
an input representation. Experiment 2 compares the proposedpose estima-
tion network with existing methods to assess the validity of the designed
network architecture.

3.3.1 Dataset

MoCap Training and Test Data. We used OptiTrack to capture the mo-
tion data to construct the dataset (see Fig. 3.6). Four subjects each wore a
360→ camera on their wrist and were asked to perform a variety of actions
including walking, jumping, crouching, raising hands, and transitioning
between all of these motions. Each take lasted about 5 min and a total of
9 takes were captured, of which 7 takes were used as training data and 2
takes as test data. After removing the parts of inaccurate motions caused
bymotion capture failures, the training data consists of 54K frames and the
test data consists of 14K frames.

In-the-wildData. We also collected in-the-wild data to verify the e"ective-
ness of ourmethod in a real-world environment. As in the previousMoCap
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(b) Walking (c) Jumping

(d) Crouching (e) Raising Hands(a) MoCap Setup

Figure 3.6: Motion capture for constructing our MoCap Training and Test
Data. Subjectsworemotion capturemarkers and the 360° camera as shown
in Fig. (a) and were asked to perform actions as shown in Fig. (b)-(e).

training and test data collection, the subject wore the 360→ camera on the
wrist and was asked to perform a variety of actions. This dataset consisted
of 11 videos each lasting about 5 sec. As it is hard to obtain ground-truth
3D poses in a real-world environment, following Yuan andKitani [162], we
captured side-view poses of the subject, which were used for quantitative
evaluation based on 2D keypoints.

3.3.2 Implementation Details

The weights of ResNet-18 [40] used in our 3D human pose regressor were
pre-trained with ImageNet [24]. The input equirectangular image was re-
sized to 224↘ 224. The Adam [63] optimizer was employed at the learning
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rate of 1e↔ 4. When training this network, for each time step we sampled
data fragments in turn for 120 frames (4 sec) and padded 10 frames of vi-
sual features ψt on both sides to reduce the estimation error on the bound-
ary frameswhen computing φt. We usedUnity for the virtual environment
to generate the training data and MuJoCo [130] to visualize estimated hu-
man poses that consisted of 52 Degrees of Freedom (DoFs) and 19 rigid
bodies.

The pix2pix model for generating the pseudo-silhouettes was trained
using our MoCap Training Data. The model was trained to learn a trans-
lation from the silhouette image generated by animating the avatar using
the MoCap to the silhouette image obtained from the real image by our
silhouette process. To align the position of the silhouettes in the real and
virtual images, we shifted these images so that the Sum of Squared Di!er-
ences (SSD) was minimized. When training our pose estimation network,
we added a pseudo-silhouette imagewith a probability of one-fourth to the
image sequence selected with a probability of one-half at each iteration.

3.3.3 Evaluation Metric

To evaluate the accuracy of the pose estimation and the smoothness of the
motion of our approach, we use the following evaluation metrics. For the
estimated and ground-truth keypoints, we set the hip keypoint as the ori-
gin and scaled the coordinate tomake the height between the shoulder and
hip equal to 0.5 [m].

Pelvis-alignedMeanPer-Joint PositionError (PEL-MPJPE). Apose-based
metric used by Isogawa et al. [51] that measures the Euclidean distance be-
tween the estimated 3D pose and the ground-truth 3D pose inmm. We use
it for evaluating the accuracy of pose estimation on MoCap test data. This
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metric is defined as

PEL-MPJPE =
1
TJ

T

∑
t=1

J

∑
j=1
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where xj
t
is the j-th joint position of the estimated pose, and x̂

j

t
is the ground

truth. xroot
t

and x̂
root

t
represent the root joint position of the estimated and

ground-truth poses, respectively.

2D Keypoint Error (Ekey). A pose-based metric proposed by Yuan and
Kitani [162] that measures the Euclidean distance between the estimated
2D pose and the ground-truth 2D pose in mm. We use it for evaluating
the accuracy of posture estimation on the in-the-wild data. The metric is
defined as

Ekey =
1
TJ

T

∑
t=1
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∑
j=1
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j

t
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t
↓2, (3.3)

where yj
t
is the j-th 2D keypoint of the estimated pose obtained by project-

ing the 3D joints to an image plane with a side-view camera, and ŷ
j

t
is the

ground truth extracted with OpenPose [12].

Acceleration Error (Eaccl). Ametric proposed by Kanazawa et al. [62] that
measures the average di"erence between ground truth and predicted ac-
celeration of each joint in mm/s2. For the MoCap test data, we used the
original metric Eaccl3d for 3D poses, and for the in-the-wild data, we used
the metric Eaccl2d adapted to 2D data. The metric is defined as

Eaccl =
1
TJ

T

∑
t=1

J

∑
j=1

↓a
j

t
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j

t
↓2, (3.4)

where a
j

t
and â

j

t
are the acceleration of the j-th keypoint of the estimated

pose and ground truth pose, respectively.
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Figure 3.7: Examples of training and test data for each method in exper-
iment 1. We used the same silhouette images for training our silhouette-
based methods (SS, HRNet, and Swin).

3.3.4 Experiment 1: Investigating the E!ectiveness of Our
Silhouette-based Pose Estimation

To investigate the e"ectiveness of our silhouette-based approach, we eval-
uate the accuracy of the pose estimation when using our network on sev-
eral di"erent types of data. We compare our method (denoted as Ours
(Swin) in Table. 3.1) against the following four baseline methods. Fig. 3.7
shows examples of input data used for training and testing, respectively,
for each baseline method.

• RGB: A method that trains our network on synthetic RGB data and
tests it on real RGB data taken with a 360→ camera.

• Optical Flow: A method that uses optical flow obtained by PWC-
Net [125] from image sequences to train our network. This is the
same method as PoseReg proposed by Yuan and Kitani [162]. The
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optical flows for training and testing were obtained from the image
sequences of the RGB method above, respectively.

• Ours (SS): Amethod that trains the network on our synthetic silhou-
ette data and tests it on silhouette images that are human-labeled re-
gions extracted by applying semantic segmentation to real equirect-
angular images.

• Ours (HRNet): A method proposed in [43] that trains the network
on our synthetic silhouette data and tests it on silhouette images ob-
tained by our silhouetting process using a semantic segmentation
model based on HRNet.

Quantitative results of the pose estimation on the MoCap test data and
the in-the-wild data are shown in Table 3.1, and qualitative results are
shown in Fig. 3.8. The results show that our method outperforms the base-
line methods.

The RGB method had large errors due to the continuous output of in-
correct poses such as bending forward throughout the sequence. This oc-
curred because the synthetic training data was not su!ciently photoreal-
istic or diverse with respect to the humanoid avatar’s appearance, back-
ground, and lighting, i.e., there was a large domain gap between the test
data collected in the real environment.

Although the optical flowmethod occasionally estimated correct walk-
ing and crouchingmotions, the overall outputwas quite unstable and inac-
curate. This is because the real-world data contains complex optical flows
such as objects and lighting around the subject, which bring a domain gap
between the training data. In order to bridge this gap, it is necessary to
diversify the background objects and lighting in the training data.

The SS method also had lower estimation accuracy than the method
using our silhouetting process. Due to the distortion of the equirectangular
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Table 3.1: Quantitative results of evaluating the accuracy of pose estima-
tion on theMoCap test data and the in-the-wild data in Experiment 1. Bold
values show the best scores.

MoCap Test Data (PEL-MPJPE)
Method Walk Crouch Jump Raise Hands All Frames
RGB 209.7 209.7 215.5 258.6 212.8± 69.5
Optical Flow 200.7 166.4 222.0 197.4 197.1± 77.1
Ours (SS) 141.6 142.5 181.4 128.1 144.0± 67.2
Ours (HRNet) 99.0 160.2 163.9 110.4 113.3± 61.5
Ours (Swin) 83.1 104.7 116.1 95.5 89.4± 34.9

In-the-wild Data (Ekey)
Method Walk Crouch Jump Raise Hands All Frames
RGB 330.1 263.1 245.1 175.8 225.6± 82.3
Optical Flow 359.3 306.0 320.1 361.4 337.4± 67.3
Ours (SS) 119.0 134.5 149.2 109.8 130.4± 61.1
Ours (HRNet) 88.2 125.6 121.5 103.1 110.4± 42.5
Ours (Swin) 88.3 119.3 117.0 95.0 106.1± 51.3

images, the segmentation of human regions often failed, resulting in very
noisy data with undesired regions other than the camera wearer’s body.

In contrast, our proposed methods using silhouetting processes (HR-
Net and Swin) were able to generate 3D human poses close to the ground
truth. In particular, using the Swin Transformer model, i.e., a state-of-the-
art semantic segmentation method, we were able to correctly extract the
silhouette and estimate the pose with high accuracy.

These results show that our silhouette-based pose estimation method
using synthetic training data and a silhouetting process for inferenceworks
well in bridging the domain gap between synthetic data and real data.
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Figure 3.8: Qualitative results for eachmethod on theMoCap test data (left)
and the in-the-wild data (right) in Experiment 1.

3.3.5 Experiment 2: Investigating the E!ectiveness of Our
Pose Estimation Network

To verify the e"ectiveness of our pose estimation model that uses time-
series features, we conduct an experiment to evaluate the accuracy of the
pose estimation and the smoothness of the output pose. However, there
is currently no 3D human pose estimation method using a wrist-mounted
360→ camera, and there is no publicly available code for other egocentric 3D
human pose estimation methods applicable to this experiment. Therefore,
as baselinemethods, we used third-person-view-based existing 3D human
pose estimation networks. Please note that we re-trained those networks
with the same synthetic silhouette image dataset as our method for a fair
comparison. We evaluate the following four baseline methods, including
our model trained with pseudo-silhouette images in the training data.
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• Mobile Human Pose: A model proposed by Choi et al. [21] for real-
time 3D human pose estimation from a single image, which is the
most precise and compact model that can be implemented in mobile
devices.

• Integral Human Pose: A model proposed by Sun et al. [126] for 3D
human pose estimation from a single image, which is a simple and
e"ective integral regressionmodel that unifies the heatmap represen-
tation and the joint regression approach, sharing the merits of both.

• Ours w/o Pseudo-Silhouette (PS): Our proposed model, which was
trainedusing only smooth synthetic silhouette imageswithout pseudo-
silhouette images.

• Ours w/ Pseudo-Silhouette (PS): Our proposed model aims to be
robust against silhouette noise by mixing pseudo-silhouette images
in the training data.

For Experiment 2, quantitative results are shown in Table 3.2 and qual-
itative results are shown in Fig. 3.9. From the results in Table 3.2, the high-
est accuracy of pose estimation was achieved by the Integral method for
the MoCap Test Data and our method (Ours w/ PS) for the In-the-wild
Data. In contrast to the Integral method, which estimates joint positions,
our method, which estimates joint angles, can cause accumulation of joint
angle estimation errors in end joints such as hands and feet. While this
may be the reason for the inferior accuracy of our method, the di"erences
between them were not very large.

On the other hand, in the comparison of acceleration, our proposed
method is much smoother than the Mobile and Integral methods. This
is because the Mobile and Integral methods estimate the pose frame-by-
frame, and the accuracy of the pose estimation is significantly decreased
for images with severe noise or occlusion. In contrast, our network utilizes
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Table 3.2: Quantitative evaluation results of pose estimation accuracy and
joint acceleration on the MoCap test data and the in-the-wild data in Ex-
periment 2.

MoCap Test Data In-the-wild Data
Method PEL-MPJPE Eaccl3d Ekey Eaccl2d

Mobile 99.7 ± 48.3 55.8 120.8± 58.2 85.0
Integral 83.2 ± 44.8 46.5 107.5± 49.2 78.5
Ours w/o PS 89.4 ± 34.9 24.3 106.1± 38.5 51.3
Ours w/ PS 86.2 ± 35.4 17.5 106.1± 47.6 48.1

time-series features for inference, which results in smooth and stable mo-
tion estimation even when such images are included in the sequence. In
addition, our method (Ours w/ PS) has the lowest error among the Eaccl,
indicating that the smoothness of the output poses is improved by mixing
pseudo-silhouette images during training. These results demonstrate the
e"ectiveness of our proposed method, i.e., a pose estimation network that
takes advantage of time series features and pseudo-silhouette images to
improve the robustness of the model against silhouette noise.

3.4 Discussion and Limitations

We proposed a new 3D pose estimation method using only a single 360→

camera attached to thewrist for various applications such asmotion recog-
nition andmotion analysis in the fields of sports, medicine, animation, and
others. However, in order to use it for applications in real-world scenarios,
it will be necessary to resolve the following issues.



Chapter 3. Wearable Camera-based Pose Estimation 35

Ours
w/o noise

Ground
Truth

Integral

Mobile

Ours
w/ noise

Ground
Truth

Ours
w/o noise

Ours
w/ noise

Integral

Mobile

Figure 3.9: Qualitative results for eachmethod on theMoCap test data (left)
and the in-the-wild data (right) in Experiment 2.

3.4.1 Practical Size and Weight of Sensor Devices

Although we proposed an approach that utilizes a minimal number of de-
vices, the commercial 360→ camera we used in our experiment was not
small and light enough to be usable on a daily basis on a wrist. However,
since there are already smartwatches equipped with cameras, we believe
that wemay soon see a wristwatch-type device equipped with a 360→ cam-
era that can capture the wearer’s body with a wide field of view, as shown
in Fig. 3.1-(a).

3.4.2 Versatile and Highly Accurate Pose Estimation

Although it is important to estimate various human poses for practical use,
our model is currently not capable of estimating all humanmotions. How-
ever, since ourmethoduses onlyMoCapdata to generate synthetic training
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data, it is quite easy to prepare amore diverse data set using publicly avail-
able MoCap data. We will verify how well our method is able to estimate
complex or unusual motions in a future study.

As for accuracy, there is a limit to silhouette extraction accuracy because
we use a semantic segmentation model trained on existing third-person
images for egocentric equirectangular images. However, by leveraging the
fact that deep-learning-based foreground extraction is robust to domain
shift [104], it is possible to create a model that extracts silhouettes with
high accuracy using synthetic data.

In addition, fast arm swings or low-light environments may cause mo-
tion blur, leading to failures in silhouette extraction. This issue is inher-
ent to frame-based cameras, as they rely on shutter-based image capture.
A promising solution is to employ sensing modalities based on di"erent
principles rather than conventional frame-based imaging.

It is also important to estimate the user’s global position. Several cam-
era localization methods have been proposed [16, 36, 140], and they could
potentially be integrated into ourmethod. However, this requires address-
ing the challenge that, in our setup, the camera undergoes more complex
motion due to its wrist-mounted placement, unlike conventional head- or
chest-mounted configurations.

3.4.3 Real-Time Pose Estimation

Real-time pose estimation technology enables awide range of new applica-
tions. While our method can estimate poses from silhouette images in real
time (approximately 100 FPS on an Intel Core i9 and a GeForce RTX 3090),
the silhouette generation process requires substantial computation for per-
son region extraction involving multiple geometric transformations, and
thus runs at only about 0.1 FPS, becoming a major bottleneck in the overall
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system. To address this issue, adopting approaches such as that of Wang et
al. [139], which partition distorted fisheye images into locally undistorted
patches and leverage vision transformers to e!ciently estimate full-body
and hand skeletons as well as human mesh models, is expected to signifi-
cantly improve inference speed.

3.5 Summary

We presented a framework for estimating 3D human poses using a single
wrist-mounted 360→ camera. Our pose estimation network is trained only
on synthetic silhouette image data generated in the virtual environment.
For inference, our method uses binary silhouette images generated via a
silhouetting process that takes real equirectangular images as input. Our
silhouette-based method could reduce data generation costs and bridges
the domain gap between synthetic and real data, which has been an issue
in previous research. As an optional feature, we also proposed pseudo-
silhouette image generation for noise robustness using conditional adver-
sarial networks. Although we are currently assuming that there are real
images synchronized with the MoCap data, we plan to train a generalized
model by generating a larger dataset in the future. The experimental re-
sults have demonstrated the e"ectiveness of our silhouette-based approach
and our pose estimation network, which takes advantage of the time-series
features of the image sequences.

While ourmethod provides a practical solution for egocentric pose esti-
mation with a wrist-mounted camera, its reliance on frame-based imaging
leaves it sensitive to motion blur and challenging lighting conditions. To
address this limitation, the next chapter explores an event-based approach
that operates on fundamentally di"erent principles and o"ers improved
robustness in such environments.



Chapter 4

Event-based Pose Estimation

How much can we infer about human shape using an event camera that
only detects the pixel position where the luminance changed and its times-
tamp? This neuromorphic vision technology captures changes in pixel
values at ultra-high speeds, regardless of the variations in environmental
lighting brightness. Existing methods for human mesh recovery (HMR)
from event data need to utilize intensity images captured with a generic
frame-based camera, rendering them vulnerable to low-light conditions,
energy/memory constraints, and privacy issues. In contrast, we explore
the potential of solely utilizing event data to alleviate these issues and as-
certainwhether it o"ers adequate cues forHMR. This is a quite challenging
task due to the substantially limited information ensuing from the absence
of intensity images. To this end, we propose EventPointMesh, a frame-
work which treats event data as a three-dimensional (3D) spatio-temporal
point cloud for reconstructing the human mesh. By employing a coarse-
to-fine pose feature extraction strategy, we extract both global features and
local features. The local features are derived by processing the spatio-
temporally dispersed event points into groups associated with individual
body segments. This combination of global and local features allows the
framework to achieve a more accurate HMR, capturing subtle di"erences

38
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in human movements. Experiments demonstrate that our method with
only sparse event data outperforms baseline methods.

4.1 Background

With the rise of virtual reality (VR), augmented reality (AR), metaverse ap-
plications, and other immersive experiences like sports viewing and stage
performances, understanding a human pose and shape non-invasively has
become paramount. These immersive applications not only enhance our
digital social interactions but also revolutionize content creation, anima-
tion, training, and rehabilitation. However, the challenge is to capture hu-
man states, including 3D pose and shape, accurately across various real-
world settings to elevate the depth of the immersion in these digital realms.

So far, optical-based motion capture (MoCap) systems [82, 99] have of-
fered high-precision andhigh-speed capturing capabilities. However, their
primary challenge remained th e associated high costs. With the progres-
sion of technology, there has been a notable drift towards data-driven pose
estimationmethods [11,27,141], with techniques leveraging a"ordableRGB
cameras gaining traction. These pose estimation techniques predominantly
work with sparse 3D joint representations in the form of skeletal models.
While these skeletal models can represent simple actions relatively clearly,
they fall short when detailing intricate human behaviors. The need to de-
scribe the human body with finer granularity has led to a renewed focus
on HMR methods [62, 65, 129]. HMR aims to delve deeper, estimating in-
tricate details of human form, including the 3D pose and shape. How-
ever, a significant challenge with RGB-based methods remains their heavy
dependence on visible light, which leads to issues such as object occlu-
sions, lighting condition constraints, privacy issues in some scenarios, and
considerable power andmemory demands hindering edge device deploy-
ment. As a solution, researchers have been exploring HMR techniques
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Figure 4.1: Event cameras are designed to detect luminance changes, of-
fering high temporal resolution and a high dynamic range. These unique
features e"ectively address the challenges faced by frame-based cameras,
such as motion blur and low frame rates in poorly-lit environments.

using alternative modalities such as wireless signals. Notably, methods
leveraging radio frequency (RF) signals, including Wi-Fi and millimeter-
wave (mmWave) [151, 170], have gained attention. These methods take
advantage of longer wavelengths than visible light, reducing memory and
personal data consumption. However, they pose challenges, including po-
tential restrictions in environments with sensitive electronic equipment,
such as hospital rooms or aircraft.

The use of event-based cameras, henceforth event cameras, has the po-
tential to be a solution to these challenges. Unlike conventional cameras,
event cameras detect changes in scene brightness, generating event data
including coordinates, time, and polarity. They independently monitor lu-
minance changes for each pixel, recording only significant changes asyn-
chronously. This mechanism ensures high temporal resolution and low
power consumption. Furthermore, focusing solely on brightness changes,
event cameras have a high dynamic range, making them resilient in low-
light conditions, as shown in Fig. 4.1. From these characteristics, event
cameras have been incorporated into various research areas, including track-
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Figure 4.2: We propose EventPointMesh, a method for 3D human mesh
recovery solely from event data. EventPointMesh treats event data as point
clouds and estimates human meshes from these point clouds segmented
by fixed-time intervals. It enables high-speed HMR that is una"ected by
lighting conditions.

ing, recognition, 3D reconstruction, robotics, VR/AR, and autonomous
driving [31]. Our focus is on employing event cameras for HMR. While
there have been proposals forHMRusing event data [148,175], thesemeth-
ods utilize grayscale frame images captured simultaneously with event
data for initial pose and shape estimation at each time step. This limits the
anticipated resilience to dark conditions and energy/memory e!ciency of
event-based methods.

In this chapter, we tackle the challenge of HMR using only event data,
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aiming to develop an HMR method that can operate under various light-
ing conditions, consumes less power and memory, and also preserves pri-
vacy. As illustrated in Fig. 4.2, event data consists of points distributed over
the three-dimensional spatiotemporal domain defined by the image-plane
coordinates (x, y) and the temporal axis t. Each point is associated with
a polarity value indicating the direction of luminance change, where red
denotes increased luminance and blue denotes decreased luminance. In
previous event-basedHMRmethods [175], event streamswere aggregated
into fixed temporal intervals and treated as “event frames,” which could
potentially discard important motion cues inherent in the high temporal
resolution of event data. This aggregation introduces a structural trade-
o" between temporal resolution and information density, as accumulating
a su!cient number of events for reliable spatial representation inevitably
compresses temporal information, e"ectively reducing the achievable tem-
poral resolution.

To overcome this limitation, we propose EventPointMesh, a new frame-
work that treats event data as sparse point clouds, hereafter referred to as
“event point clouds”, and estimates human meshes directly from them.
Event point clouds di"er fundamentally in structure from frame-based im-
ages, which makes it impossible to directly apply conventional machine
learning models designed for image frames. To address this issue, Event-
PointMesh adopts PointNet [17], amodel capable of directly processing 3D
point clouds, as its backbone to handle event data as spatiotemporal point
clouds. However, event cameras typically generate hundreds of thousands
of events per second, far exceeding the point counts commonly handled
by PointNet, which makes processing the entire event stream at once im-
practical due to GPUmemory constraints. To overcome this limitation, our
frameworkdivides the event stream into short, fixed-length timewindows.
For eachwindow,we extract the corresponding spatiotemporal event point
cloud and downsample it to remain below a specified point count. The re-
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sulting point cloud is then used to estimate the SMPL pose corresponding
to that time window.

Within the network, a two-stage feature extraction process is conducted
on these point cloud blocks to estimate humanmeshes, traversing through
multiplemodules. The first stage involves extracting coarse global features
from the point clouds, which contain information about the human’s loca-
tion, body shape, and approximate pose. The next stage involves a mech-
anism for extracting fine point cloud features to precisely replicate the hu-
man pose. Initially, a module within the network estimates 2D joint posi-
tions on the image plane. Then, for each joint individually, anothermodule
groups the event points around that specific joint and extracts local fea-
tures for each of these groups. By combining the global and local features
obtained separately, themethod ultimately estimates the human’s accurate
pose, body shape, and location in 3D space. This coarse-to-fine feature ex-
traction approach enables the retrieval of useful information solely from
point clouds, allowing this method to faithfully depict human dynamics
from sparse event point clouds without the need for intensity images. Ad-
ditionally, the event point clouds input to the EventPointMesh network can
be set at any temporal width, harmonizing with the high temporal resolu-
tion characteristic of event cameras. This facilitates the realization of the
HMRmethod capable of restoring high-frequency 3D poses and shapes of
diverse movements in poor lighting conditions.

Furthermore, we propose EventPointMesh Dataset (EPMD), a large-
scale HMR dataset comprising event data, intensity images, optical Mo-
Cap data, and human mesh models. While there have been event-based
HMRdatasets before, what sets EPMD apart is its capturing of diversemo-
tion and shape data in both well-lit and poorly-lit conditions. This is the
first dataset of its kind to incorporate such lighting variations. Extensive
experimental evaluations using the existing large-scale event-based HMR
dataset,Multi-ModalityHumanPose and ShapeDataset (MMHPSD) [175],
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Figure 4.3: Pipeline of our event-based HMR method, EventPointMesh.
It consists of four modules: the Base Module, Keypoints Module, Anchor
Points, and SMPL Module (Sec. 4.2.1). To achieve highly accurate mesh
reconstruction, EventPointMesh employs a coarse-to-fine feature extrac-
tion process: the Keypoints Module extracts global features from the event
point cloud, and the AnchorPointsModule extracts local features.

and our EPMD, under both well-lit and poorly-lit conditions, have vali-
dated the e"ectiveness of our pose and shape estimation method solely
using event point clouds.

In summary, our contributions are as follows: (1) We are the first to
tackle the challenge of 3D HMR using only event data. (2) To this end, we
propose EventPointMesh, a framework that treats event data as 3D spatio-
temporal point clouds for mapping it to human meshes. (3) To faithfully
restore human motion, we explicitly extract global and local features from
event point clouds, utilizing 2D joint positions as cues for grouping. (4)
Given the absence of prior methods for executing this task, we have cre-
ated EPMD, a dataset for HMR comprising a vast amount of event data,
intensity images, optical MoCap data, andmesh data captured under both
well-lit and poorly-lit conditions; and (5)We conduct extensive experimen-
tation and show the e"ectiveness of our method.
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4.2 Method

Wepresent EventPointMesh, a framework for estimating 3Dhumanmeshes
from the spatiotemporal point clouds generated by an event camera. As
shown in Fig. 4.3, given a sequence of event point clouds e1:T segmented
into T fixed-width time windows, EventPointMesh estimates the SMPL
mesh sequencem1:T. The network is organized into fourmodules: the Base
Module that extracts point cloud features f

t from the event point cloud e
t

within the timewindow indexed by t; theKeypointsModulewhichderives
a global feature vector gt and predicts 2D human joint positions st2D from
f
t; the Anchor Points Module designed to group the point cloud around

each estimated 2D human joint positions st2D and subsequently extract lo-
cal features l

t; and the SMPL Module that infers the SMPL mesh model
from the assembled global and local feature vectors gt and l

t.

EventPointMesh adopts an approach to extract pose features frompoint
clouds in a coarse-to-fine manner. The global features gt, extracted in the
initial phase through theKeypointsModule, represent coarse features such
as the subject’s location, body shape, and approximate pose derived from
the event point clouds. These features are utilized for mesh estimation in
the subsequent SMPLModule. The 2D joint positions st2D, estimated by the
Keypoints Module, are used in the subsequent Anchor Points Module to
accurately replicate the human pose. Specifically, based on the 2D joint po-
sitions st2D, the event point clouds surrounding each joint are grouped, and
local features lt are extracted from each group. This process extracts fine
features from events triggered by the movement of each body part, which
are also utilized in the subsequent SMPLModule. Through such a coarse-
to-fine feature extraction process, EventPointMesh is capable of replicating
detailed human mesh reconstructions of diverse human movements.

Further elaboration on each module will be provided in the follow-
ing subsections. In addition, the final subsection introduces our dataset
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EPMD, encompassing event data recorded under diverse lighting condi-
tions, intensity images, optical MoCap data, and the SMPLmesh models.

4.2.1 Module Details

BaseModule. Thismodule serves as a component for converting the input
event point clouds into high-dimensional features. Each time a luminance
change is detected, the event camera generates 4D event data, which in-
cludes 2D pixel coordinates, detected timestamp, and polarity indicating
the direction of the luminance change. Depending on the specifications of
the event camera, the timestamp of luminance change detection is asyn-
chronously recorded for each pixel.

Given the event point cloud segmented into fixed time windows, rep-
resented as et, the module transforms it into high-dimensional features us-
ing a Multi-Layer Perceptron (MLP). Considering the n-th detected point
within the point cloud as etn, this point is transformed into a high-dimensional
feature vector a

t
n = MLP(etn;wa) by applying the MLP transformation

with parameters wa. This feature vector is then concatenated with the 4D
vector of etn, resulting in a high-dimensional vector f

t
n, which is then fed

into the subsequent modules. This design aims to enhance the expressive-
ness of the feature vectors used in subsequent processing by combining
the spatiotemporal relationship of point clouds acquired during the learn-
ing process with the original attributes of each point (image coordinates,
timestamp, polarity). Additionally, the preservation of the original point
clouddata, alongwith the feature vectors, serves another purpose: the sub-
sequent Anchor Points Module requires the spatial information of point
clouds.

Keypoints Module. For accurately estimating human poses from event
data, it is crucial to have a clue as to which event point corresponds to
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the movement of a specific body part. Hence, the Keypoints Module esti-
mates 2D coordinates of major joints from the input point clouds. These
estimated coordinates serve as reference points (hereafter referred to as
“anchor points”) in subsequent modules, aiding in obtaining local features
of the point clouds generated by body movements around each joint. This
module is designed based on the network proposed by Chen et al. [18],
considering the temporal features and the overall point cloud feature ex-
traction.

Initially, the feature vector f
t
n of each event point cloud obtained by

the Base Module is transformed into a global feature of the point cloud,
b
t
n = PointNet( f tn) with a network that has PointNet [17] as its backbone.

Afterward, a feature vector considering temporal dynamics of the event
point cloud sequence is extracted from b

t via a Bidirectional Long Short-
Term Memory (BiLSTM). One of the challenges in working with event
cameras is their inherent limitation: they capture only moving body parts,
ignoring the stationary ones. This results in sparse data and complicates
pose estimation due to the absence of complete body part information. The
method by Chen et al. [18] faces challenges due to its estimation of 2D joint
positions for only one frame per time window. To address this issue, we
introduced a BiLSTM to construct a model that is robust against the ab-
sence of events from stationary parts, taking into account temporal infor-
mation. Our method leverages features of point clouds from both forward
and backward timewindows, e"ectively compensating for these sparse ar-
eas. With the weight parameters of the BiLSTM wg, the temporal dynam-
ics aware feature vector can be represented as g

1:T = BiLSTM(b1:T;wg),
where T is the number of time windows used as input. While Chen et
al. [18] utilize this feature vector for 2D joint position estimation, we view
it as a spatiotemporal feature of 3D point clouds that encapsulates infor-
mation about a person’s location, along with their approximate pose and
body shape. Consequently, we employ it as a global feature vector for the
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estimation of 3D meshes in the subsequent SMPLModule.

Subsequently, the time-series feature vector gt is transformed into two
1D heat-vectors, (htx, hty) = FC(gt;wh), using fully connected layers (FC)
with parameterswh. These heat-vectors represent the confidence distribu-
tion of joint positions along the x and y axes in an image plane. Chen et
al. [18] introduced this representation based on the novel coordinate rep-
resentation, SimCC [74]. Unlike conventional methods that estimate joint
positions using 2D heatmaps, this representation allows for highly accu-
rate estimation even in low-resolution images. The heat-vectors are de-
noted as h

t
x = [h0, h1, ..., hi, ..., hW ] and h

t
y = [h0, h1, ..., hj, ..., hH], where i

and j are the indices of the x-axis and y-axis in the image of width W and
height H, respectively. The 2D joint positions st2D = (stx, sty) are then deter-
mined by finding the coordinates with the maximum value in each heat-
vector. Specifically, the coordinates are obtained by s

t
x = argmaxi(htx(i))

and s
t
y = argmaxj(hty(j)).

Anchor Points Module. In order to capture the detailed features of the
point cloud and to achieve accurate mesh estimation, we utilize anchor
points, which are the 2D joint coordinates estimated by theKeypointsMod-
ule. These points facilitate the grouping of event point clouds scattered
across the 3D spatiotemporal space. This approach enables us to classify
events stemming from body movements around each joint and extract lo-
calized features. This network configuration is inspired by mmMesh, pro-
posed byXue et al. [151], which estimates 3Dhumanmeshes frommillimeter-
wave point clouds. Whereas mmMesh utilized fixed-size 3D grid-based
anchor points within an xyz spatial framework, our approach adopts 2D
joint points as anchor points, incorporating the temporal dimension into
the xy image plane. These 2D joint positions are then used to group sur-
rounding event points in a 3D spatiotemporal space, based on their Eu-
clidean distance in 2D image coordinates. The details of this process are
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Figure 4.4: Detailed illustrations of the spatiotemporal grouping of event
point clouds in the Anchor Points Module. Yellow points represent the
2D joint positions estimated by the Keypoints Module, while red and blue
indicate the input event point clouds, and green represents the grouped
points. (a) An example of applying spatiotemporal grouping to real event
data, focusing on the right wrist, though in practice, this process is applied
individually to all major joints. (b) A detailed view of the nearest points
selection. For each point in the event point clouds scattered in space and
time, the L2 norm on the image plane with the 2D joint coordinates is cal-
culated, and the nearest G points with the closest distances are selected as
a group.

illustrated in Fig. 4.4. For clarity in notation: the coordinates of the k-th
anchor point at the time window t are denoted as st

k
↑ R2. The set of in-

dices of the grouped nearest G points is denoted as NSP(st
k
). A grouped

event point is referred to as e
t

n,k where n ↑ NSP(st
k
), and its 2D coordi-

nates on the image plane are given by a function Π as Π(et
n,k) ↑ R2. Using

these definitions, the feature vector ct
n,k is derived through an MLP opera-

tion as ct
n,k = MLP([st

k
, ↓Π(et

n,k)↔ s
t

k
↓2, f tn];wc). The input to the MLP is a

vector formed by concatenating the anchor point coordinates, the distance
between the grouped points and the anchor point, and the feature vector
from the BaseModule. This design enhances our model’s capability to rec-
ognize the spatiotemporal relationships between anchor points and their
neighboring points.
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The feature vector ctn is then fed into the attention network to extract
particularly important event point features from the grouped point cloud.
In existing point cloud based approaches, such as PointNet [17], the Max
Pooling operation is typically used to extract the most prominent features
by eliminating redundant information. However, as the point cloudgrouped
by thismodule already contains less redundant information, wehave adopted
an attention mechanism to aggregate the features of all points in the group
while preventing the loss of important information due to the Max Pool-
ing operation. Representing the attention network as a mapping function
ATTN with weight parameters wo, the feature vector ctn of each grouped
point is transformed into the following feature vector:

o
t

k
= ∑

n↑NSP(st
k
)

ATTN(ctn;wo) · c
t

n.

Furthermore, to aggregate the feature vectors ot
k
of each anchor point and

transform them into features considering the spatial relationship between
each group, i.e., the events caused by each body joint, we introduce a 1D
convolution layer and obtain the feature vector rt = 1DCNN(ot;wr). This
r
t is transformed into a temporal relationship aware feature vector by us-
ing BiLSTM, similar to the Keypoints Module. Letting wl be the weight
parameters of BiLSTM, the module obtains final local feature vector l1:T =

BiLSTM(r1:T;wl).

SMPL Module. The primary role of the SMPL Module is to estimate the
SMPLmesh model [79] based on the global and local features of the event
point clouds obtained from themodules described above. By feeding these
features into anMLP, we derive vectors representing a human pose, shape,
and translation. Subsequently, by using the SMPL regression model [79],
we estimatemesh vertices and 3D human joint positions. The SMPLmodel
has gained traction in contemporary research on pose and shape estima-
tion. Its strength lies in its ability to represent the complex and diverse
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poses and shapes of the human body using a limited number of parame-
ters. The model parameters encompass pose parameters θ ↑ R24↘3, indi-
cating the relative rotations of 23 joints and the global rotation of the root
joint, and shape parameters β ↑ R10, which influence aspects like height,
weight, and limb ratios. Based on these parameters, the SMPL regression
model estimates the triangular mesh vertices, denoted as v ↑ R6890, and
the 3D joint positions, represented by s3D ↑ R24↘3. Additionally, the global
translation of a person can be captured using a parameter d ↑ R3. The pa-
rameter indicates the location information for positioning the SMPLmodel
in 3D space, specifically denoting the 3D coordinates of the root joint.

Delving into the technical details, the feature vectors gt and l
t, obtained

from the Keypoint and Anchor Points Modules respectively, are concate-
nated. This combined feature vector is then transformed into SMPL pa-
rameters using FC layers , as represented by the equation [θt, βt, dt] =

FC([gt, lt];wp), where wp represents the weight parameters of the MLP.
The mesh m

t = (vt, st3D) is subsequently derived from θt, βt, dt using the
pre-trained SMPL regression model [79], as m

t = SMPL(θt, βt) + d
t. To

ensure the pre-trained model’s integrity, which uniquely determines the
meshmodel from the pose and shape parameters, itsweights are kept fixed
during both the training and testing phases.

4.2.2 Loss Function

Our EventPointMesh network is trained using a comprehensive loss func-
tion designed to address key aspects such as pose, shape, translation, mesh
vertex, and 3D joint positions.

Pose Loss (Lpose) measures the Mean Squared Error (MSE) between the
predicted pose vector θt

k
and ground truth θ̂t

k
across all time-windows T
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and joints K.

Lpose =
1
TK

T

∑
t=1

K

∑
k=1

↓θt

k
↔ θ̂t

k
↓
2
2, (4.1)

Shape Loss (Lshape)mesures theMSE between the estimated shape param-
eter βt and its corresponding ground truth β̂t over all time-windows.

Lshape =
1
T

T

∑
t=1

↓βt
↔ β̂t

↓
2
2, (4.2)

Translation Loss (Ltrans) ensures accurate translation prediction by calcu-
lating the MSE between the predicted translation vector d

t and ground
truth d̂

t.

Ltrans =
1
T

T

∑
t=1

↓d
t
↔ d̂

t
↓
2
2, (4.3)

Vertex Loss (Lvert) aims to optimize the prediction of vertices bymeasuring
the MSE of predicted vertices vt with the ground truth v̂

t across all time-
windows and vertices P.

Lvert =
1
TP

T

∑
t=1

P

∑
p=1

↓v
t
↔ v̂

t
↓
2
2, (4.4)

3D Joint Loss (L3D) ensures accurate 3D joint position prediction by calcu-
lating the MSE of the predicted 3D joint positions st3D with their respective
ground truth ŝ

t

3D.

L3D =
1
TK

T

∑
t=1

K

∑
k=1

↓s
t

3D ↔ ŝ
t

3D↓
2
2, (4.5)

2D Joint Loss (L2D) measures the discrepancy between the predicted heat-
vector ht and its ground truth ĥ

t. To compute this loss, the ground truth
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3D joint positions ŝ3D are first projected onto the 2D image plane. Using
known camera parameters and the projection function ϱ, the 2D joint co-
ordinates ŝ2D = (ŝx, ŝy) are obtained by ŝ2D = ϱ(ŝ3D). Following the pro-
jection, a Gaussian filter is applied to generate the heat-vectors, which are
represented as ĥx = [ĥ0, ĥ1, ..., ĥi, ..., ĥW ] and ĥy = [ĥ0, ĥ1, ..., ĥj, ..., ĥH]. The
confidence values for ĥx are calculated as:

ĥi =
1

≃
2ϱσ

exp
(
↔
(i↔ ŝx)2

2σ2

)
. (4.6)

The confidence values for ĥy can be computed similarly by replacing iwith
j and ŝx with ŝy. To quantify the divergence between the predicted and
ground truth heat-vectors, the Kullback–Leibler (KL) divergence is em-
ployed:

L2D =
1
T

T

∑
t=1

KL(ht ↓ ĥ
t). (4.7)

Overall Loss (L) aggregates the aforementioned losses to train our Event-
PointMesh network and is described by:

L = λposeLpose + λshapeLshape + λtransLtrans

+λvertLvert + λ3DL3D + λ2DL2D.
(4.8)

In this formulation, the λ coe!cients serve as hyperparameters that bal-
ance the impact of each loss component during themodel’s training phase.
Notably, while mesh vertices v and 3D joint positions s3D are uniquely de-
termined by the pose parameters θ and shape paremeter β, the vertex loss
Lvert and the 3D joint loss L3D are included to enhance training stability
and accelerate convergence.

4.2.3 EventPointMesh Dataset (EPMD)

Why the Original Dataset is Required? We propose our original dataset
EPMD to address the lack of a dataset for HMR in low-light conditions,
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Figure 4.5: The EventPointMesh Dataset (EPMD) encompasses diverse ac-
tions from daily activities to sports motions. Subjects performed the ac-
tions multiple times in both well-lit and poorly-lit environments.

Table 4.1: Datasets for event-based human pose and shape estimation

Dataset Seq/Sub Frame Pose Shape Poorly-lit
Env.

DHP19 [10] 33/17 87k Yes No No
Yelan-Syn [169] 8/10 4M Yes No Yes
Yelan-Real [169] 4/9 446k Yes No Yes
EventCap [148] 2/6 N/A N/A N/A N/A
MMHPSD [175] 12/15 240k Yes Yes No
EPMD (Ours) 16/3 228k Yes Yes Yes

a domain where event cameras are particularly advantageous. Table 4.1
provides a comparison of EPMDwith existing datasets for HPE andHMR,
focusing onmetrics such as the number of sequences per subject, total sub-
jects, total frame count, as well as the availability of data on poses, shapes,
and poorly-lit environments. EPMDpresentsmesh data acquired in varied
lighting conditions, a feature not available in other HMR datasets such as
EventCap [148] andMMHPSD [175]. This enables the exploration of HMR
in lighting conditions where conventional frame-based cameras struggle,
highlighting the capabilities of event cameras. While the number of sub-
jects in our dataset is fewer than existing datasets, EPMD o"ers a compa-
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rable volume of captured data ranging from daily activities to sports mo-
tions, as illustrated in Fig. 4.5. This supports the creation of adaptable and
broadly applicable HMRmodels, in contrast to datasets like Yelan-Syn and
Yelan-Real [169], which are limited to dance movements. The dataset com-
prises not only mesh data but also synchronized intensity images, event
data, and optical MoCap marker data. This multifaceted composition en-
sures EPMD is a valuable resource for advancing HMR research, particu-
larly in challenging lighting conditions.

Data Acquisition. EPMD was acquired using two event cameras and an
opticalMoCap system. Weused iniVationDAVIS346models [9]with a spa-
tial resolution of 346↘ 260 pixels and a temporal resolution of 1 µs as event
cameras. These cameras recorded synchronized grayscale frame images
and event data, which were transmitted in packets. The event data within
these packetswere then converted into point clouddata segmented at fixed
time intervals for input into the network. The event point clouds contain
an average of 270k points per second across the entire dataset. The Opti-
TrackMotive [99] is used as the opticalMoCap system. Three subjectswere
asked to wear a MoCap suit with markers and were recorded performing
various motions. They performed medium-speed motions like walking,
jogging, jumping, waving hands, and kicking, as well as fast motions such
as fast running, dancing, boxing, kickboxing, baseball, tennis, badminton,
football, basketball, and javelin (Fig. 4.5). These actions are captured in
both bright and dark conditions. Our dataset includes approximately 228k
intensity frames shot at about 15fps in bright conditions and about 4fps in
dark conditions. It also contains event data synchronizedwith the intensity
images, MoCap marker trajectory data captured at 120fps, and data from
the generated SMPL mesh model, totaling about 3 hours. The study was
formally approved by the Bioethics Committee of the Graduate School of
Science and Technology at Keio University under approval number 2023-
112.
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Annotation. The annotation of the SMPLmesh model is conducted based
on the trajectory data of the MoCapmarkers. By labeling the markers with
their corresponding position names during recording with the OptiTrack,
it becomes feasible to employ the Mosh++ [80, 90] method, which fits the
SMPLmodel to the labeled marker data through optimization. The SMPL
model generated byMosh++ contains pose parameters, shape parameters,
vertex coordinates of the mesh model, 3D joint positions, and 3D transla-
tion data in the MoCap coordinate system. A total of 24 joints are anno-
tated, which include: Pelvis, Left and Right Hips, Left and Right Knees,
Left and Right Ankles, Left and Right Feet, Spine1, Spine2, Spine3, Neck,
Head, Left and Right Collars, Left and Right Shoulders, Left and Right El-
bows, Left and Right Wrists, and Left and Right Hands. The ground truth
data of 2D joint positions used in the Keypoints Module is acquired by
projecting the 3D joint positions onto the image in the event camera coor-
dinate system. The intrinsic camera parameters used in this projection are
obtained through calibration using a checkerboard pattern. The extrinsic
parameters are calculated by obtaining corresponding points in theMoCap
and event camera coordinate systems and solving the Perspective-n-Point
(PnP) problem.

4.3 Experiments

4.3.1 Experimental Settings

Dataset. To demonstrate the e!cacy of our approach, we employed both
the existing large-scale dataset MMHPSD [175] and our EPMD for experi-
ments. The MMHPSD comprises data from a total of 15 subjects: 11 males
and 4 females. Each subject performed a total of 21 di"erent motions, cate-
gorized into three groups based on speed: fast, middle, and slow. Eachmo-
tion was repeated four times. For each subject, 12 video clips (totaling 180
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clips) were collected, each consisting of approximately 1,300 frames span-
ning about a minute and a half at 15fps. Additionally, our EPMD uniquely
contains a rich set of data recorded in low-light conditions, which are not
found in existing datasets forHMR. Therefore, we used the EPMD to assess
the low-light robustness of our proposed method.

Implementation Details. During training, the event data was segmented
by time windows corresponding to the intervals of the intensity image
frames and treated as point cloud data between adjacent frames. Given
the vast volume of raw data points, which posed challenges in storage and
data processing, the point cloud within each time window was randomly
sampled down to 7,500 points to reduce data size. The sequence of event
data fed into the network was time series point cloud data for 15 consecu-
tive timewindows. In the KeypointsModule, we identified 13 primary hu-
man body joints (Pelvis, Left and Right Knee, Left and Right Ankle, Spine,
Head, Left and Right Shoulder, Left and Right Elbow, and Left and Right
Wrist) and estimated their 2D joint positions following Xue et al. [151]. In
the Anchor Points Module, we grouped the nearest 500 points from the
spatiotemporal domain based on the 2D Euclidean distance on the image
plane, centered around the 2D joint coordinates. For network training, we
employed the Adam optimizer [63]. The weights for each element in the
loss function, namely λpose, λshape, λtrans, λvert, λ3D, and λ2D, were empiri-
cally determined to be 10, 10, 10, 100, 10, and 1, respectively. To discourage
settling into local minima during the learning process, the learning rates
for the Base Module and Keypoints Module were set to 1e-4, while that of
the Anchor Points Module and SMPL Module were set to 1e-3, based on
experimental findings. The batch size was set to 8. End-to-end learning
was conducted across the entire network, including all modules.

EvaluationMetrics. Referring to the prior research [175], we evaluated ex-
perimental results using sixmetrics: mean per joint position error (MPJPE),
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pelvis-alignedMPJPE (PEL-MPJPE), Procrustes-alignedMPJPE (PA-MPJPE),
per vertex error (PVE), percentage of correct keypoints (PCKh@0.5), and
miss rate. In Table 4.2 and Table 4.4, MPJPE, PA-MPJPE, PEL-MPJPE, and
PVE are all denoted in mm.

MPJPE calculates the average 3DEuclideandistance between the ground
truth and estimated joint positions. PEL-MPJPE computes MPJPE after
aligning the translation of the root joint. PA-MPJPE is an evaluation met-
ric that calculates MPJPE after applying a Procrustes analysis [32], which
aligns the predicted and ground true poses byminimizing the distances be-
tween corresponding joints through translation, scaling, and rotation ad-
justments. PVEmetric assesses the 3D Euclidean distance between the true
and estimated coordinates of each vertex of the SMPLmeshmodel. MPJPE
and PVE are respectively computed using the following equations.

MPJPE =
1
TK

T

∑
t=1

K

∑
k=1

↓s3D
k

t ↔ ˆs3Dk

t↓2, (4.9)

PVE =
1
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T

∑
t=1

P

∑
p=1

↓q
p

t
↔ q̂

p

t
↓2, (4.10)

In the above equation, T,K, P, s3D, and q represent the number of timewin-
dows for the event point clouds, the number of body joints, the number of
vertices in the SMPLmesh model, the 3D coordinates of the joints, and the
vertex coordinates of the SMPL mesh model, respectively. ŝ3D and q̂ rep-
resent the ground truth corresponding to the estimated values s3D and q.
PCKh@0.5 evaluates the percentage of joints whose Euclidean distance be-
tween the ground truth and the estimated position is less than 50% of the
bone length from the neck to the head. Miss rate evaluates the percentage
of failure to output a mesh in the test data.
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Table 4.2: Quantitative results from experiments using the MMHPSD and
EPMD datasets.

Method MPJPE
[mm] (⇐)

PEL-MPJPE
[mm] (⇐)

PA-MPJPE
[mm] (⇐)

PVE
[mm] (⇐)

PCKh@0.5
[%] (⇒)

Miss Rate
[%] (⇐)

MMHPSD Dataset (All-Subject)

EventHPE(GT) 72.3 52.6 41.3 50.5 86.0 -
EventHPE(VIBE) - 71.3 51.4 (70.5) 79.6 1.4

EPM(Ours) 97.4 59.1 42.8 51.9 84.8 0.0

MMHPSD Dataset (Cross-Subject)

EventHPE(GT) 103.9 80.4 64.8 79.0 76.0 -
EventHPE(VIBE) - 88.5 66.6 (86.0) 69.3 1.4

EPM(Ours) 145.1 86.3 61.6 74.7 71.9 0.0

EPMD Dataset (All-Subject)

EventHPE(GT) 198.0 90.3 71.2 81.1 70.2 -
EventHPE(VIBE) - 128.9 95.7 (109.0) 55.0 2.1

EPM(Ours) 110.7 86.0 60.7 71.8 71.7 0.0

4.3.2 Comparison Against Event-based Methods.

Through three experiments utilizing two distinct datasets, MMHPSD and
EPMD, we demonstrate the e!cacy of our approach in estimating meshes
solely from event data compared to baseline methods. The experiments
were conductedunder twodi"erent settings: (i) an all-subject setting, where
data for all subjects was divided into training and test sets, and (ii) a cross-
subject setting, where di"erent subjects’ data were used for training and
testing. Given the large number of subjects included in the MMHPSD, the
experiment was conducted under both conditions (i) and (ii). On the other
hand, EPMD, designed for assessing performance under diverse lighting
conditions, contains fewer subjects; hence, only condition (i) was applied
in its experiments. This subsection first details the baseline methods, fol-
lowed by a description of the experiments conducted using each dataset.

Baseline Methods. Our approach is the first to estimate the 3D human
meshes solely from the point cloud of event data, and no existing methods
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Figure 4.6: Qualitative results from the experiment using MMHPSD as de-
tailed in Sec 4.3.2. The top rows display the results under the all-subject
setting, while the bottom rows show the results under the cross-subject
setting. Although our proposed method only uses event data as input,
it estimates the mesh with an accuracy comparable to EventHPE(VIBE),
which uses intensity images to estimate the initial mesh for each sequence,
and EventHPE(GT), which employs ground truth mesh.

are tackling the same task. Therefore, we compared our network model
against EventHPE [175], a similar approach to ours. EventHPE di"ers sig-
nificantly from our method in that it requires intensity images in addition
to event frames to obtain the initial mesh model at the starting point for
the sequence. Subsequent meshmodels in the sequence are then estimated
based on their displacements from this initial model. EventHPE computes
this initialmeshmodel by usingVIBE [65], which estimates the SMPLmesh
from videos.

Throughout the experiments, EventHPEusingVIBE is denoted as Even-
tHPE(VIBE), and the method using the ground truth mesh as the initial
mesh of the sequence is referred to as EventHPE(GT). Following the ex-
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perimental setup of Zou et al. [175], EventHPE(GT) operates under the as-
sumption that the mesh of the initial frame in each sequence is known,
and the sequence consists of 8 frames. This method represents the upper
bound of estimation accuracy that EventHPE network can achieve. In Ta-
ble 4.2, the highest accuracy values, when including EventHPE(GT), are
underlined, while the best scores excluding it are highlighted in bold. The
VIBE [65] estimates camera parameters based on a weak perspective pro-
jection model, not accounting for global translation, and thus we do not
report MPJPE for EventHPE(VIBE). Additionally, the mesh model used by
VIBE is a gender-neutral model, unlike the gender-specific models used in
MMHPSD and EPMD. Consequently, the PVE values for EventHPE(VIBE)
are provided in parentheses as reference values.

Evaluation on MMHPSD (All-Subject). We evaluated the generaliza-
tion ability of the models under the all-subject setting. Specifically, the net-
works were trained using three out of the four video sequences represent-
ing each subject’s actions and used the remaining sequence for testing. The
qualitative and quantitative results are presented in Table 4.2 and the up-
per part of Fig. 4.6, respectively. A comparison of the methods, as shown
in Fig.4.6, reveals that despite slight discrepancies in body orientation and
limb positions, the models generally achieve mesh estimations of high ac-
curacy that closely mirror the ground truth. A detailed examination of
Table4.2, which presents results across the entire test dataset, indicates that
EventHPE(GT) with ground truth-based initialization achieves the highest
accuracy. Without EventHPE(GT), our method EPM(Ours) emerged as the
most accurate. This underscores that our approach, despite not relying on
intensity images, outperforms existingmethods that estimatemeshes from
intensity images and event data.

Evaluation on MMHPSD (Cross-Subject). We aimed to assess the gen-
eralization performance of the models across di"erent subjects. We con-
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ducted a cross-subject evaluation by training our network on data from
12 out of the 15 subjects and employing the remaining 3 subjects’ data for
testing. The qualitative and quantitative results are shown in Table 4.2 and
the lower part of Fig. 4.6, respectively. Our method consistently surpassed
EventHPE(VIBE) in all metrics, and the results for PEL-MPJPE and PVE
were even better than those for EventHPE(GT). PEL-MPJPE and PVE eval-
uate the error in 3D joint coordinates when aligning translation and rota-
tion of the root joint. These outcomes suggest that our method excels in
estimating the pose and shape relative to the root joint from event data
compared to that of EventHPE [175]. However, the influence of root joint
rotation on accuracy was evident, indicating room for improvement.

Comparing the outcomes for the all-subject setting and the cross-subject
setting revealed that all metrics degraded in the cross-subject setting, hint-
ing at a reduced estimation accuracy when predicting non-included indi-
viduals. This suggests that variations in the same movements by di"erent
subjects, along with di"erences in clothing and physique, led to distinct
event data characteristics. Future work could focus on developing tech-
niques to mitigate the e"ects of clothing and physique variations on data
characteristics.

Evaluation on EPMD (All-Subject). To evaluate the robustness of the
methods against variations in lighting, we conducted an all-subject eval-
uation using EPMD that contains data captured while subjects performed
various medium to high-speed movements in both well-lit and poorly-lit
environments. Due to the limited number of subjects, in this experiment,
we utilized 80%of the takes from each subject’s data for training and the re-
maining 20% for testing. The experimental results are presented in Fig. 4.7
and Table 4.2. The optical flows, displayed in Fig. 4.7, were estimated by
the FlowNet module used in EventHPE. It is important to note that in our
experiments, this optical flow is commonly utilized in both EventHPE(GT)
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Figure 4.7: Qualitative results from the experiment using EPMD under the
all-subject setting (Sec 4.3.2). The top two rows display well-lit data re-
sults, while the bottom two rows show poorly-lit data results. The images,
segmented into four blocks separated by wide spaces, are adjacent frames
arranged in the top and bottom rows. Note that the Optical Flow, assisting
mesh estimation in EventHPE(VIBE) and EventHPE(GT), comes from the
FlowNet module and is unrelated to EMP (Ours).

and EventHPE(VIBE). In contrast, our proposedmethod, EPM(Ours), does
not make use of optical flow.

As can be seen from Table 4.2, our method achieved the highest ac-
curacy across all metrics, even when including EventHPE(GT). While the
EventHPE [175] inputs not only the event frames but also the optical flow
estimated from them into the mesh estimation network ShapeNet, its per-
formance tends to deteriorate when the optical flow estimation is not accu-
rate, as illustrated in the lower part of Fig. 4.7. In particular, in the bottom
right two rows showcasing the EventHPE method, both adjacent frames
appear to be in almost the same pose. This is due to EventHPE’s mecha-
nism of using a sequence of data comprising optical flow and event frames
from eight adjacent frames for mesh estimation. If the sequence includes
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an optical flow that has significantly failed in estimation, it greatly impacts
the accuracy of subsequent frame estimations, resulting in a failure to repli-
cate changes in the subject’s movement.

One potential cause for these inaccuracies in optical flow estimation
lies in the presence of motion blur in the intensity images and the reduced
frame rates. When capturing data in dim lighting, the camera requires
longer exposure times to gather su!cient light, leading not only to mo-
tion blur but also to reduced frame rates. This reduction in frame rate
means that the poses between adjacent frames can vary significantly. Since
EventHPE trains its FlowNet to predict optical flow based on such inten-
sity images, both the motion blur and the large pose di"erences between
frames can hinder accurate optical flow estimation. This adverse e"ect im-
pacts not just the EventHPE [175] network but also VIBE [65], which is
utilized to predict the mesh of the sequence’s initial frame. In contrast,
EventPointMesh can estimate meshes with high accuracy without being
a"ected by issues related to intensity images.

The miss rate in Table 4.2 indicates the proportion of test data frames
where the mesh was not estimated. EventHPE(VIBE) failed to estimate
the mesh for 1.4% of the frames in MMHPSD and 2.1% in EPMD, result-
ing in missing outputs. In contrast, our method, which solely relies on
event data without using intensity images, achieves the miss rate of 0.0%
as it is not subject to the adverse e"ects of the intensity image caused by
the dark environment. The miss rate of 0.0% represents an absolute zero
value, indicating that our proposedmethod reliably outputs ameshmodel
based on the input event data. The presence of missing parts in the esti-
mated mesh could necessitate additional processing, such as motion infill-
ing, to fill in the gaps, particularly in applications requiring online stream-
ing. This could potentially a"ect real-time performance. From this per-
spective, the error rate of 0.0% for our proposed method is an important
and beneficial metric for the development of future applications.
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Table 4.3: Quantitative Results of the Comparison between
Event-based and Frame-based Methods.

Method PEL-MPJPE
[mm] (⇐)

PA-MPJPE
[mm] (⇐)

PVE
[mm] (⇐)

VIBE(L) 150.4 75.6 89.7
VIBE(D) 212.9 123.8 145.7

VIBE(L+D) 158.9 82.1 97.3

EPM(L) 84.4 59.4 70.0
EPM(D) 103.3 75.0 90.2

EPM(L+D) 86.0 60.7 71.8

4.3.3 Comparison Against a Frame-based Method

We demonstrate the e"ectiveness of our method utilizing an event cam-
era under conditions that are challenging for traditional frame-based cam-
eras, namely dim environments where images tend to become dark, un-
clear, and prone to motion blur. To this end, we conduct accuracy com-
parison experiments between the existing frame-based camera method,
VIBE [65], and our proposed method, EventPointMesh. We divided the
EPMDdataset into data captured in light anddark environments and tested
both VIBE and EventPointMesh against each setting. The event camera
used in this study dynamically adjusts exposure time according to light-
ing conditions to obtain imageswith su!cient brightness. During our data
collection, the camera captured at approximately 15fps in light environ-
ments and around 4fps in dark environments. Consequently, the number
of frames was 188k in the light environment and 40k in the dark envi-
ronment, leading to an imbalance in the number of frames between the
two conditions. However, since the subjects performed the same actions
for the same duration under both lighting conditions, the data is balanced
in terms of the types and frequency of actions performed by the subjects
across both conditions. Tests conducted in light environments are denoted
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Figure 4.8: Qualitative results of the experiment comparing our event-
based method with the frame-based method. The top row displays the
mesh estimation results of bothmethods in bright environments, while the
bottom row presents the estimation results in dark environments.

as VIBE(L) and EPM(L), while those in dark environments are marked as
VIBE(D) and EPM(D). Tests on data from both lighting environments com-
bined are labeled as VIBE(L+D) and EPM(L+D). The results of these ex-
periments are presented in Table 4.3. Additionally, qualitative results are
shown in Fig. 4.8.

The results fromTable 4.3 demonstrate that our proposedmethod achieves
higher accuracy across all conditions, whether in light, dark, or mixed
environments. Such a consistent performance gap is considered to stem
from di"erences in the ability to represent temporal information between
frame-based and event-based methods. While frame-based approaches
rely solely on static appearance information observed at discrete frame
timestamps, EventPointMesh exploits events occurring within the same
time interval, enabling it to capture whether motion occurs within short
durations as well as the magnitude of such changes. Furthermore, com-
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paring the relative increase in error from light (L) to dark (D) environ-
ments between VIBE and EPM reveals that VIBE experiences a larger in-
crease in error. For instance, while EPM shows an increase of +22.4% in
PEL-MPJPE and +26.3% in PA-MPJPE, VIBE’s errors escalate to +41.6% in
PEL-MPJPE and +63.8% in PA-MPJPE. This indicates that the frame-based
method VIBE is more adversely a"ected by dim lighting. Moreover, com-
paring the increase in the magnitude of PEL-MPJPE relative to PA-MPJPE
in dark environments (D), EPM increases by +37.7%, whereas VIBE signif-
icantly jumps to +72.0%.

This disparity suggests that VIBE, when estimating meshes in dark en-
vironments, often misestimates the orientation of the person, confusing
the front and back. The top row of Fig. 4.8 presents the estimation results
of EPM and VIBE in light environments, while the bottom row shows the
results in dark environments. It is evident in the dark environments that
VIBE reverses the orientation of the person compared to the ground truth
mesh. This phenomenon leads to a relatively larger error in PEL-MPJPE,
which calculates error after aligning the root joint’s position only, com-
pared to PA-MPJPE, which aligns position, rotation, and scale for error cal-
culation. The results from both quantitative and qualitative analyses indi-
cate thatVIBE,whichutilizes traditional frame-based cameras, experiences
a significant degradation in estimation accuracy in dark environments. In
contrast, EventPointMesh, which solely relies on event data, shows a mi-
nor decrease in estimation accuracy. These findings demonstrate the high
robustness of our proposed method against dim lighting conditions.

4.3.4 Ablation Study

We conduct an ablation study to verify the contribution of our coarse-to-
fine feature extraction to the accuracy of mesh estimation. The architec-
ture of our EPM network leverages the global features from the Keypoints
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Table 4.4: Quantitative results from the ablation study

Method MPJPE
[mm] (⇐)

PEL-MPJPE
[mm] (⇐)

PA-MPJPE
[mm] (⇐)

PVE
[mm] (⇐)

PCKh@0.5
[%] (⇒)

EPM(G) 115.8 89.3 63.2 73.3 69.9
EPM(L) 116.0 87.0 61.8 71.9 71.0

EPM(G+L) 110.7 86.0 60.7 71.8 71.7

Module and the local features from the Anchor Points Module. Both these
features are integrated within the SMPL Module. To illustrate the contri-
butions of these elements to mesh estimation, we evaluate the accuracy
of estimation when each component is omitted. We denote the method
that estimates meshes using only global features as EPM(G), the method
using only local features as EPM(L), and the method leveraging both as
EPM(G+L). The results of the experiments are presented in Table 4.4.

The results indicated that EPM(G+L) achieved the highest scores across
allmetrics. When comparingEPM(G) andEPM(L), itwas found that EPM(G)
had higher accuracy in MPJPE, while EPM(L) scored higher in both PEL-
MPJPE and PA-MPJPE. MPJPE is a metric that evaluates the 3D Euclidean
distance of joint coordinates without aligning the estimated and ground
true poses in terms of position, rotation, and scale. Therefore, it is reason-
able that EPM(G),which captures the coarse global features of humanpose,
3D position, and body shape, performed better in MPJPE. On the other
hand, PEL-MPJPE applies MPJPE after aligning the position of the root
joint, and PA-MPJPE applies MPJPE after aligning translation, rotation,
and scale. The higher accuracy of EPM(L) in these metrics suggests that
focusing on the finer details around each joint led to better precision than
EPM(G). As global and local features can be complementary, the combined
use of both in EPM(G+L) resulted in further improved accuracy over either
approach alone. Therefore, our pioneering coarse-to-fine feature extrac-
tion approach, initially extracting coarse global features of the event point
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Figure 4.9: Qualitative results of the Task2 described in Sec. 4.3.5. The
topmost “EPM(img)” represents our method’s results when segmenting
events according to the intensity image frame rate, which varies with the
lighting conditions. The middle “EPM(120)” shows the outcomes when
segmenting events and estimating the meshes at the same 120fps. The bot-
tom “GT” shows the ground truthmesheswith a frame rate of 120fps. Note
that the transparentmeshes in the bottom two rows are only for visual clar-
ity; there is no di"erence from the opaque meshes.

cloud and then grouping the spatiotemporal event point cloud around
each joint to extract detailed local features, demonstrates e"ectiveness in
HMR using only event data.

4.3.5 Evaluation Under Various Input Conditions

Task1: Di!erent length of input event sequence. This experiment was
conducted to evaluate the e"ectiveness of feeding the event point cloud
into the network as sequential temporal data. In our EPM network, we
incorporate BiLSTM into both the Keypoints Module and Anchor Points
Modules to consider the temporal characteristics of the input event point
clouds. We demonstrate the e!cacy of the proposed network architecture
that accounts for temporal features by evaluating the accuracy of the esti-
mated mesh from varying lengths of event data. In this study, the event
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Table 4.5: Quantitative evaluation under various input conditions.

Method MPJPE
[mm] (⇐)

PEL-MPJPE
[mm] (⇐)

PA-MPJPE
[mm] (⇐)

PVE
[mm] (⇐)

PCKh@0.5
[%] (⇒)

Task1
EPM(1) 167.3 138.1 97.2 111.0 51.7
EPM(5) 125.2 100.8 70.5 82.4 65.8
EPM(15) 110.7 86.0 60.7 71.8 71.7

Task2 EPM(120) 160.6 129.3 90.6 105.6 54.8
EPM(img) 110.7 86.0 60.7 71.8 71.7

point clouds fed into the network were divided into individual time win-
dows between intensity image frames. We experimented with three pat-
terns: feeding event point clouds from 1, 5, and 15 continuous time win-
dows into the model, denoted as EPM(1), EPM(5), and EPM(15) respec-
tively. The experimental results are shown in Table 4.5.

The results indicate that EPM(15) yielded the highest mesh estimation
accuracy, demonstrating the e"ectiveness of extracting temporal features
for mesh estimation. Due to the event cameras’ nature, they don’t cap-
ture static parts of the subject. This makes estimating the entire bodymesh
from brief event data segments, such as a single timewindow, challenging.
However, our proposed network overcomes these limitations, enabling
high-precision mesh estimation.

Task2: Di!erent width of time-window. We evaluate the precision of
mesh estimation over di"erent time-windowwidths, assessing how adapt-
ably the EventPointMesh network can handle variations in time-window
sizes. In previously discussed experiments, event datawere segmented ac-
cording to the frame rate of intensity images captured by the event camera.
The frame rate of intensity imageswithin the EPMD is roughly 15fps under
well-lit conditions and about 4fps in poorly-lit scenarios. Prior research,
EventHPE [175], estimated the mesh synchronized to the frame rate of the
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intensity images taken with the event camera. This approach inherently
limits the maximum frame rate of the output mesh to that of the intensity
images. In contrast, our EventPointMesh does not rely on intensity images,
allowing it to process input event data at any chosen time window. Conse-
quently, we carried out training and testing with event data segmented to
match the 120fps time window, corresponding to the optical MoCap [99]
data.

The experimental results are presented in Figure 4.9 and Table 4.5. The
method segmented based on the frame rate of intensity images is labeled as
EPM(img), while the one conducted at 120fps is defined as EPM(120). The
results show that althoughEPM(120) is slightly less e"ective thanEPM(img),
it still possesses su!cient capability for mesh estimation. The decrease in
accuracy for EPM(120) compared to EPM(img) can be attributed to the sig-
nificantly reduced amount of event information in the time windowwhen
operating at a high frame rate and the subject’s movements are slow. In
this experiment, the number of events per time window is set to 7500, and
if the detected number of events falls below this, points are randomly du-
plicated to increase to 7500, but this does not add useful information for
reconstructing themovement. Therefore, at this stage, increasing the frame
rate reduces the number of events per timewindow, thereby decreasing the
estimation accuracy. Addressing this issue by developing a mechanism
that can extract useful information from a small number of events, rather
than randomly duplicating them, could lead to the construction of a higher
frame rate method.

Figure 4.9 demonstrates that our proposed method can achieve HMR
at a high frame rate comparable to traditional optical motion capture (Mo-
Cap). This indicates that even in challenging environments for traditional
frame-based cameras, such as poorly-lit conditions like dark rooms and
high-speed subject movements, our method enables a simplified 3D HMR
with just a single monocular event camera.
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4.4 Discussion and Limitations

4.4.1 Failure Cases

Our method has liberated event-based HMR from dependence on inten-
sity images, enhancing its applicability in real-world scenarios. Moreover,
although our approach involves bidirectionality in its processing, it can
sequentially estimate meshes from event point clouds, making it feasible
for transition to online applications. Specifically, there is potential for uti-
lizing our method in activity monitoring systems within environments re-
quiring privacy, such as hospitals, care facilities, and homes. Additionally,
for existing e"orts in developing projection mapping that projects video
fitted to the body of performers on stage in real-time, our method o"ers a
highly beneficial system capable of handling fast movements in dark en-
vironments. However, towards the realization of such applications, there
are several scenarios where we currently face challenges, necessitating im-
provements. Below, we discuss several representative failure cases and the
corresponding strategies for addressing them.

Case 1: Few or no detected events. This case considers three types of
scenarios. The first and most common scenario is when there is mini-
mal movement of the body. Event cameras function by detecting per-pixel
changes in luminance. Thus, movements that are not significant but still
result in changes in luminance values will be detected as events. Since
EventPointMesh utilizes time-series point cloud data as input, it is capa-
ble of estimating the most plausible pose for the entire body by leveraging
the features from event point clouds of other moving body parts, even if
events for a specific part of the body are temporarily sparse. This capabil-
ity is evidenced in Fig. 4.6, where accurate mesh estimations are achieved
even in instances where a body part is not captured in the events.
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However, with the current network architecture, if the 2D joint posi-
tions estimated by the Keypoint Module are incorrect, it can result in the
inability to extract useful information from the point cloud for mesh esti-
mation in that local area, or it might capture features that adversely a"ect
the estimations of subsequentmodules. One e"ective solution to this prob-
lem could involve modifying the loss function used in the Keypoint Mod-
ule for estimating 2D joint positions from KL divergence to Negative Log-
Likelihood. This adjustment would allow the estimation process to also
yield confidence levels, which could then be used by the Anchor Points
Module to more accurately extract local features. Consequently, this could
enhance the transmission of only the most beneficial local features to sub-
sequentmodules. The potential benefits of this refinementwill be explored
in future research to develop the method further.

Nevertheless, the current system, which utilizes BiLSTM to account for
temporal relationships, can result in the output of meshes with high uncer-
tainty in situations where there is a prolonged static state, as it may lead
to the loss of information supporting the presence of certain body parts.
An e"ective solution to such long-term event omissions could be the im-
plementation of autoregressive network architectures. An autoregressive
network incorporates a loop structure that feeds the pose information, the
output of the current time window, combined with the event data for the
next time window as input to estimate the pose for the next time window.
This means that once the pose has been estimated from the events associ-
ated with movement of body parts, the existence of these parts can still be
inferred in their last known positions even if no new events are generated
due to their lack of movement. Hence, it is anticipated that accurate esti-
mations of the entire body pose at any given moment can be made based
on the pose information carried over from previous time windows, even
in cases where no events are detected over an extended period.
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When designing such an autoregressive network, an important con-
sideration is computational e!ciency, particularly in long-horizon infer-
ence settings. In this study, event data are processed using fixed temporal
windows. However, given the characteristics of event cameras, a uniform
time-based processing scheme is not necessarily optimal. For example, al-
ternative strategies could include processing data when a certain number
of events have been accumulated, or dynamically adjusting the amount of
computation within fixed time intervals by simplifying processing when
only a small number of events are present. Such adaptive processingmech-
anisms, which respond to the density of incoming event data, have the
potential to reduce redundant computations and improve overall compu-
tational e!ciency and inference speed.

The second scenario involves situations where parts or the entirety of
the subject’s body move out of the camera’s field of view, a common oc-
currence in real-world applications utilizing video-based pose estimation
methods. The EPMD dataset assumes that the subject remains within the
camera’s field of view, with almost all data capturing the full body. Conse-
quently, the pose estimation accuracy decreases in this scenario due to the
network being trained on such data. When only a small part of the body
(such as the hands, feet, or head) moves out of view, the system can still
estimate a plausible 3D body model that includes the body parts located
outside the 2D image frame by utilizing temporal point cloud features and
the structural constraints of the parametric human model. However, as
the amount of the body outside the field of view increases, the accuracy of
position and pose estimation deteriorates, ultimately leading to an unex-
pected output as illustrated in the upper part of Fig. 4.10. Ideally, no mesh
model should be generated when the subject is outside the camera’s view,
as no events occur within the frame. However, the current system pro-
duces a standing pose mesh, likely because the model outputs the most
common pose within the dataset when faced with such an unfamiliar sce-
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GTIntensity EPMEvent

Figure 4.10: Failure cases of mesh estimation by EventPointMesh. The top
row presents the output of our method for a scenario discussed in 4.4.1
Case 1, where the subject steps out of the camera’s view. Currently, in cases
where no events are generated due to the absence of the subject, a mesh in
a typical standing pose is outputted. The bottom row shows an example of
mesh estimationwhen events are generated by parts other than the subject,
as discussed in 4.4.1 Case 2. It demonstrates that the presence of shadows
causing events can lead to a reduction in mesh estimation accuracy.

nario. To address this issue, incorporating amechanism commonly known
as the “top-down approach” in RGB image-based pose estimation meth-
ods, which estimates poses based on bounding boxes detected as human
regions, could e"ectively handle situationswhere the subject moves in and
out of the field of view.

The third scenario occurswhen insu!cient lighting prevent the genera-
tion of events. The EPMDdataset includes event data captured under both
well-lit and poorly-lit lighting conditions. In Fig. 4.7, event data captured
in dim environments appears to have more background noise compared
to that from well-lit environments at first glance. However, this appear-
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ance is due to accumulating event point clouds over long time windows
to match the frame rate of intensity images, creating a single event frame.
Thus, event cameras fundamentally are not adversely a"ected by dark en-
vironments and can accurately capture the movements of subjects with
high temporal resolution without blurring. Nonetheless, poor lighting can
impact the accuracy of event data. This issue arises in lighting conditions
so dim that the changes in luminance caused by the subject’s movement do
not exceed the threshold set on the event camera device for detecting event
occurrences. In such extremely dark environments, it might be preferable
to use night vision cameras utilizing infrared instead of event cameras.

Case 2: Events caused by entities other than the subject. Our method
faces challenges even when events are generated by entities other than a
single subject, such as multiple people within the frame or movements of
the camera itself. EPMD dataset is specifically designed for a stationary
event camera capturing a single subject. When other humans or dynamic
objects enter the field of view, or the camera moves, events unrelated to
the subject’s movement are detected, which can significantly compromise
the accuracy of mesh estimation. Indeed, some data in the EPMD dataset
captured in dim environments show shadows cast on the wall behind the
subject. The bottom rowof Fig. 4.10 presents an examplewhere such condi-
tions have led to a decrease in estimation accuracy. As illustrated by the in-
tensity and event images in the figure, the presence of a shadow on the left
side of the subject can disrupt event patterns to an extent that currently im-
pacts mesh estimation accuracy. Therefore, the addition of other people’s
movements or camera motion is expected to further reduce estimation ac-
curacy. One potential solution to this problem is to enrich the dataset with
real or synthesized data capturing scenes withmultiple humans or objects,
or where the camera is in motion. Alternatively, introducing detectors and
trackers to segment event data by individual or object and estimating the
intended subject’s pose could be an e"ective approach.
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4.4.2 Room for Improvement in Event-based HMR

Existing event-basedHMRmethods, including this study, still leave an im-
portant aspect unaddressed: the ability to accurately represent the clothing
worn by the subjects. As demonstrated by the results of the experiment in
the Sec. 4.3.2 “Evaluation on MMHPSD (Cross-Subject)”, di"erences in
clothing and individual subject movements lead to variations in events,
which in turn a"ect the accuracy of mesh reconstruction. This issue be-
comes more pronounced in EPMD, where the limited number of subjects
worsens the problem. Addressing this challenge necessitates the creation
ofmore diverse datasets through the augmentation of subject numbers and
the use of data synthesis with computer graphics in future work.

In addition to this issue, there are more fundamental problems that re-
quire deeper solutions. Both the MMHPSD and EPMD datasets utilize the
SMPL model to replicate the body shape including clothing. However,
models trained on such datasets face limitations in generalizing across di-
verse clothing types when applied in real-world settings. While MMH-
PSD attempts to fit the SMPLmodel to the 3D shapes reconstructed using
multiple RGB-D cameras around subjects in various outfits, this approach
struggles with accurately representing oversized clothes or skirts. Simi-
larly, EPMD employs optical MoCap to capture motion data, necessitating
the use of specialized suits for attaching opticalmarkers. Consequently, the
placement and number of markers can alter the shape of the SMPLmodel,
also presenting challenges in accommodating diverse clothing styles.

While this issue is also present in HMR using traditional frame-based
cameras, it is particularly pressing for event cameras due to their principle
of capturing only the subject’s movement. The fluctuation of clothing has
a significant impact on the captured event data, demanding more thor-
ough solutions. In future research, one potential solution could involve
constructing mesh models that di"erentiate between the subject’s body
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shape and the shape of their clothing. Additionally, developing mecha-
nisms capable of distinguishing whether captured events are caused by
body movement or clothing movement will also be crucial for achieving
more accurate HMR.

4.5 Summary

This chapter explored the potential of using event data exclusively for ef-
fective humanmesh recovery (HMR), bypassing the limitations of conven-
tional intensity images. Our proposedEventPointMesh frameworkdemon-
strated superior performance by interpreting event data as a 3D spatio-
temporal point cloud and leveraging both global and local features. The
series of experiments and the ablation study a!rmed the e!cacy of our
approach, especially under varied lighting conditions. However, several
challenges remain, such as capturing static body parts in event data, peo-
ple entering and exiting the frame, and events caused by objects other than
the subject. Future endeavors will focus on enhancing accuracy and adapt-
ability in real-world scenarios, but our current achievements represent a
significant leap in event-based HMR, paving the way for e!cient method-
ologies in challenging conditions.

While event-driven sensing o"ers clear robustness advantages, select-
ing the appropriate sensing modality ultimately depends on the target ap-
plication. In many everyday scenarios, long-term monitoring or privacy
considerationsmay render vision sensors less suitable. In such cases, lever-
aging non-vision sensors naturally integrated into dailywear, without adding
burden to users, becomes essential. Motivated by this perspective, the next
chapter investigates a gait estimationmethod using shoe-embedded IMUs,
a minimal and unobtrusive sensor configuration well suited for continu-
ous gait analysis in clinical and real-world environments.



Chapter 5

IMU-based Gait Estimation

Gait is a fundamental aspect of human mobility, and disruptions in nor-
mal gait can significantly reduce quality of life (QOL). Although recent
advances in 3D gait analysis (3DGA) enable precise, quantitative assess-
ments, these methods are typically confined to controlled laboratory envi-
ronments and thus fail to accurately capture natural gait variability. Con-
versely, wearable IMU sensors o"er cost-e"ective, portable solutions for
capturing movements across diverse settings but face challenges such as
invasiveness and sensor drift. In this chapter, we propose “Gait Inertial
Poser (GIP),” a novel method estimating 3D full-body pose during straight
walking on flat ground, using only two shoe-embedded IMU sensors. GIP
initially estimates personalized body shapes from user attributes (height,
weight, age, gender) and then employs a Transformer-based module to in-
fer gait motion parameters from IMU data. To ensure temporal continuity
and smoothness of the estimated motion, we further introduce a smooth-
ing module based on a Variational Autoencoder (VAE), which further in-
corporates a specialized loss function that explicitly enforces kinematic
constraints during foot-ground contact, thereby improving the overall es-
timation accuracy. Comprehensive experiments conducted on two pub-
lic datasets quantitatively and qualitatively demonstrate that GIP achieves

79
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Figure 5.1: Overview of the proposed Gait Inertial Poser (GIP). (a) User
wearing minimal inertial measurement units (IMUs) attached only to shoe
soles, enabling unobtrusive daily gaitmeasurement. (b) Input data consist-
ing of easily obtainable user attributes (height, weight, age, gender) and
IMU measurements (acceleration and angular velocity). These inputs al-
low estimation of the user’s personalized bodymodel and gait parameters,
including gait phase, velocity, and joint angles. (c) Final output visualizing
smooth, accurate full-body walking motions tailored to the user’s charac-
teristics.

high accuracy in straight-line walking. This approach overcomes limita-
tions of traditional laboratory-based methods, opening new opportunities
for real-time monitoring and remote rehabilitation in everyday environ-
ments.

5.1 Background

Gait is the most fundamental mode of human locomotion, encompassing
critical information about a person’s health and physical capabilities, such
as gait phase, stride length, and muscle strength. Quantitative analysis
of this information, known as gait analysis, is widely utilized in medical
fields for diagnosing patients, monitoring disease progression, and eval-
uating treatment and rehabilitation e"ectiveness [8, 143]. It also plays a
significant role in sports science and rehabilitation research. Traditionally,
clinical gait analysis has relied heavily on subjective evaluations through
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visual observation by healthcare professionals and self-reports by patients.
However, these methods are prone to variability among evaluators and
human error. While Instrumented Gait Analysis (IGA), utilizing optical
motion capture systems and force plates, provides objective and precise
measurements [144], it is confined to laboratory settings and often fails to
accurately reflect natural walking behaviors in daily life [13, 115, 119].

Recently, there has been growing interest in gait analysis methods em-
ploying InertialMeasurementUnits (IMUs) to overcome these limitations [47,
112]. IMUs are compact, lightweight, cost-e"ective, and easily wearable,
making them suitable for continuous gait measurement in various every-
day environments. A conventional IMU-based method reconstructs foot
trajectories by double integrating acceleration data [41, 68, 135]. Addition-
ally, numerousmachine learning-based approaches have been proposed to
estimate lower-limbor full-body joint angles during gait from IMUdata [66,
97, 98, 121]. More recently, methods have emerged capable of estimating
not only joint angles but also full-body motion trajectories using only a
few body-worn IMUs [59, 149, 156, 157]. However, these methods su"er
from reduced estimation accuracy due to drift issues, including cumula-
tive trajectory errors resulting from integration, and inaccuracies in global
orientation information input into neural networks. These drift issues arise
from the lack of absolute positioning in IMU sensors, as well as the inher-
ent noise and measurement errors in IMU data.

To address these issues, we propose a novel method named “Gait Iner-
tial Poser (GIP).” As illustrated in Figure 5.1, (a) GIP employs only two
IMU sensors embedded in shoes, enabling non-invasive and highly ac-
curate full-body gait motion estimation during straight walking on flat
ground, suitable for unobtrusive measurements in daily life. (b) Addi-
tionally, the method leverages individual user attributes such as height,
weight, age, and gender, enabling precise motion estimation tailored to
each user’s body shape. Specifically, user-specific body models are esti-
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mated from these attributes, and detailed gait parameters, including gait
phases, walking velocity, and joint angles, are derived from IMU accelera-
tion and angular velocity data via deep learningmodels. (c) By integrating
these estimations, our approach enables the reconstruction of natural and
precise full-body gait poses reflecting individual characteristics.

A key feature of our proposed method is intentionally limiting motion
estimation to linear gait patterns. This design choice is critical to enabling
highly accurate and practical gait motion estimation. It achieves this us-
ing only two shoe-embedded IMUs and requires no additional wearable
devices or global positioning, making the approach realistic and widely
applicable. Such a focus is well aligned with IGA, which primarily aims
to quantify gait motion itself rather than absolute travel direction, and re-
flects typical clinical protocols (e.g., 10 m Walk Test) where straight and
level walkways are standard. By restricting motion estimation to straight-
line walking, we can avoid the drift issues typically observed in the con-
ventional IMU-based full-body motion estimation methods. Unlike these
methods, our approach does not require integrating angular velocities for
global orientation or integrating accelerations to reconstruct displacement,
and instead relies solely on IMU measurements within the sensor’s local
coordinate system, thereby avoiding integration-induced drift accumula-
tion and enabling highly accurate gaitmotion estimation. Furthermore, we
incorporate a Transformer-based deep learning model and a loss function
inspired by Zero Velocity Update (ZUPT), achieving stable and accurate
gait pattern estimation. We also employ a Variational Autoencoder (VAE)
to enhance the temporal smoothness of the estimated motions.

To validate the e"ectiveness of our proposed method, we conducted
quantitative and qualitative experiments using publicly available datasets
such as the AIST Gait Database 2019 [64] and UnderPressure dataset [96].
Additionally, wedeveloped apractical demonstration systemutilizing com-
mercially available IMU-equipped shoes to confirm the practical applica-
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bility of ourmethod in real-world environments. In particular, we adopted
a consumer-grade IMU device, ORPHE CORE [136], embedded in sneak-
ers designed specifically for this device. This setup allows consistent and
vibration-resistant sensor placement inside the shoe sole, mitigating vari-
ability due to IMU mounting positions or shoe type.

The main contributions of this study are summarized as follows:

• We propose a non-invasive and highly accurate gait motion estima-
tion method (Gait Inertial Poser) that naturally integrates into daily
life using only two IMUs embedded in shoes.

• Our model comprises multiple modules that estimate personalized
body models from user attributes and accurately predict gait param-
eters from IMU data. It also incorporates a VAE to ensure smooth
motion reconstruction.

• The e"ectiveness and practicality of the proposed method are exper-
imentally validated using publicly available datasets and a demon-
stration system with commercial IMU devices.

5.2 Method

We propose a novel approach, Gait Inertial Poser (GIP), enabling non-
invasive and accurate full-body motion estimation using a minimal num-
ber of IMU sensors naturally integrated into daily life. This method aims
to enable gait analysis in diverse everyday environments beyond the con-
straints of laboratory settings. As illustrated in Figure 5.2, our framework
consists primarily of three modules: the Body Module, the Gait Module,
and the Smoothing Module. (a) First, subject-specific attributes, such as
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Figure 5.2: Detailed network architecture of the proposed method. (a) In-
put includes user attributes (height, weight, age, gender) and IMU mea-
surements (acceleration, angular velocity). (b) The BodyModule estimates
personalized body shape parameters. (c) The Gait Module, based on a
Transformer, simultaneously estimates gait phase, joint angles, velocities,
root positions, and foot trajectories using IMU data. (d) The Smooth-
ing Module employs a Variational Autoencoder (VAE) to enhance tempo-
ral smoothness and stability of the estimated motion, e"ectively reducing
IMUdrift through loss functions inspired by zero velocity updates (ZUPT).
(e) Final output is a smooth, stable full-body walking motion reconstruc-
tion.

height, weight, age, and gender, along with acceleration and angular ve-
locity data obtained from IMUs, serve as inputs. (b) The Body Module es-
timates personalized body shape parameters based on these individual at-
tributes. (c) The Gait Module employs a Transformer-based deep learning
model to simultaneously estimate multiple gait-related parameters from
IMU data, including gait phase, joint angles, root joint velocity, root joint
height, and foot height. (d) The Smoothing Module utilizes a Variational
Autoencoder (VAE) to enhance the temporal smoothness and continuity
of the estimated motion sequences. (e) Integrating these modules yields
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natural and smooth full-body gait motions.

In the following subsections, we describe the sensor configuration used
in the proposedmethod, detailed network architecture including eachmod-
ule, and the loss functions employed.

5.2.1 Sensor Configuration

IMUs are widely used for gait analysis and full-body MoCap due to their
compatibilitywith humanmotionmeasurement, stemming from theirwear-
ability, low cost, high sampling rate, and real-time capabilities. An IMU
consists of an accelerometer, gyroscope, andmagnetometer, which together
allow for tracking the velocity, position, and orientation of the body part
to which the sensor is attached. The accelerometer measures the linear
acceleration of an object along three axes, with a high capability to de-
tect minute changes in acceleration. However, when acceleration data is
double-integrated to determine position, noise and bias can accumulate,
resulting in drift. The gyroscope measures the rotational velocity of an ob-
ject along three axes and can respond immediately to dynamic movements
to measure angular velocity, but it is prone to bias accumulation over time.
The magnetometer detects the orientation of an object by measuring the
Earth’s magnetic field, but it is highly sensitive to magnetic disturbances
(e.g., interference from electronic devices ormetal), which can cause signif-
icant drift compared to the other two sensors. Therefore, in this study, we
exclude magnetometer data and use the accelerometer and gyroscope val-
ues as inputs to the network, addressing their potential drift issues through
network and loss function design.

Furthermore, sensor placement is also a critical factor in gait motion
measurement. To capture natural gait patterns during everyday life, it is
necessary to select a non-invasive sensor configuration that does not inter-
fere with users’ daily activities. The widely used commercial IMU sensor
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system by Xsens [49] requires attaching 17 IMUs across the body for ac-
curate full-body motion capture, making it unsuitable for long-term mea-
surement in daily life or public settings. Recent advancements in machine
learning-based pose estimation methods using IMU data have enabled di-
verse motion estimation with fewer IMUs, such as six sensors placed on
the head, waist, hands, and legs [5, 46, 59, 137, 146, 155–157, 168], or just
three sensors located on the wrist (smartwatch), pocket (smartphone), and
head (earbuds) [95,149]. In contrast, this study adopts an evenmore practi-
cal sensor configuration for daily use specifically for gait analysis, utilizing
only two IMU sensors embedded in shoe soles. As smart insoles and smart
shoes are becoming commercially available, embedding IMU sensors into
regular footwear is increasingly feasible, enabling non-invasive, long-term
monitoring of everydaymovementswithout imposing additional user bur-
den.

In this study, the acceleration data are denoted as A = {A
t
}
T

t=0, and
angular velocity data as R = {R

t
}
T

t=0, where t represents the t-th frame in
a sequence of length T. Given that our method uses two IMUs embedded
in the shoe soles, the data at each frame are represented as At

↑ R2↘3 and
R
t
↑ R2↘3, respectively.

5.2.2 Network Details

The proposed method,Gait Inertial Poser (GIP), is a deep learning-based
frameworkdesigned for full-bodymotion estimationusing aminimal num-
ber of IMU sensors. As illustrated in Figure 6.2, the network comprises
threemainmodules: theBodyModule, theGaitModule, and theSmooth-
ing Module. The Body Module takes attribute data Xatt as input and esti-
mates the body shape parameters β of a parametric human mesh model.
The Gait Module uses IMU data Ximu (acceleration A and angular veloc-
ity R) and body shape parameters β to estimate multiple gait parameters
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simultaneously, including the gait phase p, 6D joint angle representation
θ6d, root joint velocity (walking speed) v, root joint height r, and foot height
f . The Smoothing Module takes the gait parameters Xτ:τ+N

Gait estimated by
the Gait Module using a sliding-window approach as input, incorporating
overlapping frames from the subsequent window based on stride N/2 to
reduce discontinuities at window boundaries. Subsequently, a Variational
Autoencoder (VAE) is employed to enhance the temporal smoothness of
the estimated motion sequences. Details of each module are described be-
low.

Body Module. The Body Module estimates body shape from simple at-
tribute information without requiring a full-body scan. IMU data do not
contain direct information about body shape; thus, IMU-based pose es-
timation methods typically use a common default body shape model for
all subjects. However, di"erences in individual body shapes a"ect walk-
ing motions, making the use of personalized body models essential for ac-
curate motion reconstruction. In particular, limb lengths influence stride
length and IMU measurements. Accurately reproducing these individual
di"erences is crucial for improving the precision of motion estimation.

To represent user-specific body shapes, we adopt the SMPL (Skinned
Multi-Person Linear) model [79], a parametric human body model widely
utilized in recent pose and shape estimation studies. Thismodel e"ectively
represents complex and diverse human poses and shapes using a limited
number of parameters. The SMPL parameters consist of pose parameters
θ ↑ R24↘3, describing the relative rotations of 23 joints and the global rota-
tion of the root joint, and shape parameters β ↑ R10, reflecting individual
characteristics such as height, weight, and limb proportions. Using these
parameters, the SMPL regressionmodel estimates triangularmesh vertices
M ↑ R6890↘3 and 3D joint positions J ↑ R24↘3. Additionally, it incorpo-
rates the parameter d ↑ R3 to capture the global translation of the person.
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The Body Module estimates the body shape parameters β from subject
attributes Xatt = {xh, xw, xa, xg} (height, weight, age, and gender) using
a multi-layer perceptron (MLP). The SMPLmodel includes three variants:
male, female, and neutral, and the appropriate variant is selected based
on the gender attribute. The shape parameters β form a 10-dimensional
vector comprising the top 10 principal components extracted via princi-
pal component analysis from a large-scale body scan dataset. By inputting
these estimated body shape parameters along with IMU data into subse-
quent modules, our approach achieves highly accurate motion estimation
that accounts for individual body di"erences.

Gait Module. The Gait Module simultaneously estimates multiple gait-
related parameters such as gait phases, joint angles, walking speed, and
foot trajectories from the body shape parameters and IMU sensor data.
The network structure employs a Transformer-based deep learningmodel,
e"ectively capturing temporal variations in IMU data for highly accurate
motion estimation.

Human gait is characterized as periodic and repetitive movements of
body segments, commonly described through “gait phases.” Incorporat-
ing gait phases facilitates a deeper understanding and analysis of the pe-
riodic gait mechanism. The gait cycle primarily consists of two phases:
the stance phase, which accounts for approximately 62% of the cycle when
the foot contacts the ground, and the swing phase, comprising about 38%
when the foot is o" the ground. For detailed analysis, the stance phase
can be further divided into initial contact, loading response, mid-stance,
terminal stance, and pre-swing phases. Similarly, the swing phase can be
subdivided into initial swing, mid-swing, and terminal swing. This study
specifically focuses on four key phases segmented by the following gait
events: heel contact, toe contact, heel-o", and toe-o". The Gait Module
identifies these gait phases using the input IMU sequential data and out-
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puts the corresponding gait phase logits p ↑ R4. The final gait phase is
determined by selecting the maximum value from these logits.

In addition to gait phases, accurate gaitmotion estimation requires con-
sideration of kinematic parameters such as jointmovements, walking speed,
and foot trajectories. Therefore, the module leverages the body shape pa-
rameter β estimated by the Body Module to simultaneously predict gait
phase p, 6-dimensional joint angle representation θ6d, root joint velocity v,
and root joint height r, based on the SMPL human body model. The 6D
representation (θ6d) is a continuous and rotation-invariant representation
of joint angles [174], widely used in pose estimation tasks tomitigate issues
like discontinuity and ambiguity inherent in other representations such as
Euler angles or axis-angle. Parameters such as walking speed and stride
length are particularly influenced by subject-specific body attributes like
limb length, thus improving estimation accuracy through incorporating
individual body shape parameters. Furthermore, the Transformer archi-
tecture is specifically designed to extract temporal features, ensuring stable
temporal estimations of these parameters, inspired by prior studies [59,70]
that adopted similar architectures for pose estimation from IMUdata. Sub-
sequently, by solving forward kinematics (FK) using a pre-trained SMPL
joint estimation model with the predicted joint angles and body shape pa-
rameters, themodule obtains full-body joint positions and derives foot tra-
jectories f . The estimated gait parameters are then input into the subse-
quent Smoothing Module for further motion refinement.

Smoothing Module. The Smoothing Module is designed to reduce tem-
poral discontinuities in the motion parameter sequences estimated by the
Gait Module, resulting in smooth and natural motion estimation. Because
the Gait Module performs motion estimation using a sliding-window ap-
proach, discontinuities may arise at the boundaries between estimation
windows. To address this issue, the Smoothing Module processes over-
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lapping frames between adjacentwindows by using a strideN/2, enabling
continuous correction of motion near these boundaries.

Specifically, when utilizing the gait parameter sequence X
τ:τ+N

Gait esti-
mated by the Gait Module, frames from the latter half of each estimation
window overlap with frames from the first half of the subsequent win-
dow, thereby seamlessly connecting otherwise discontinuous estimations.
Moreover, we introduce a loss function inspired by the classical Zero Ve-
locity Update (ZUPT) algorithm, a widely used technique in IMU-based
gait analysis that reduces integration-induced positional drift by resetting
sensor velocity to zero during foot-ground contact. By leveraging the gait
phase information estimated by the Gait Module, our proposed loss func-
tion explicitly imposes kinematic constraints on foot velocity and height
during identified foot-ground contact periods, thereby e"ectively mitigat-
ing IMU drift and improving motion estimation accuracy. The details of
this loss function are described in subsequent sections.

Themodule employs a network architecture based on a Variational Au-
toencoder (VAE). Sequential input data are first processed by an LSTM to
estimate the mean µ and standard deviation σ of latent variables, from
which a latent representation z is sampled. This latent representation is
then fed into a decoder to reconstruct a continuous and smooth motion se-
quence. This design ensures temporal stability in the estimated motions,
resulting in smooth gait patterns well-suited for practical applications in
real-world environments.

5.2.3 Loss Functions

Our network architecture allows each module to be trained separately, en-
suring stable learningwithoutmutual interference and facilitating e!cient
convergence. Below, we detail the loss functions employed for individual
module training.
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BodyModule. The loss function Lbody used for training the Body Module
consists of two terms: a shape loss Lshape and a height loss Lheight, as de-
scribed in Equation 5.1. Here, λshape and λheight are weighting coe!cients
used as hyperparameters to balance each loss component e"ectively.

Lbody = λshapeLshape + λheightLheight (5.1)

Lshape = |β ↔ β̂|1 (5.2)

Lheight = |h↔ ĥ|
2
2 (5.3)

The shape loss Lshape calculates the mean absolute error (MAE) be-
tween the estimated shape parameters β and the ground truth β̂. Since
each dimension of β corresponds to principal components obtained via
PCA on body shape data, dimensions may have di"erent variance scales.
Therefore, using MAE ensures stable training by preventing dispropor-
tionately large contributions from dimensions with higher variance.

Although Lshape e"ectively optimizes multiple aspects such as limb
length and body thickness, height is particularly crucial in gait analysis
due to its significant influence on stride length and joint angle estimations.
Thus, we introduce an additional height-specific loss term, Lheight, which
explicitly guides the model to more accurately predict body height. Here,
body height is defined as the distance from the soles of the feet to the top
of the head when applying the estimated and ground truth shape param-
eters (β and β̂) to the SMPL model in the default T-pose. This loss term
calculates the mean squared error (MSE) between the predicted height h
and the ground truth height ĥ.

In practice, the height loss is computed by generating a body mesh us-
ing the estimated β parameters with gender-specific SMPL models (male
or female) and measuring the vertical distance between the vertex at the
top of the head and the midpoint of the left and right heel vertices. This
calculated height is then compared with the ground truth to compute the
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height loss. This formulation ensures accurate and stable estimation of
individual-specific body shapes, contributing to precise gait analysis.

Gait Module. The loss function Lgait for training the Gait Module com-
bines multiple components, each measuring the accuracy of di"erent gait-
related parameters:

Lgait = λphaseLphase + λposeLpose + λoriLori

+ λvelLvel + λrootLroot,
(5.4)

where each λ represents a hyperparameter balancing the contribution of
each component.

The gait phase loss Lphase evaluates the accuracy of gait phase estima-
tion through cross-entropy loss for amulti-class classification task, defined
as follows:

Lphase = ↔
1
2T

T

∑
t=1

(
log p

(ŷleft,t)
left,t + log p

(ŷright,t)

right,t

)
, (5.5)

where p
(c)
left,t and p

(c)
right,t represent the predicted probabilities for class c of

the left and right feet, respectively, at frame t. The ground truth labels for
the left and right feet at frame t are denoted as ŷleft,t and ŷright,t, respectively,
each indicating one of the classes. T denotes the total number of frames.

The remaining losses (pose, orientation, velocity, and root height) are
computed usingmean squared error (MSE) between predicted and ground
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truth values:

Lpose =
1
TK

T

∑
t=1

K

∑
k=1

↓θk

t ↔ θ̂k

t↓
2
2, (5.6)

Lori =
1
T

T

∑
t=1

↓θ0t ↔ θ̂0t↓
2
2, (5.7)

Lvel =
1
T

T

∑
t=1

↓vt ↔ v̂t↓
2
2, (5.8)

Lroot =
1
T

T

∑
t=1

↓r
(z)
t

↔ r̂
(z)
t

↓
2
2, (5.9)

where K is the number of joints, θk

t
represents the estimated 6-dimensional

joint angle representation for the k-th joint at frame t, θ0
t
is the estimated

6-dimensional orientation of the root joint at frame t, vt denotes the esti-
mated root joint velocity (walking speed) at frame t, and r

(z)
t

indicates the
estimated root joint height at frame t. Corresponding ground truth values
are denoted with hats (·̂). By integrating these multiple loss components,
the Gait Module accurately estimates the diverse and crucial parameters
essential for detailed gait analysis.

SmoothingModule. The loss function for the SmoothingModule,Lsmooth,
is designed based on a Variational Autoencoder (VAE) framework and
comprises multiple components. These components include reconstruc-
tion loss, smoothing loss, translation loss, foot-ground contact constraints,
and the KL divergence term. Specifically, it is defined as follows:

Lsmooth = λrecLrec + λaccLacc

+ λfposLfpos + λfvelLfvel + λKLLKL, (5.10)

where each λ represents a weighting hyperparameter to balance the con-
tribution of each term.
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The reconstruction loss Lrec is calculated as the Mean Squared Error
(MSE) between the predicted gait parameters (joint angles, orientations,
velocities, root joint height, foot joint height) and their ground truth values,
ensuring accurate reproduction of the input motion sequences:

Lrec =
1
TD

T

∑
t=1

D

∑
d=1

↓zt,d ↔ ẑt,d↓
2
2, (5.11)

where zt,d and ẑt,d denote the predicted and ground truth motion parame-
ters at frame t anddimension d, respectively. D represents the total number
of gait parameter dimensions.

The acceleration loss Lacc is defined by minimizing the second-order
temporal derivative of the predicted motion parameters. This encourages
temporal smoothness and continuity in motion estimations:

Lacc =
1
TD

T↔1

∑
t=2

D

∑
d=1

↓ẍt,d↓
2
2, (5.12)

where the second derivative term ẍt is approximated via finite di"erences
as follows:

ẍt ⇑
xt+1 ↔ 2xt + xt↔1

∆t2
. (5.13)

Here, xt ↑ RK↘3 denotes 3D joint positions at frame t, which are obtained
via the forward kinematics function FK(β, θt, rt)using the pre-trained SMPL
joint regressor.

Moreover, inspired by the classical Zero Velocity Update (ZUPT) algo-
rithm, we introduce constraints during periods identified as foot-ground
contact phases, leveraging gait phase information p from the Gait Module.
Specifically, we define two loss functions: a foot height loss, Lfpos, and a
foot velocity loss, Lfvel.

The foot height loss Lfpos minimizes the vertical displacement of foot
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sole vertices, promoting accurate foot-ground contact constraints:

Lfpos =
1
|C|

∑
t↑C

↓ f
(z)
t

↓
2
2, (5.14)

where f
(z)
t

is the predicted vertical position of the foot sole at frame t, and
C is the set of foot-ground contact frames and vertices identified by gait
phase predictions.

Similarly, the foot velocity loss Lfvel suppresses horizontal and vertical
foot movements during identified ground-contact periods:

Lfvel =
1
|C|

∑
i↑C

↓ ḟi↓
2
2, (5.15)

where ḟi denotes the velocity of foot sole at frame t.

Lastly, theKLdivergence termLKL regularizes the latent variable distri-
bution to approximate a standard normal distribution, following the stan-
dard VAE objective:

LKL = ↔
1
2

L

∑
l=1

(
1+ log σ2

l
↔ µ2

l
↔ σ2

l

)
, (5.16)

where L is the dimensionality of the latent space, and µl, σ2
l
represent the

mean and variance of the latent distribution, respectively.

This combined loss function ensures accurate reconstruction, temporal
smoothness, robust velocity integration, e"ective drift suppression dur-
ing foot contact, and stable latent representations, thereby significantly en-
hancing the accuracy and smoothness of gait motion estimation.
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Figure 5.3: Example of the gait motion data from the AIST Gait Database.
Subjects walked naturally along a straight path, stepping on force plates
(indicated in blue), allowing simultaneous capture of motion and ground
reaction force (GRF) data (indicated in red and green). The GRF data were
used to define gait phases such as heel-strike and toe-o".

5.3 Experiments

5.3.1 Datasets

Our proposed approach is a data-drivenmotion estimation framework uti-
lizingmachine learningmodels. Thus, in this study, we used the following
two existing gait datasets for model training and evaluation.

The first dataset is the “AISTGait Database 2019” [64], published by the
National Institute of Advanced Industrial Science and Technology (AIST).
This database comprises gait motion data collected according to protocols
approved by the AIST Human Ergonomics Experiment Committee. After
excluding data with confirmed measurement errors, the dataset consists
of 3,424 walking trials conducted by a total of 352 healthy adults, includ-
ing 1,609 trials from 167 males and 1,815 trials from 185 females. The par-



Chapter 5. IMU-based Gait Estimation 97

ticipants span a wide demographic range, with ages from 20 to 78 years
(mean 51.1 ± 18.7), heights from 138 to 185 cm (mean 162.9 ± 8.4), and
body weights from 34 to 100 kg (mean 59.5 ± 10.2). The data were cap-
tured at 200 FPS, amounting to a total of 1 million frames. Measurements
were performed using a Vicon optical MoCap system, with subjects in-
structed to walk naturally along a straight line at their preferred walking
speed. Additionally, the dataset includes ground reaction force (GRF) data
captured using force plates. During data collection, participants walked
over force plates located near the center of the laboratory setup, allowing
simultaneous recording of motion data and GRF data (Figure 5.3).

Gait phase labels used for training our method were derived using this
GRF data. The gait cycle was segmented into four phases based on gait
events: “heel-strike,” “toe-contact,” “heel-o",” and “toe-o".” Heel-strike
and toe-o" timings were defined based on the initiation and cessation of
ground reaction forces, respectively. In contrast, toe-contact and heel-o"
phases were labeled when the velocity of specific mesh vertices on the
foot soles fell below a predefined threshold. This dataset is highly suit-
able for evaluating gait estimation methods due to the diversity of its sub-
jects. However, because the dataset relies on force plates, each trial con-
tains only a very short sequence of a few seconds and does not include
actual IMU sensormeasurements. To address these limitations, we supple-
mented the evaluation using synthesized IMU data (described later) and
also utilized another dataset, which contains longer gait sequences and ac-
tual IMU measurement data.

The second dataset used is the “UnderPressure dataset” [96], originally
created to address the foot-skating issue common in computer graphics-
basedmotion estimation tasks. This dataset containsmotion data recorded
from 10 participants wearing insoles equippedwith IMU sensors and foot-
pressure sensors. The participants consist of 8 males and 2 females, aged
21–55 years (mean 31.4 ± 11.7), with heights ranging from 167 to 184 cm
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(mean 176.4 ± 7.7 cm) and weights from 65 to 91 kg (mean 77.9 ± 9.3 kg).
Each participant performed motion sequences with an average duration
of about 1.5 minutes. It includes diverse movements such as walking at
slow, medium, and fast speeds, walking with random directional changes,
interactingwith objects, and stair climbing. Since our experiments focus on
straight-line gait motions, we excluded sequences involving interactions
with objects and extracted segments where the yaw angular velocity of the
root joint remained below a specified threshold. The total duration of these
extracted segments amounted to 170K frames (28.5minutes at 100 FPS). For
gait phase labeling, we defined the four phases mentioned above based on
pressure detection using the 16 foot-pressure sensors per foot, divided into
front and rear sections.

5.3.2 Data Synthesis

Creating extensivemotion capture datasets requires significant e"ort. Con-
sequently,many IMU-based approaches typically employ synthesized IMU
data in addition to real data for training and evaluation. Following this
common practice, we generated synthetic acceleration and angular veloc-
ity data for cases in the AIST Gait Database and UnderPressure datasets
where actual IMU data was unavailable.

Accurate synthesis of IMU data requires reproducing not only skele-
tal poses but also individual-specific body shapes. Therefore, we generate
mesh models as pseudo-ground-truth data to represent the actual body
shape of each subject. For the AIST Gait Database, we reproduced in-
dividual body shapes using “Mosh++” [80, 90], an optimization method
that fits the SMPL human mesh model to optical marker trajectory data.
Prior to optimization, we manually established correspondences between
optical marker positions and SMPL mesh vertices to accurately generate
subject-specific mesh models. In contrast, the UnderPressure dataset con-



Chapter 5. IMU-based Gait Estimation 99

3

IMUデータの合成 

2208

2241

2209

517 504

448

6759

6838 6837 3437

3359

3438
4949 6877

4973

Figure 5.4: Synthetic IMU sensor positions defined on SMPL mesh ver-
tices (blue labels indicate SMPL vertex IDs). The foot soles correspond to
the proposed method, while positions on the left wrist, left ear, and right
thigh simulate IMU signals for baseline methods (smartwatch, earphone,
smartphone in pocket). The yellow arrows indicate vectors used to define
the mesh face normal for establishing IMU coordinate systems.

tains motion data recorded using commercial high-performance IMU sen-
sors (Xsens) without optical markers. Therefore, we fitted the SMPLmodel
by solving an inverse kinematics (IK) algorithm based on skeletal land-
marks common to both the Xsens model and the SMPLmodel.

Next, we synthesized IMU data from the obtained SMPL mesh mod-
els. Specifically, to evaluate our proposed method and baseline methods
described later, we created synthetic IMU data for five locations: the left
wrist, left ear, right pocket, and both foot soles, as shown in Figure 5.4. The
IMU coordinate systems were defined based on selected triangular mesh
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faces by using the vectors of triangle edges, the normal vector to the tri-
angle face, and their cross product. Using this IMU coordinate system, we
computed the orientation and acceleration in the global coordinate system
during motions and subsequently transformed these data into synthetic
acceleration and angular velocity data in the IMU sensor coordinate sys-
tem.

5.3.3 Implementation Details

We implemented our proposed and baselinemethods using PyTorch as the
deep learning framework. Model training and evaluation were conducted
on a Linux server equippedwith anNVIDIARTXA6000 GPU. Specifically,
the Body Module consisted of a three-layer multi-layer perceptron (MLP)
with hidden layers of 128, 256, and 128 units, respectively. The Gait Mod-
ule employed a Transformer-based encoder with 8 attention heads and 4
encoder layers, a latent dimension of 256, and an input window size of
50 frames. The Smoothing Module was implemented as a Variational Au-
toencoder (VAE) with a latent dimension of 64 and an LSTM dimension of
256.

For training, we employed theAdamoptimizer [63]with an initial learn-
ing rate of 1↘ 10↔3, trained for 500 epochs. The dataset was divided into
training, validation, and test subsets with a ratio of 8:1:1, and a mini-batch
size of 32 was used. Model training and testing were conducted at 200 fps
for the AIST Gait Database and at 100 fps for the UnderPressure dataset.
Loss functionweightswere empirically optimized through preliminary ex-
periments and set as follows:

(λshape,λheight) = (0.1, 100),

(λphase,λpose,λori,λvel,λroot) = (1, 100, 100, 10, 10),

(λrec,λsmooth,λfpos,λfvel,λKL) = (1000, 1↘ 105, 1, 0.1).
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To identify foot-ground contact phases in the AIST Gait Database, we
set the velocity threshold of the toes and heels on the foot sole to 0.1m/s.
For the UnderPressure dataset, straight-walking segments were extracted
by analyzing the root joint velocity direction. The method compares the
meanhorizontal heading over 15-past and futurewindows and labels frames
as non-straight when the heading change exceeds 2°, also excluding amar-
gin of neighboring 10 frames, all parameter values were empirically deter-
mined. During inference, the root joint trajectory was calculated by in-
tegrating the estimated root joint velocity, starting from the origin on the
horizontal plane, combined with the estimated root joint height.

Finally, following Zhang et al. [59], we applied low-pass filtering to
both synthetic and real IMUdata to reduce di"erences inwaveform charac-
teristics. Specifically, a 4th-order Butterworth low-pass filter with a cuto"
frequency of 10 Hz and a sampling frequency of 100 Hz was employed.

5.3.4 Baseline Methods

To evaluate the performance of our proposed method, we employed the
following four baseline methods for comparison:

Integration. The simplest baseline method, which estimates trajectories
by directly integrating acceleration and angular velocity data from shoe-
embedded IMU sensors. The initial position and orientation are assumed
to be known. However, it is widely recognized that this method su"ers
from cumulative integral drift, significantly degrading accuracy over time.

Integration + ZUPT. An enhanced integration method that incorporates
Zero-Velocity Update (ZUPT) to mitigate drift. Using gait-phase informa-
tion estimated by our proposed method, foot-ground contact periods are
identified. In addition to setting velocities to zero during ground contacts,



Chapter 5. IMU-based Gait Estimation 102

the method also removes accumulated velocity drift between successive
ground contacts. Specifically, drift correction is applied by linearly inter-
polating velocities between the start of each ground contact and the end of
the next, subtracting the interpolated drift from the original velocity data.
Furthermore, positional drift along the vertical axis is corrected by adjust-
ing trajectories so that the foot positions align with the ground plane at the
beginning and end of each swing phase.

IMUPoser [95]. Apose estimationmethod utilizing consumer-gradewear-
able devices such as smartphones, smartwatches, and earbuds. In this ex-
periment, IMU data from three locations (left wrist, right pocket, and left
ear) were used. While IMUPoser accurately estimates root-relative body
pose and segment movements, it does not estimate the absolute position
(translation) of the root joint. Following prior work [5], we employed the
Versatile Quaternion-based Filter (VQF), a high-precision orientation es-
timation method that accounts for gravity, to transform 6-DoF IMU data
(acceleration and angular velocity) into orientation and acceleration in the
global coordinate system.

MobilePoser [149]. An extension of IMUPoser [95], employing the same
IMUsensor configuration but additionally estimating the absolute position
(translation) of the root joint. Thus, MobilePoser estimates both pose and
overall body translation, enhancing its applicability to a broader range of
environments. As with IMUPoser, we utilized VQF to convert IMU data
into the global coordinate frame.

5.3.5 Evaluation Metrics

Weemployed the followingmetrics to evaluate the performance of the pro-
posed method and baseline methods:
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MPJPE, PEL-MPJPE. These metrics evaluate the accuracy of pose estima-
tion. Mean per joint position error (MPJPE) calculates the average Eu-
clidean distance between the estimated and ground truth (GT) joint po-
sitions in global coordinates over all joints and frames. The Pelvis-aligned
MPJPE (PEL-MPJPE) evaluates joint errors after aligning the root joint po-
sitions of predictions and GT. The unit is centimeters (cm), computed as:

MPJPE =
1
TK

T

∑
t=1

K

∑
k=1

↓Jt,k ↔ Ĵt,k↓2 (5.17)

where T is the number of frames, K is the number of joints, and Jt,k and Ĵt,k

are the predicted and GT joint coordinates for frame t and joint k.

PVE-P, PVE-T. These metrics assess SMPL mesh vertex prediction accu-
racy. They calculate the per vertex error (PVE), averaging the Euclidean
distances between estimated and GT mesh vertices across all vertices and
frames. PVE-P evaluates errors with aligned root coordinates, thus incor-
porating pose information (“P” for Pose). Since PVE-P combines shape and
pose errors, PVE-T evaluates the pure shape estimation accuracy by mea-
suring errors at the default T-pose. Units are centimeters (cm), calculated
as:

PVE =
1
TQ

T

∑
t=1

Q

∑
q=1

↓Mt,v ↔ M̂t,v↓2 (5.18)

where Q is the number of vertices, and Mt,q and M̂t,q represent the pre-
dicted and GT vertex coordinates for frame t and vertex q.

Joint Angle. This metric measures joint angle estimation accuracy. Al-
though SMPL uses axis-angle representation, angles are converted to Eu-
ler angles (ZYX order) for evaluation. Angle di"erences between predicted
and GT values are computed for each axis, joint, and frame, and averaged.
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Units are degrees (°):

Angle Error = 1
3TK

T

∑
t=1

K

∑
k=1

∑
a↑{x,y,z}

|θt,k,a ↔ θ̂t,k,a| (5.19)

where θt,k,a and θ̂t,k,a denote the predicted and GT joint angles for frame t,
joint k, and axis a.

InterFoot. This metric evaluates stride length accuracy by measuring the
di"erence between the predicted and GT distances between feet, averaged
over all frames. Units are centimeters (cm):

InterFoot Error = 1
T

T

∑
t=1

∣∣∣ ↓ f Lt ↔ f
R

t ↓2 ↔ ↓ f̂
L

t ↔ f̂
R

t ↓2

∣∣∣ , (5.20)

where f
L
t
, f R

t
represent the predicted positions of the left and right feet at

frame t, and f̂
L
t
, f̂ R

t
are the corresponding ground-truth positions.

FootTraj. This metric evaluates the accuracy of foot trajectory estimation
by measuring the Euclidean distance between the predicted and ground
truth 3D foot positions for both left and right feet. The result is averaged
over all frames and both feet. Units are centimeters (cm):

FootTraj Error = 1
2T

T

∑
t=1

∑
s↑{left,right}

↓ ft,s ↔ f̂t,s↓2 (5.21)

where ft,s and f̂t,s represent the predicted and ground truth positions of
foot s (left or right) at frame t.

FootVel. This metric evaluates the accuracy of foot velocity by compar-
ing the temporal derivatives of the predicted and ground truth foot trajec-
tories. The velocity is computed using finite di"erences, and the error is
defined as:

FootVel Error = 1
2(T↔ 1)

T↔1

∑
t=1

∑
s↑{left,right}

↓ ḟt,s ↔
˙̂
ft,s↓2, (5.22)
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where ḟt,s denotes the velocity of foot s (left or right) at frame t, approxi-
mated as ḟt,s ⇑ ( ft+1,s ↔ ft,s)/∆t.

RootVel. This metric evaluates the accuracy of translational velocity of the
root joint. Similar to FootVel, velocity is computed using finite di"erences,
and the error is defined as:

RootVel Error = 1
T ↔ 1

T↔1

∑
t=1

↓ṙt ↔ ˙̂rt↓2, (5.23)

where ṙt denotes the root joint velocity at frame t, approximated by ṙt ⇑

(rt+1 ↔ rt)/∆t.

Phase. This metric evaluates the accuracy of gait phase classification using
themacro-averaged F1 score across the four gait phases. At each frame, the
predicted gait phase label is comparedwith the ground truth label, and the
F1 score is computed for each class individually across all frames. The final
metric is the macro-average over all classes:

Macro-F1 =
1
C

C

∑
c=1

2 · Precisionc · Recallc
Precisionc + Recallc

, (5.24)

where C = 4 is the number of gait phase classes, and Precisionc and Recallc
represent the precision and recall for class c, calculated across the entire
sequence of frames.

5.3.6 Comparison with Baseline Methods

In this section, we present quantitative and qualitative evaluation results
from comparative experiments conducted using the AIST Gait Database
and the UnderPressure dataset to compare our proposed method against
baseline methods.
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Table 5.1: Performance comparison of foot trajectory and pose estimation
methods across di"erent datasets (AIST Gait Database and UnderPressure
Dataset) and evaluation metrics. Bold values indicate the highest accuracy
achieved by each metric within each dataset.

Method MPJPE
[cm] (⇐)

PEL-MPJPE
[cm] (⇐)

PVE-P
[cm] (⇐)

PVE-T
[cm] (⇐)

JointAngle
[degree] (⇐)

InterFoot
[cm] (⇐)

FootTraj
[cm] (⇐)

FootVel
[cm/s] (⇐)

RootVel
[cm/s] (⇒)

Phase
[F1 Score] (⇒)

AIST Gait Database

Integration - - - - - 8.25 11.44 18.63 - -

Integration + ZUPT - - - - - 7.26 8.04 17.93 - 0.96

IMUPoser (3IMUs) - 3.06 3.69 4.40 2.69 5.30 - - - -

MobilePoser (3IMUs) 9.11 2.90 3.60 4.40 2.74 4.12 9.59 33.07 19.19 -

Ours (2IMUs) 5.73 3.18 4.36 1.58 2.26 3.11 5.32 22.84 8.25 0.96

UnderPressure Dataset

Integration - - - - - 24.47 28.20 36.15 - -

Integration + ZUPT - - - - - 14.83 19.91 37.23 - 0.89

IMUPoser (3IMUs) - 4.26 4.90 4.37 3.10 8.08 - - - -

MobilePoser (3IMUs) 28.83 4.14 4.71 4.37 3.12 6.99 31.74 44.58 26.89 -

Ours (2IMUs) 10.51 3.87 4.84 2.06 2.29 4.25 12.35 26.70 8.45 0.89

Quantitative Evaluation. Table 5.1 summarizes the quantitative evalua-
tion results. Firstly, our proposed method exhibited superior performance
across both datasets for MPJPE, PVE-T, and JointAngle metrics, demon-
strating its e"ectiveness in accurately estimating absolute joint positions
and reconstructing body shapes. The improvedMPJPE accuracy compared
to MobilePoser is primarily attributed to two factors. First, the estimation
accuracy of the root joint velocity (RootVel) during straight walking signif-
icantly a"ects the accuracy of joint positions. Our proposed method esti-
mates velocity more accurately than MobilePoser, resulting in root joint
positions that are closer to the ground truth (GT) and consequently re-
ducing the relative joint position error (MPJPE). Second, MobilePoser uti-
lizes IMU data in the global coordinate system, potentially causing drift
errors during extended measurements. Consumer-grade devices often in-
clude 6DoF IMUs without magnetometers, making global orientation es-
timation challenging and susceptible to drift over time. Following previ-
ous research [5], we applied the Versatile Quaternion-based Filter (VQF)
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for global coordinate transformations. However, VQF accumulates errors
for data recordings longer than several tens of seconds. In contrast, our
method utilizes IMUdata directly in the sensor coordinate system, thereby
significantly mitigating drift issues and maintaining stable accuracy dur-
ing straight walking motions.

Conversely, our method slightly underperformed IMUPoser and Mo-
bilePoser in the PEL-MPJPE and PVE-P metrics. This minor discrepancy
likely arises because IMUPoser employs more IMUs (three sensors) com-
pared to our two sensors. However, the observed di"erences were min-
imal, on the order of a few millimeters. Furthermore, the strong perfor-
mance in PVE-T indicates the e!cacy of our method’s personalized body
shape reconstruction approach, considering individual attributes such as
height andweight. Regarding JointAngle evaluation, ourmethod achieved
the best performance, although the di"erences among all methods were
minor. This suggests that even with fewer IMUs, accurate pose estimation
is feasible for simple motions like walking.

Additionally, ourmethoddemonstrated high accuracy across bothdatasets
in metrics like InterFoot (inter-foot distance) and FootTraj (foot trajectory),
highlighting its ability to reconstruct personalized body shapes and e"ec-
tively suppress drift. Regarding FootVel (foot velocity), Integration+ZUPT
performed best with the synthetic IMU data of the AIST Gait Database,
whereas our method was superior with the real, noisy IMU data from the
UnderPressure dataset. This indicates that the quality of the IMU data in-
fluences the accuracy of the foot velocity estimation.

For gait phase estimation (F1 score), our method showed strong per-
formance overall, particularly excelling with synthetic IMU data from the
AIST Gait Database. This outcome suggests synthetic IMU data more dis-
tinctly represents features such as ground contact states.
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Figure 5.5: Qualitative comparison of foot trajectory (left) and full-body
pose estimation (right) results using the AIST Gait DB. The results show
side and top views for baseline methods (Integration, Integration + ZUPT,
IMUPoser, MobilePoser) and Ours, compared with the Ground Truth.

Qualitative Evaluation. Figures 5.5, 5.6 and 5.7 illustrate the qualitative
evaluation results. Figures 5.5 and 5.6 shows that the Integration and Inte-
gration+ZUPT methods resulted in unrealistic trajectories due to integra-
tion drift, such as floating above the ground or unnatural deviations. While
ZUPT correction addressed unnatural vertical deviations and floating, it
was insu!cient in mitigating lateral drift relative to the walking direction.
In contrast, our proposed method generated trajectories remarkably close
to the ground truth, confirming stable trajectory estimation. This demon-
strates that our method e"ectively employs anatomical constraints via hu-
man body modeling, significantly suppressing drift.

In Figure 5.7, full-body pose estimations from IMUPoser (without root
translation), MobilePoser (with root translation), and our method (with
root translation) were compared. All methods performed reasonably well
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Figure 5.6: Qualitative comparison of foot trajectory estimation results on
the UnderPressure. The side and top views illustrate estimated foot trajec-
tories for Integration, Integration + ZUPT, Ours, and the Ground Truth.

in pose estimation; however, MobilePoser displayed noticeable directional
errors, causing lateral drift in trajectories. Conversely, our method accu-
rately reproduced the actual walking direction and trajectories, demon-
strating superior directional estimationperformance. This advantage arises
because our method uses IMU data directly in the sensor coordinate sys-
tem, thereby avoiding cumulative errors typically encounteredwith global
coordinate transformations, particularly evident during extendedmeasure-
ments such as those captured by the UnderPressure dataset.

Overall, the quantitative and qualitative evaluations validate that our
proposed method, utilizing only two IMUs placed on the foot soles, can
achieve highly accurate gait motion estimation compared to existingmeth-
ods. Clear advantages include e"ective drift suppression and stable esti-
mation of walking direction, speed, and pose.
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Figure 5.7: Qualitative comparison of full-body pose estimation results on
the UnderPressure. Side and top views show results from IMUPoser, Mo-
bilePoser, Ours, and the Ground Truth. Compared to baseline methods,
our approach achieves more accurate and natural full-body pose recon-
structions, demonstrating stable performance even with real IMU data.

Relationshipbetween Joint PositionError and IMUPlacement. Figure 5.8
illustrates the distribution of joint position errors for each method in the
UnderPressure dataset. Observing the heatmaps at the top, we can clearly
identify a general trend: the joint position error is smaller in areas where
IMUs are attached (indicated by pink stars), and increases as the distance
from IMU attachment sites grows. This trend is consistent across all meth-
ods (IMUPoser, MobilePoser, andOurs), demonstrating that the direct mo-
tion information obtained from IMU-attached areas improves joint posi-
tion estimation accuracy.

Examining the box plots at the bottom of Figure 5.8 more specifically,
IMUPoser and MobilePoser exhibit relatively higher accuracy for the left
arm where an IMU is attached, while accuracy tends to degrade for the
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Figure 5.8: Visualization of joint position error (PEL-MPJPE) distributions.
Top: Heatmaps illustrating that joints closer to IMU attachment sites (in-
dicated by pink stars) exhibit lower positional errors. Bottom: Box plots
detailing joint position errors for di"erent body segments. Our method,
utilizing IMUs attached to the soles of both feet, achieves notably higher
accuracy in the lower limbs, essential for gait analysis.

right arm and lower limbs. In contrast, our proposed method, which at-
taches IMUs to the soles of both feet, significantly reduces joint position
errors in the lower limbs, crucial for gait analysis. This confirms that at-
taching IMUs to both feet e"ectively captures lower limb motion more
directly and accurately. As for the torso and head regions, there was lit-
tle di"erence in accuracy amongmethods, suggesting that for straight-line
walking movements, these regions are less a"ected by IMU placement.

These results clearly highlight the influence of IMU sensor placement
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on the estimation accuracy of limb joint positions. Particularly for gait anal-
yses, attaching IMUs to the foot soles proves highly e"ective, indicating
that the sensor configuration adopted in our proposed method provides
superior performance for lower-body motion estimation. On the other
hand, the present comparison involves not only di"erences in IMU place-
ment but also di"erences in the pose estimation mechanisms employed by
eachmethod. Therefore, the observed accuracy di"erences acrossmethods
cannot be attributed solely to variations in IMU configuration. To properly
evaluate the contribution of the proposed estimation mechanism itself, it
is necessary to conduct comparative experiments with existing methods
under identical IMU placement conditions.

5.3.7 Comparison under Identical IMU Placement

In this section, we conduct a comparative experiment under conditions
where all methods use two IMUs attached to the soles of the feet, enabling
a fair comparison under identical sensor placement. The quantitative re-
sults are summarized in Table 5.2. The proposed method consistently out-
performs baseline approaches on both the AIST Gait Database and the Un-
derPressure dataset across all metrics. In particular, the proposed method
achieves strong performance in pose- and shape-related metrics, such as
MPJPE, PEL-MPJPE, PVE-P, PVE-T, and JointAngle, demonstrating accu-
rate estimation of both body pose and geometry.

The relatively lower performance ofMobilePoser on theUnderPressure
dataset, especially in the MPJPE and FootTraj metrics, can be attributed to
the use of real insole-embedded IMUswith 6DoF sensing, which lackmag-
netometers and therefore cannot provide absolute yaw orientation. Al-
though VQF is employed to transform IMU measurements into a global
coordinate system, residual yaw drift and noise remain, leading to accu-
mulated positional errors. In contrast, the proposed method directly uti-
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Table 5.2: Comparison under identical IMU placement (two IMUs on foot
soles). Bold indicates the best-performing method for each metric.

Method MPJPE
[cm] (⇐)

PEL-MPJPE
[cm] (⇐)

PVE-P
[cm] (⇐)

PVE-T
[cm] (⇐)

JointAngle
[degree] (⇐)

InterFoot
[cm] (⇐)

FootTraj
[cm] (⇐)

FootVel
[cm/s] (⇐)

RootVel
[cm/s] (⇒)

Phase
[F1] (⇒)

AIST Gait Database

IMUPoser (2IMUs) - 3.40 4.45 4.40 2.83 4.84 - - - -

MobilePoser (2IMUs) 16.58 3.37 4.39 4.40 2.93 4.37 17.46 55.84 26.10 -

Ours (2IMUs) 5.73 3.18 4.36 1.58 2.26 3.11 5.32 22.84 8.25 0.96

UnderPressure Dataset

IMUPoser (2IMUs) - 7.36 9.22 4.37 3.79 5.92 - - - -

MobilePoser (2IMUs) 47.36 6.67 8.18 4.37 3.63 6.39 49.60 42.97 34.02 -

Ours (2IMUs) 10.51 3.87 4.84 2.06 2.29 4.25 12.35 26.70 8.45 0.89

lizes IMUmeasurements in the sensor coordinate system, thereby avoiding
error accumulation caused by global coordinate transformations.

5.3.8 Ablation Study

To analyze the contribution of each component of the proposed architec-
ture, we conduct an ablation study by comparing three configurations: the
full model (Ours B+G+S), a variant without the Body Module (Ours G+S),
and a variantwithout the SmoothingModule (Ours B+G). The quantitative
results of this ablation study are summarized in Table 5.3.

The configuration without the Body Module (Ours G+S) exhibits de-
graded performance in metrics related to body shape and pose estimation,
such as MPJPE, PVE, and InterFoot. This result indicates that estimating
and incorporating a personalized body model from user attributes is im-
portant for accurately determining body-part positions and stride length.
Removing the Smoothing Module (Ours B+G) leads to a noticeable degra-
dation in velocity-related metrics, particularly FootVel and RootVel. This
demonstrates that the Smoothing Module plays a key role in stabilizing
temporal motion estimates.
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Table 5.3: Ablation study of the proposedmethod,where B,G, and Sdenote
the Body, Gait, and Smoothing Modules, respectively.

Configuration MPJPE
[cm] (⇐)

PEL-MPJPE
[cm] (⇐)

PVE-P
[cm] (⇐)

PVE-T
[cm] (⇐)

JointAngle
[degree] (⇐)

InterFoot
[cm] (⇐)

FootTraj
[cm] (⇐)

FootVel
[cm/s] (⇐)

RootVel
[cm/s] (⇒)

Phase
[F1] (⇒)

AIST Gait Database

Ours G+S 6.93 4.13 5.17 3.10 2.23 3.70 8.48 24.45 8.92 0.96

Ours B+G 4.79 3.18 4.35 1.58 2.22 3.32 4.28 50.18 8.84 0.96

Ours B+G+S 5.73 3.18 4.36 1.58 2.26 3.11 5.32 22.84 8.25 0.96

UnderPressure Dataset

Ours G+S 11.38 4.60 5.41 2.97 2.38 6.89 15.24 29.33 8.18 0.90

Ours B+G 11.21 4.27 5.37 2.06 2.48 4.74 13.28 93.12 10.58 0.89

Ours B+G+S 10.51 3.87 4.84 2.06 2.29 4.25 12.35 26.70 8.45 0.89

The e"ect of the Smoothing Module depends on the characteristics of
the dataset. Since the AIST Gait Database is a synthetic dataset with min-
imal noise, the Gait Module alone already achieves high estimation accu-
racy, and applying smoothing can slightly degrade performance in some
metrics. In contrast, for real-world data such as the UnderPressure dataset,
which contains sensor noise and inter-window estimation errors, combin-
ing the Gait and SmoothingModules improves both stability and accuracy.
These results indicate that the proposed architecture is designed to func-
tion e"ectively on real-world data.

Figure 5.9 illustrates the Foot Velocity Error of the estimated poses ob-
tained from theGaitModule and the SmoothingModule over two consecu-
tivewindows. In this experiment, theGaitModule estimates gaitmotion in
50-frame segments from the UnderPressure dataset, while the Smoothing
Module processes overlapping segments shifted byhalf thewindow length
(25 frames). The Gait Module alone exhibits discontinuities around win-
dowboundaries, which appear as large peaks in velocity error near the cen-
ter of the sequence. By contrast, the Smoothing Module e"ectively elimi-
nates these discontinuities and, together with the loss design described in
Section 5.2.3, reduces velocity error across the entire sequence.
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Figure 5.9: Foot Velocity Error of estimated poses over two consecutive
windows, comparing theGaitModule (blue) and SmoothingModule (red).
The results are computed on the UnderPressure dataset.

5.4 Discussion and Future Work

5.4.1 Practical Demonstration System

To demonstrate the practical applicability of our proposed method, we
constructed ademonstration system for gaitmotion estimationusing consumer-
grade IMU devices (Figure 5.10). Specifically, we adopted the ORPHE
CORE [136], a commercial device consisting of specialized shoeswith IMUs
embedded in the soles. In our demonstration system, the IMU data cap-
tured by the ORPHE CORE sensors are transmitted via Bluetooth Low
Energy (BLE) to a laptop PC, allowing instantaneous estimation of gait
poses. However, BLE communication is highly susceptible to interference
from environmental factors, and transmitting data directly from the IMU
sensors to a remote PC can be challenging due to limited communication
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Figure 5.10: Demonstration system of our proposed method using
consumer-grade IMU devices (ORPHE CORE). IMU data captured by sen-
sors embedded in shoe soles are transmitted either directly to a laptop com-
puter via Bluetooth (blue arrow), or relayed through a smartphone (ma-
genta arrows) to minimize BLE interference. This setup ensures reliable
gait pose estimation in practical scenarios.

range. To address this, assuming users typically carry their smartphones
in hand or in a pocket, we developed an Android application to relay IMU
data. As the smartphone remains in close proximity to the ORPHE CORE
sensors, it significantly reduces data loss due to BLE interference. The col-
lected data is then transmitted from the smartphone to the PC via Wi-Fi,
enabling reliable operation even when the PC is not near the user.

Beyond ensuring robust data transmission, it is equally important for
real-world applications that the estimation can be performedunder limited
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Table 5.4: Quantitative comparison of estimation accuracy across various
motions, including straight walking at multiple speeds (Normal, Slow,
Fast), non-straight walking, and jogging in the UnderPressure dataset.

Method MPJPE
[cm] (⇐)

PEL-MPJPE
[cm] (⇐)

JointAngle
[degree] (⇐)

RootVel
[cm/s] (⇐)

Normal Walk 9.20 3.68 2.24 8.16
Slow Walk 7.66 3.87 2.47 7.67
Fast Walk 13.86 3.80 2.28 9.27

Non-Straight Walk 50.18 11.97 4.24 36.09
Jogging 73.87 9.66 10.24 48.48

computational resources. The proposedmodel contains 3.05Mparameters
and requires about 1.94 M FLOPs per frame, achieving an inference speed
of 255 FPS on a workstation running Ubuntu 22.04.5 with an AMD EPYC
7453 (28 cores) CPUand anNVIDIARTXA6000GPU. By contrast, the base-
line method MobilePoser has 6.67 M parameters, requires about 6.70 M
FLOPs per frame, and achieves 93.2 FPS. These results demonstrate that
the proposed method is lighter and faster than the baseline. An important
future direction is to further reduce the model size and improve e!ciency
so that real-time operation can be achieved even on smartphones and other
mobile or low-power devices.

5.4.2 Handling Straight-Line Walking Constraints

Our proposed method accurately estimates gait pose from minimal IMU
datawith instantaneous computation. However, the currentmodel is trained
specifically on straight-line walking. Consequently, when a user performs
motions other than straight-line walking, unnatural movements may be
estimated. Table 5.4 presents the estimation accuracy for three straight-
walking speeds (Normal, Slow, and Fast) as well as for non-straight walk-
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Figure 5.11: Example of straight-walking segmentation in the UnderPres-
sure dataset. Blue indicates straight-walking segments and red indicates
non-straight segments. Only the straight-walking segments were used for
training and evaluation of the proposed method.

ing and jogging. For the three straight-walking speeds, although some
speed-dependent variation is observed inmetrics related to walking speed
such asMPJPE and RootVel, the estimationmaintains reasonable accuracy,
confirming that the proposed method can adequately handle changes in
walking speed. In contrast, for non-straight walking, examples of which
are illustrated by the red trajectories in Figure 5.11, accuracy drops substan-
tially, particularly in metrics other than joint angle estimation, and jogging
shows decreased accuracy across all metrics. These results indicate that
turning motions, such as those represented by the red line that exceed the
range of body sway observed during straight walking (blue line) in Fig-
ure 5.11, as well as jogging motions, produce acceleration and angular ve-
locity waveforms that fall outside the distribution of the training data, and
thus the current model does not yet support such movements.

Moreover, during the training phase, the straight-line segments of the
walking data must be manually extracted, and the demonstration system
currently lacks a mechanism to identify straight-line walking segments in
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real-time. To address this limitation, future development should focus on
implementing real-time classification of IMU waveform data to automati-
cally detect straight-linewalking segments. By incorporating this function-
ality, we could naturally and continuously collect long-termgait data in ev-
eryday life without requiring conscious e"ort from the user, ultimately fa-
cilitating detailed analysis of long-term gait changes due to aging or med-
ical conditions.

5.4.3 Addressing Device and Footwear Variability

Practical deployment of our method requires robustness to real-world fac-
tors that can a"ect sensing and estimation accuracy. Variations in footwear
type and IMU attachment position may introduce measurement inconsis-
tencies even for identical gait patterns. Possible alternative IMU place-
ments, such as on the instep (e.g., shoelaces), shoe sides, or the heel, would
lead to di"erent sensor orientations and measurements, potentially de-
grading model performance due to inconsistencies in the input–output re-
lationship. Moreover, attaching IMUs to soft shoe parts can introduce addi-
tional sensor noise from foot contact-induced vibrations. To mitigate these
e"ects, we intentionally adopted the ORPHE CORE device embedded in-
side the shoe sole, ensuring a completely fixed and vibration-resistant po-
sition that minimizes sensitivity to placement variability.

Similarly, footwear type can influence IMU signals through di"erences
in material sti"ness, geometry, and fit, causing waveform variations even
for the samemotion. To reduce such variability and ensure consistent eval-
uation, we standardized footwear to sneakers, which are common in every-
day use and specifically designed to house the ORPHE CORE device for
robust and reproducible IMU placement. While this standardized setup
enables highly accurate motion estimation, real-world usage may deviate
from these conditions. Future work should therefore explore adaptive cali-
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bration strategies andmodel generalization techniques tomaintain reliable
performance across diverse footwear and sensor placement conditions.

5.4.4 Toward Real-World Gait Analysis

Our proposedmethod has demonstrated that gaitmotion can be accurately
estimated from only two foot-mounted IMUs under controlled conditions
of straight-line walking on level ground. However, comprehensive gait
analysis in real-world conditions requires validating the proposedmethod
in naturalistic settings, such as outdoor walkways, residential spaces, and
other daily-life environments, to ensure reliable operation beyond con-
trolled laboratory conditions. Long-term, in-the-wild evaluations will be
critical to assess performance across ground surfaces of varying compli-
ance (e.g., asphalt, concrete, grass, sand), thereby bridging the gap between
laboratory demonstrations and everyday application.

In addition, comprehensive gait analysis in real-world conditions ne-
cessitates capturing and analyzing gait in diverse environments, includ-
ing stairs and slopes. Developing robust algorithms capable of accurately
estimating gait pose in these non-flat environments is an important fu-
ture challenge. Leveraging multiple wearable sensors tailored to the spe-
cific movements and environmental contexts under investigation could
further enhance motion estimation accuracy and versatility. Promising
future directions include integrating insole foot-pressure sensors to per-
form biomechanical-informed pose estimation, employing smartwatches
for detailed full-body motion reconstruction, and using first-person wear-
able cameras for combined environmental reconstruction and analysis of
human interactions with surroundings. By integrating these complemen-
tary technologies, we anticipate the development of more comprehensive,
versatile gait analysis methods that can be e"ectively applied across vari-
ous aspects of everyday life.
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5.4.5 Toward Clinical Applications

In this study, we proposed a method aimed at accurately reproducing nor-
mal gait motions of healthy individuals, but for future clinical applications
two aspects will be crucial: constructing detailed, personalized human
body models that represent individual patients, and accurately estimating
pathological or otherwise abnormal gait patterns.

In this work we employed the SMPL model, a statistical body model
built from the body shapes of healthy individuals, which assumes nor-
mal body morphology and therefore struggles to represent patients whose
body structures have changed. For example, patientswith knee osteoarthri-
tis (KOA) are known to exhibit unique skeletal and gait characteristics
caused by joint degeneration, pain, and muscular atrophy, features that
standard statisticalmodelsmay fail to capture. To address such clinical sce-
narios, it will be important to reconstruct high-resolution 3D personalized
human body models from medical imaging data such as CT or MRI scans,
allowing more accurate reproduction of pathological body structures and
motions. Incorporating such personalized models will enable quantitative
analysis of disease-specific gait patterns and is expected to contribute to
clinical applications such as diagnosis, longitudinal monitoring, and treat-
ment evaluation.

Furthermore, acquiring the ability to estimate abnormal gait unique
to non-healthy populations is equally indispensable. Examples include
asymmetric gait caused byhemiparesis, shu#ing gait associatedwith Parkin-
son’s disease, and spastic gait observed in cerebral palsy. To capture these
conditions, it will be necessary to build and train on datasets that reflect
the characteristic motion patterns of each disease. Since these pathologi-
cal gaits often di"er markedly from those of healthy individuals in foot-
pressure distribution and muscle activation patterns, combining comple-
mentary sensing modalities such as insole pressure sensors or electromyo-
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graphy is also expected to be e"ective. Advancing such data-drivenmodel
extensions and sensor integration will enable high-accuracy joint motion
estimation and quantitative characterization of disease-specific gait, fur-
ther supporting diagnostic assistance and the evaluation of rehabilitation
outcomes in clinical practice.

In addition, collecting large, well-annotated datasets of disease-specific
gait is inherently challenging in clinical settings. Tomitigate this data scarcity,
it will be important to draw on strategies surveyed by Alzubaidi et al. [2],
includingdomain-specific transfer learning, self-supervised representation
learning, deep generative approaches such as GANs and DeepSMOTE,
andphysics-informedneural networks (PINNs). Building on these insights
to design new learning frameworks tailored to wearable sensor data, such
as IMU and insole pressure signals, will be crucial for robustly model-
ing patient-specific body structures and pathological gait patterns and for
translating our method to future clinical applications.

5.5 Summary

In this chapter, we introduced “Gait Inertial Poser (GIP)”, a novel method
for accurately estimating full-bodyhumanposes using only two shoe-embedded
IMUs. Our gait-aware deep learning framework e"ectively addresses com-
mon IMU-based issues such as integration drift and orientation inaccura-
cies, without relying on global coordinate transformations. Experimen-
tal results on the AIST Gait Database and UnderPressure datasets demon-
strated that our approach consistently outperforms baselinemethods across
multiple metrics. Additionally, an ablation study confirmed the signifi-
cant contribution of our Smoothing Module in enhancing velocity estima-
tion stability. We also developed a demonstration system utilizing com-
mercially available IMU shoes (ORPHE CORE), verifying stable and near-
instantaneous gait estimation in real-world settings. These findings high-
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light the practical potential of IMU-based motion capture for long-term
monitoring in everyday environments.

On the other hand, motion capture systems intended for purposes be-
yond long-term gait analysis, such as sports and biomechanical motion
analysis, VR and AR applications, or robotics, must be able to handle a
wide variety of full-body movements and interactions with environments
that are not limited to flat terrain. However, IMUs measure only sparse
inertial signals such as accelerations and angular velocities, which makes
it di!cult to estimate absolute positions and inevitably leads to drift. In
addition, when only a small number of IMUs are available, it becomes fun-
damentally di!cult to infer full-body motion because the sensors provide
limited information. To address these challenges while keeping the sens-
ing burden minimal, the next chapter proposes a method that reconstructs
physically consistent full-body motion by integrating only four wearable
devices, namely smartwatch IMUs and insole pressure sensors, within a
physics simulation framework.



Chapter 6

Physics-based Pose Estimation

In this chapter, weproposeGroundReaction Inertial Poser (GRIP), amethod
that reconstructs physically plausible human motion using four wearable
devices. Unlike conventional IMU-only approaches, GRIP combines IMU
signals with foot pressure data to capture both body dynamics and ground
interactions. Furthermore, rather than relying solely on kinematic estima-
tion, GRIP uses a digital twin of a person, in the form of a synthetic hu-
manoid (an articulated skeletal rigid-body model with human-like kine-
matic and dynamic properties) in a physics simulator, to reconstruct re-
alistic and physically plausible motion. At its core, GRIP consists of two
modules: KinematicsNet, which estimates body poses and velocities from
sensor data, and DynamicsNet, which controls the humanoid in the sim-
ulator using the residual between the KinematicsNet prediction and the
simulated humanoid state. To enable robust training and fair evaluation,
we introduce a large-scale dataset, Pressure and Inertial Sensing for Hu-
man Motion and Interaction (PRISM), that captures diverse human mo-
tions with synchronized IMUs and insole pressure sensors. Experimental
results show that GRIP outperforms existing IMU-only and IMU–pressure
fusion methods across all evaluated datasets, achieving higher global pose
accuracy and improved physical consistency.

124



Chapter 6. Physics-based Pose Estimation 125

(a) Sensor Configuration (b) Physics-based Motion Reconstruction (c) Multi-modal Dataset
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Figure 6.1: Overview of the proposed Ground Reaction Inertial Poser
(GRIP). (a) GRIP observes motion using four IMUs and foot pressure data
from smartwatches and smart insoles. (b) Full-body motion is recon-
structed by driving a humanoid with joint torques in a physics simulator.
(c) The PRISM dataset o"ers multimodal measurements, including IMUs,
foot pressure, motion data, and environmental data.

6.1 Background

Accurately capturing humanmotion in practical settings is crucial formany
applications in robotics, biomechanics, and virtual reality. Reducing the
number of sensors is particularly important for improving usability in ev-
eryday environments. In this work, we proposeGround Reaction Inertial
Poser (GRIP), a novel motion capture method that reconstructs physically
consistent full-body motion using only four wearable devices attached to
the wrists and feet (Fig. 6.1-a). GRIP integrates kinematic cues from four
IMUswith dynamic cues from foot pressure, and leverages physics simula-
tion–basedhumanoid control throughdeep reinforcement learning, achiev-
ing accurate and physically plausible full-body motion estimation despite
the minimal sensor configuration (Fig. 6.1-b).

Conventional optical motion capture (MoCap) systems provide high
accuracy, but require dedicated environmentswithmultiple cameras, mak-
ing themunsuitable for everyday or long-termuse. Monocular RGB–based
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approaches have also beenwidely studied in recent years. However, third-
personmonocular methods [11,20,27,129,141] are constrained by the cam-
era’s field of view, while egocentric methods [35, 44, 48, 54, 140, 152] su"er
from the di!culty of estimating the camera motion and the full-body pose
due to self-occlusions. As an alternative to these vision-based approaches,
wearable IMU-based methods, in which sensors are directly attached to
the human body, have also been explored. Commercial wearable MoCap
systems o"er accurate motion estimation, but systems such as Xsens re-
quire up to 17 IMUs embedded in a spandex body suit, making them less
suitable for daily use.

Recent studies address this limitation by estimating full-body pose us-
ing only a few IMUs [46, 59, 95, 156]. However, unlike methods that lever-
age VR-oriented head-mounted devices (HMDs) or hand trackers for pose
estimation [1, 14, 22, 25, 26, 29, 55–57, 71, 142, 172], IMU-only systems can-
not directly measure absolute position. As a result, accumulated estima-
tion errors lead to temporal drift and physically implausible artifacts, such
as foot sliding, penetration, or floating. Although post-hoc physical opti-
mization techniques [149, 153, 155, 157] can mitigate these issues, they still
depend on IMU-based estimation of body–environment contacts, making
it di!cult to accurately capture fine-grained physical interactions. To bet-
ter model such interactions, recent studies have incorporated insole-type
pressure sensors equipped with IMUs [145,159], providing additional dy-
namic cues that reflectweight shifts through ground reaction forces, aswell
as reliable foot-contact cues that help suppress drift. Nevertheless, these
approaches rely solely on foot sensors, limiting their ability to reconstruct
upper-body motion and still su"er from drift in complex or dynamic mo-
tions.

To address these challenges, this work designs GRIP to achieve accu-
rate and physically plausible full-bodymotion estimation using a minimal
configuration of IMUs and foot pressure sensors. Here, the term “mini-
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mal” refers to a sensor placement that is both necessary to make generic
human motion uniquely identifiable in principle and feasible for practical
deployment. Since the motion of terminal body parts, such as the hands
and feet, is fundamentally di!cult to estimate without corresponding sen-
sors except for periodic motions, this work adopts a configuration with
four IMUs attached to the wrists and ankles, together with foot pressure
sensors on both feet. This sensor configuration enables the integrated esti-
mation of lower-body physical interactions, such as foot contact and load
transfer, along with full-body motion including the upper limbs. More-
over, this configuration is primarily intended for motion monitoring in
realistic environments, such as industrial and caregiving or rehabilitation
settings, where sensors are worn as part of routine tasks or measurements,
and is therefore considered practically feasible.

GRIP consists of two neural network modules. The first, Kinematic-
sNet, incrementally estimates the kinematic state ofmotion, including joint
positions, angles, and velocities, from IMU and foot pressure data. The
second, DynamicsNet, controls a digital twin humanoid model within a
physics simulator by using the sensor data, the estimated kinematic state,
humanoid state, and environmental information as observations to repro-
duce physically consistent humanmotion. By using the simulator, Dynam-
icsNet naturally satisfies physical constraints such as gravity, friction, and
ground reaction forces. This allows it to suppress non-physical artifacts, as
well as unnatural foot-ground constraints seen in the physical optimiza-
tion methods.

Validating such aphysics-integrated framework requires real-world data
that capture both human motion and its physical interactions with the en-
vironment. To this end, we built a new public dataset, Pressure and Iner-
tial Sensing for HumanMotion and Interaction (PRISM), which integrates
multi-modal data including IMU and insole pressure measurements, opti-
cal motion capture, and environmental models (Fig. 6.1-c). PRISM covers
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Figure 6.2: Overview of the GRIP framework. Input Data (Sec. 6.2.1) con-
sists of IMU and insole measurements. KinematicsNet (Sec. 6.2.2) esti-
mates kinematic states, and theStateDi!erence (Sec. 6.2.3) compares them
with the simulated humanoid. DynamicsNet (Sec. 6.2.4) drives the hu-
manoid through physics simulation-based control. The PRISM dataset
(Sec. 6.2.5) provides diverse multi-modal data.

diverse humanmotions, spanningdaily activities, sports, andhuman–object
interactions, o"ering a comprehensive dataset formodeling physically con-
sistent human motion and interaction.

In summary, our contributions are as follows: (1) We propose GRIP, a
framework that achieves accurate full-body motion estimation using only
four IMUs and insole pressure sensors. (2) We introduce a two-stage archi-
tecture, KinematicsNet and DynamicsNet, that integrates IMU and pres-
sure data to reconstruct physically consistent human motion. (3) We con-
struct and publicly release a new multi-modal dataset, PRISM, which in-
cludes diverse actions and sensor modalities.
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6.2 Method

Our goal is to reproduce diverse real-world human motions on a torque-
driven humanoid model in a physics simulator using a minimal sensor
setup. As shown in Fig. 6.2, GRIP takes four IMU signals, two on thewrists
and two embedded in the insoles, along with the foot pressure data. The
architecture follows an observer–controller structure: KinematicsNet es-
timates motion states from sensor data, and DynamicsNet uses these esti-
mates to control the humanoidmodel. We introduce an intermediate repre-
sentation, State Di"erence, which captures the discrepancy between the es-
timated motion state and the simulated humanoid state, allowing Dynam-
icsNet to utilize the kinematic observations. The following sections de-
scribe the input data (Sec. 6.2.1), KinematicsNet (Sec. 6.2.2), StateDi"erence
(Sec. 6.2.3), DynamicsNet (Sec. 6.2.4), and the PRISM dataset (Sec. 6.2.5).

6.2.1 Input Data

TheGRIP frameworkuses acceleration andorientationmeasurements from
four IMUs. All IMU accelerations and orientations are transformed into
the global coordinate frame. For a sequence of length T, the acceleration
and orientation at frame t are represented as At ↑ R4↘3 and Rt ↑ R4↘3↘3.
The insole sensors contain 16 pressure cells per foot and provide raw pres-
sure values, vertical ground reaction forces (GRF), and the center of pres-
sure (CoP). To ensure compatibility across di"erent insole devices, we de-
fine a simplified input representation. Specifically, the vertical GRF is rep-
resented as Igrf ↑ R2↘1, the CoP positions (2D coordinates centered at
the midfoot) as Icop ↑ R2↘2, and the binary contact labels for the fore-
foot and rearfoot regions as Icnt ↑ R2↘2. The contact labels are obtained
by dividing the foot sole into front and rear regions and assigning a con-
tact label when the summed pressure in each region exceeds a threshold.
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These features are concatenated to form the simplified input representa-
tion It = [Igrf, Icop, Icnt] ↑ R2↘5. Finally, all sensor observations at frame t

are summarized asOsen
t

= {Rt, At, It}.

6.2.2 KinematicsNet

KinematicsNet progressively estimates kinematic information from the in-
put sensor data. The network produces four outputs: leaf-joint positions
(LP), full-joint positions (FP), full-body joint angles (FA), and leaf-joint ve-
locities (LV). First, taking the root joint (pelvis) as the coordinate origin,
the network predicts the leaf-joint positions (LP) of the wrists, feet, and
head. These predictions, together with the sensor data, are then used to re-
construct full-body joint positions (FP). While this progressive estimation
follows prior works [153, 155–157], our method di"ers in that we operate
directly on globally oriented IMU measurements. Because no IMU is at-
tached to the root joint, the root’s global rotation cannot be separated from
these measurements. As a result, the network outputs are represented in
a root-centered frame but still retain the global rotation of the body. Next,
using the sensor data and the estimated joint positions, the network pre-
dicts the full-body joint angles (FA) and the global leaf-joint velocities (LV).
The resulting full-joint positions, joint angles, and leaf-joint velocities are
used to compute the State Di"erence (Sec. 6.2.3), and are also stored in a
History Bu"er H to provide reset references when the humanoid falls in
the physics simulator (Sec. 6.2.4).

The network employs a unidirectional LSTM for each stage (LP, FP, FA,
LV), estimating outputs frame by frame while modeling temporal depen-
dencies. At each timestep, the output is defined as leaf-joint position p

leaf
t

↑

R5↘3, full-joint position pt ↑ R24↘3, full-body joint angle θt ↑ R24↘6,
and leaf-joint velocity v

leaf
t

↑ R5↘3. The 24 joints correspond to the SMPL
model [79], and the five leaf joints correspond to the wrists, feet, and head.
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The joint angles are represented using the continuous 6D rotation repre-
sentation [174] for stable learning. KinematicsNet is trained using mean
squared error (MSE) losses applied to each of its submodules. The total
loss is defined as: LKin = ↓p

leaf
↔ p̂

leaf
↓
2 + ↓p↔ p̂↓

2 + ↓θ↔ θ̂↓2 + ↓v
leaf

↔

v̂
leaf

↓
2,where the hat notation indicates ground-truth values.

6.2.3 State Di!erence

In IMU-basedmotion estimation, integrating estimated velocities to obtain
global trajectories causes drift accumulation, which would directly prop-
agate to humanoid tracking. To avoid this, our framework does not use
integrated global positions; instead, it represents translational motion us-
ing the estimated global velocities of leaf joints and expresses posture using
root-relative joint positions. To unify these cues and capture the discrep-
ancy between the estimated and simulated humanoid states, we introduce
an intermediate representation called State Di"erence.

The State Di"erence comprises (1) motion di"erences at the leaf joints
and (2) position di"erences for all joints, both transformed into the hu-
manoid’s heading-aligned coordinate frame. The first component, Dleaf

t
=

{d
θ
t
, dv

t
, dω

t
, θleaf

t
}, consists of the following terms: the rotational di"erences

d
θ
t
↑ R4↘6, angular velocity di"erences dω

t
↑ R4↘3, and orientations θleaf

t
↑

R4↘6 computed at the four leaf joints corresponding to the IMUs (wrists
and feet); and the linear velocity di"erences d

v

t
↑ R6↘3 computed at six

key joints (wrists, feet, head, and pelvis) based on the outputs of Kine-
maticsNet. The second component, Dfull

t
= {d

p

t
, pt}, captures the posi-

tion di"erences of all joints, expressed in the root-aligned coordinate frame.
Specifically, the position di"erence d

p

t
↑ R24↘3 are derived from the full-

body joint positions pt ↑ R24↘3 estimated by KinematicsNet and the cor-
responding simulated humanoid joint positions. Finally, Dleaf

t
andD

full
t

are
concatenated to form the State Di"erence vector Dt = [Dleaf

t
,Dfull

t
].
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6.2.4 DynamicsNet

DynamicsNet controls the humanoid model within the physics simulator
based on several observations. The overall framework is formulated as a
MarkovDecision Process defined by the tupleM = ⇓S ,A, T ,R,γ⇔, where
S ,A, T ,R, and γ denote the state space, action space, transition dynamics,
reward function, and discount factor, respectively. At each timestep t, the
policy ϱ(at|st) selects an action at ↑ A given the current state st ↑ S ,
and the simulator updates the next state st+1 according to T . The policy
is trained to maximize the expected discounted reward using the proximal
policy optimization (PPO) algorithm [116].

Observations. The observation vector at each timestep is defined asOt =

{O
sen
t

,Okin
t

,Oself
t

,Oenv
t

}. The sensor observation O
sen
t

= {Rt, At, It} con-
sists of the same inputs used in KinematicsNet. These sensor-level fea-
tures allow the policy to directly reference the original sensory inputs in
addition to the estimated kinematic states. The kinematic observationO

kin
t

corresponds to the State Di"erence Dt introduced in the previous section,
representing the discrepancies between the estimated motion and simu-
lated humanoid states. The self observationO

self
t

= {p
sim
t

, θsim
t

, ṗsim
t

, θ̇sim
t

}

includes the positions and angles of all joints, along with their temporal
derivatives (velocities and angular velocities). Finally, the environmental
observation O

env
t

represents the height map of the environment, sampled
as a 25↘ 25 grid centered around the humanoid within a square area of
1.5m ↘ 1.5m. This map provides spatial context, enabling the policy to
adapt to non-flat environments.

Policy and Reward. The policy network (PN) is implemented as a multi-
layer perceptron (MLP) that maps the observation vectorOt to target joint
angles θ↗

t
, which serve as the action at. These target angles are converted

into joint torques εt usingproportional-derivative (PD) control: εt = kp(θ↗t ↔
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θt)↔ kdθ̇t, where kp and kd denote proportional and derivative gains, re-
spectively. The reward function follows the Perpetual Humanoid Control
(PHC) framework [86] and consists of three components: an Adversarial
Motion Prior (AMP) [103], an imitation reward, and an energy penalty [30].
The total reward is formulated as:

rt = 0.5ramp
t

+ 0.5rimit
t + r

energy
t

, (6.1)

where rt denotes the total reward at timestep t.

TheAMPreward r
amp
t

encourages realistic andnaturalmotions by train-
ing a discriminator D to distinguish generated motions from real human
motion. The discriminator takes as input the self-observationO

self
t

, which
consists of a temporally ordered sequence of motion features overW con-
secutive frames, maintained as a sliding window that is updated at every
timestep. The AMP reward is computed as:

r
amp
t

= ↔ log
(
1↔ σ

(
D(Oself

t )
))

, (6.2)

where σ(·) denotes the sigmoid function and D(Oself
t

) represents the dis-
criminator logit output for the self-observationO

self
t

. This reward formula-
tion encourages the policy to generate motions that the discriminator clas-
sifies as real, i.e., σ

(
D(Oself

t
)
)
↖ 1, thereby maximizing r

amp
t

. The discrim-
inator is trained using a standard Generative Adversarial Network (GAN)
objective with gradient penalty regularization:

LD = E
O

self
ϱ

[
log

(
1↔ σ

(
D(Oself

ϱ )
))]

+E
O

self
ref

[
log σ

(
D(Oself

ref )
)]

+ λgpEO
self
ref

[∥∥∥↙OD(Oself
ref )

∥∥∥
2
]
,

(6.3)

whereOself
ϱ denotes self-observations generated by the policy,Oself

ref denotes
self-observations from the reference motion dataset, λgp is the gradient
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penalty coe!cient, and ↙OD(·) represents the gradient of the discrimi-
nator output with respect to the input observation.

The imitation reward measures the consistency between the simulated
and referencemotion states. It is computed based on the di"erences in joint
positions, rotations, linear velocities, and angular velocities:

r
imit
t = wpe

↔100↓p̂t↔pt↓ + wθe
↔100↓θ̂t∝θt↓

+ wve
↔10↓v̂t↔vt↓ + wωe

↔0.1↓ϱ̂t↔ϱt↓,
(6.4)

where wp, wθ, wv, and wω are weighting coe!cients for each term, and ∝

denotes the rotation di"erence between the reference and simulated ori-
entations. The hatted quantities (e.g., p̂t, θ̂t) represent reference motion
values, while the unaccented ones correspond to simulated states.

The energypenalty renergy
t

is computed as the negativemechanical power
of the humanoid, obtained from the element-wise product of joint torques
εt and joint angular velocities ϱt. Specifically, the penalty is defined as

r
energy
t

= ↔α |εt ′ ϱt|, (6.5)

where α is a power coe!cient (default 0.0005). This termencourages energy-
e!cient control while excluding the first three frames to avoid initializa-
tion artifacts.

Fall Recovery Mechanism. In our framework, the humanoid is controlled
under strong physical constraints without introducing any auxiliary forces
such as residual forces. As a result, during complex or abrupt motion tran-
sitions, the humanoid may occasionally lose balance and fall, leading to
unstable simulation behavior. To address this issue, we introduce a fall
recovery mechanism based on a history bu"er to ensure stable inference
during deployment.

The mechanism maintains a history bu"er H = {pt↔N:t, θt↔N:t, vt↔N:t}

containing the past N frames of outputs from KinematicsNet. At each
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timestep t, a fall is detected when the root joint height p
root
z,t falls below

the threshold τz and the discriminator probability ρt from the AMP mod-
ule is lower than τρ. Once a fall is detected, we compute the kinematic
root displacement ∆p

kin, root
t↔N:t by integrating the root velocities estimated by

KinematicsNet and stored in the bu"er. The simulated root position is then
reinitialized as psim, root

t
= p

sim, root
t↔N

+∆p
kin, root
t↔N:t . At the same time, the joint

angles θt estimated by the Full-joint Angle (FA) module of KinematicsNet
are used to reset the humanoid states, after which the physical simulation
is resumed. In addition, during the falling phase, the corresponding seg-
ment of motion output is replaced by the bu"ered KinematicsNet predic-
tions pt↔N:t, θt↔N:t, and vt↔N:t to maintain kinematic continuity and pre-
vent corrupted physical transitions. This allows the humanoid to continue
its motion smoothly and consistently even after a fall, without requiring
external correction forces.

6.2.5 PRISM Dataset

To enable robust training and fair evaluation of GRIP, we require data cap-
tured under diverse conditions with multiple IMUs, insole pressure sen-
sors, and high-fidelity motion labels. However, existing pressure-based
human motion datasets [39, 96, 117, 159, 164] are limited in sensor modal-
ities, motion diversity, or pose annotation accuracy, making them insuf-
ficient for training and evaluating physically consistent pose estimation
from sparse sensors. To address these limitations, we constructed a new
multimodal dataset, Pressure and Inertial Sensing for Human Motion and
Interaction (PRISM), that covers a broad set of motions with synchronized
multi-modal sensor data. This section describes the details on sensor speci-
fications, calibration, synchronization, and comparisonswith existingdatasets.

Data Acquisition. In constructing the PRISM dataset, it is necessary to
integrate the various sensor measurements obtained from multiple wear-
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able devices and an optical MoCap system into a unified global coordinate
frame and to synchronize all recordings under a consistent temporal refer-
ence. This section describes the sensing devices and data acquisition proto-
col used during collection, the coordinate-frame calibration procedures for
each device, and the temporal synchronization process. The studywas for-
mally approved by the Institutional Review Board (IRB) at Carnegie Mel-
lon University under approval number STUDY2022_00000178.

Sensors andCapture Protocol. Datawere collectedusing an opticalmotion-
capture system (OptiTrack), IMU-equipped smartwatches (Apple Watch),
IMU-equipped insole-type pressure sensors (Moticon OpenGo), a head-
mounted multimodal sensing device (Meta Aria Glass), and IMU devices
(Xsens MTw). OptiTrack provides high-precision 3D marker trajectories,
and the captured marker data were fitted with Mosh++ [80] to reconstruct
SMPL meshes and high-fidelity body motion. OpenGo includes a 6DoF
IMU (accelerometer and gyroscope) and sixteen pressure sensors on each
foot, enabling the measurement of vertical forces, pressure distribution,
and center of pressure (CoP). The Apple Watch includes a 9DoF IMU (ac-
celerometer, gyroscope, andmagnetometer). AriaGlass includes two 9DoF
IMUs and simultaneously records forward-facing video and two additional
SLAM camera views. Using these videos and IMU data, the Project Aria
Machine Perception Service (MPS)was used to obtain environmental point
clouds anddevice trajectories. Furthermore, XsensMTwunits (9DoF IMUs)
were attached to the knees and pelvis.

At the beginning of each recording, the subject maintained a T-pose for
approximately three seconds while wearing all sensors. This static posture
is used to determine the relative orientations of each IMU with respect to
the SMPL body model. Starting each capture with the same protocol also
reduces ambiguity in the initial pose during real-world operation. After
the T-pose, the subject returned to an upright stance and performed three
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Figure 6.3: Calibration setup for initial orientation. Left: Apple Watch.
Right: Xsens MTw sensors.

consecutive vertical jumps. The characteristic acceleration peaks observed
during the jump motions are later used as robust temporal landmarks for
precise synchronization across all sensor streams. The subject then per-
formed the instructed motion sequence.

IMU Calibration. IMU data were collected from eight body locations us-
ing four types of wearable devices: AppleWatch, OpenGo, Aria Glass, and
Xsens MTw. Because each device defines its measurements in its own co-
ordinate system, all IMU observations must be transformed into a unified
global coordinate frame. Weuse the coordinate systemof the SMPLmotion
reconstructed from the optical MoCap data using Mosh++ as the global
coordinate frame, adopting a z-up convention. At the beginning of each
recording session, the subject holds a T-pose facing the positive y-axis of
the global frame. This protocol enables consistent initialization of all IMU
orientations and establishes the reference posture used for the subsequent
calibration steps. The following sections describe how raw IMU orienta-
tions and accelerations are aligned with the global coordinate frame and
further mapped to the corresponding SMPL joint frames.

We first describe the calibration procedure for the Apple Watch and
Xsens IMUs, following the notation used in previous works [59, 70]. The
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relationship between the joint-frame orientation and the raw IMU mea-
surements is expressed as follows:

R
j

g = R
r

gR
s

rR
j

s, ag = R
r

gR
s

ras, (6.6)

where r denotes the raw IMU reference frame, and g denotes the global co-
ordinate frame. To obtain the joint rotations and accelerations in the global
coordinate system at each IMU attachment site, the IMU orientation must
be converted into the corresponding joint orientation R

j

g, and the raw ac-
celerations defined in the sensor frame must likewise be transformed into
the global frame ag, where R

s
r denotes the raw IMU orientation expressed

in the reference sensor frame. Thus, we first estimate the orientation of this
reference frame relative to the global frame. Following prior work [59,70],
before being attached to the user, each IMU sensor is placed on the floor
in a specified orientation aligned with the global frame and kept still for
3 seconds (Fig. 6.3). By averaging the static IMU signal, we obtain a sta-
ble estimate of its orientation at that moment, where R

s
r = R

g

r holds. The
inverse (Rg

r )↔1 is then applied to compute R
r
g. In the next step, we com-

pute the joint orientation R
j

g by combining the IMU-to-global rotationwith
the joint-to-sensor rotation as Rs

gR
j

s. To determine the joint-to-sensor trans-
form R

j

s, the subject takes a T-pose while facing the global y-axis. The re-
lationship is given by

R
jT
sT

= (RsT
r )↔1

R
g

rR
jT
g , (6.7)

where the subscript T indicates values obtained during the T-pose calibra-
tion. Assuming the IMU remains rigidly attached to the body during cap-
ture, the relative transform R

j

s is constant, allowing us to treat RjT
sT

= R
j

s.
Because the joint rotation in the T-pose, RjT

g , is determined from the SMPL
model, the T-pose raw IMUmeasurements RsT

r provide a reliable estimate
of Rj

s.

Next, wedescribe the calibration procedure for theOpenGodevice. Un-
like the other IMU devices, the sensor embedded in OpenGo is a 6DoF
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Figure 6.4: Sensor and global coordinate frames for the OpenGo devices,
illustrating the handedness di"erence between sensors.

IMU without a magnetometer, and therefore cannot utilize magnetic-field
information for orientation estimation. Following prior work [5], we use
the Versatile Quaternion-based Filter (VQF) [69] to estimate the sensor ori-
entation based on the gravity vector. Let the raw sensor coordinate frame
be s and the SMPL foot-joint coordinate frame be j. Because the left and
right OpenGo sensors follow di"erent handedness conventions (Fig. 6.4),
axis-sign corrections are applied to unify their coordinate systems. The
measured angular velocity ϱs and acceleration as aremapped into the joint
frame using the fixed sensor-to-joint rotation R

s

j
as

ϱj,Right = R
s

j
ϱs,

ϱj,Left = R
s

j
(ϱs ′ [↔1, 1, ↔1]) ,

aj,Right = R
s

j
as,

aj,Left = R
s

j
(as ′ [1, ↔1, 1]) ,

(6.8)

where ′ denotes the element-wise product. VQF provides the foot orien-
tation in its gravity-aligned frame, denoted as Rj

vqf. To express this orien-
tation in the global coordinate frame, we align it with the SMPL foot-joint
orientation in the T-pose. Let RjT

g be the global SMPL foot-joint rotation
in the T-pose, and let RjT

vqf be the VQF-estimated sensor orientation at the
same moment. The global joint-frame orientation is obtained by directly
aligning the VQF-estimated sensor orientationwith the calibrated joint ori-
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Figure 6.5: Alignment of the Aria Glass SLAM trajectory to the MoCap-
based head trajectory using Procrustes analysis.

entation in the T-pose:

R
j

g = R
jT
g

(
R

jT

vqf

)↔1
R

j

vqf. (6.9)

The global acceleration is obtained by rotating the raw sensor acceleration
using the joint’s global orientation:

ag = R
j

g aj. (6.10)

Finally, we describe the calibration procedure for the Aria Glass. Aria
Glass is equipped with two IMUs (1000Hz and 800Hz), and in our dataset
we use the 1000Hz unit, which is downsampled to 100Hz to match the
other sensors. The Aria system defines several coordinate frames, includ-
ing the IMU frame i, the device frame d, the SLAM world frame w esti-
mated by MPS, and the Central Pupil Frame (CPF) c, which is used to
approximate the e"ective IMU attachment location. The global MoCap
coordinate system is denoted as g. MPS provides the device orientation
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Figure 6.6: Vertical acceleration signals from MoCap data and from IMU
sensors at the same set of body-mounted locations. The characteristic
jump-induced peaks provide reliable cues for temporal synchronization
across sensor streams.

as Rd
w in the SLAM coordinate system, and factory calibration further pro-

vides the fixed extrinsic rotations Ri

d
(IMU to device) and R

c

i
(IMU to CPF).

The transformation from the SLAM frame to the global MoCap frame, Rw
g ,

is estimated by leveraging the high accuracy of the SLAM trajectory pro-
duced byMPS. Specifically, as illustrated in Fig. 6.5, we align theAriaGlass
trajectory to the MoCap trajectory of the SMPL-based CPF (central pupil)
position across the entire sequence using Procrustes analysis, which yields
the rotation R

w
g , translation t, and scale s. Using these transformations,

the CPF orientation and IMU accelerations can be expressed in the global
coordinate system as

R
c

g = R
w

g R
d

w R
i

d
R
c

i
,

ag = R
w

g R
d

w R
i

d
ai,

(6.11)

where ai denotes the raw acceleration measured in the IMU frame. These
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quantities are used as the head IMU’s global orientation and global accel-
eration in the dataset.

Time Synchronization. All sensors used in this study (OptiTrack, Ap-
ple Watch, OpenGo, Aria Glass, and Xsens MTw) record data at 100 Hz.
Since the measurements on each device are started manually, their record-
ing start times are not aligned. Therefore, a synchronization procedure is
required to align all sensor streams to a common temporal reference. In our
dataset, we use the vertical acceleration peaks generated during the three
vertical jumps performed immediately after the T-pose as temporal land-
marks for synchronization. As described in the previous section, all IMUs
are transformed into a unified global coordinate system through calibra-
tion. This allows the vertical acceleration components derived from each
IMU’smeasurements to be compared directly. Meanwhile, the SMPLmesh
obtained fromMoCap provides only positional information; therefore, the
corresponding reference acceleration is computed by applying finite dif-
ferences to the time-series vertex positions at each IMU attachment site,
converting positions to velocities and subsequently to accelerations.

For synchronization, the vertical acceleration waveform of each IMU is
slid over the reference SMPL-derived vertical acceleration waveform us-
ing a sliding-window approach, and similarity (cross-correlation) is eval-
uated at each o"set. The temporal o"set that achieves the highest similar-
ity is taken as the time shift for that IMU stream, aligning all sensors to a
common time axis. Fig. 6.6 shows an example of the vertical acceleration
signals computed from MoCap-based SMPL at the eight IMU attachment
locations (wrists, feet, knees, waist, and head), alongside those from the
corresponding IMU sensors, illustrating how the characteristic peaks from
the three jumps serve as reliable synchronization cues.

Dataset Composition. The PRISM dataset consists of 1,275 sequences di-
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Table 6.1: Comparison of humanmotion datasets utilizing insole-type foot
pressure sensors.

Dataset Year Foot IMUs Other IMUs Env. Models Motion Diversity MoCap Method

PSU-TMM100 [117] 2020 No No No Low (Tai Chi) Optical
UnderPressure [96] 2022 Yes (2) No No Medium (Locomotion) Inertial
MMVP [164] 2024 No No No Medium (Exercise) RGBD
HAMPI [159] 2025 Yes (4) No No High (Diverse Action) Inertial + RGB
PRISM (Ours) 2025 Yes (2) Yes (6) Yes High (Diverse Action) Optical

vided into 1,021 for training and 254 for testing, each 10 seconds long (1,000 frames).
Data were collected from six subjects (four male and two female), totaling
approximately 12,750 seconds (⇑ 3.5 hours) of motion. Each sequence in-
cludes synchronized multimodal signals, such as MoCap-based reference
poses, IMU and insole pressure data, environmental point clouds, camera
trajectories, and object models for interaction.

The dataset covers a wide range of motion categories. First, Basic Loco-
motion includes walking along predefined paths and random trajectories
(Walking Square / Walking Random), as well as jogging along predefined
or random paths (Jogging Square / Jogging Random). Next, Slow Move-
ments consist of stretching, two-foot and one-foot balancing, squatting,
and lunge walking. Furthermore, Fast Sports Actions include whole-body
athletic movements such as sidestepping, forward jumping, golf, baseball,
tennis, soccer, and direction-switchingmovements. Finally, Interaction Be-
haviors involve movements that include physical interaction with objects,
such as stepping onto boxes or stairs (Stepping Boxes / Stepping Stair),
sitting on boxes (Sitting Boxes), and object carrying.

Comparison with Existing Datasets. In recent years, several foot-sensing
motiondatasets leveraging insole-type pressure sensors have been released,
contributing significantly to the understanding of human motion. How-
ever, existing datasets exhibit inherent trade-o"s across aspects such as
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IMU availability, environmental information, motion diversity, and anno-
tation accuracy. As a result, none of them is su!cient for comprehen-
sively modeling physically consistent full-body motion together with in-
teractions involving the environment and objects.

PSU-TMM100 [117] is a dataset that combines insole-type pressure sen-
sorswith opticalmotion capture, consisting of Tai Chimovements. While it
provides plantar pressure distributions, it does not include any IMUmea-
surements. UnderPressure [96] contains long recordings of basic locomo-
tion such as walking, jogging, and skipping, and is characterized by the
inclusion of both plantar pressure sensors and foot IMUs. It also includes a
limited set of environment-interaction behaviors, such as stair ascent/de-
scent and stepping onto objects, but neither environment geometry nor
object models are provided. MMVP [164] records RGB-D video of body
movements together with plantar pressure measurements, and features
several fast exercisemotions, but does not provide IMUdata. HAMPI [159],
the most recent foot-sensing dataset, includes plantar pressure, foot IMUs,
and SMPL motions generated by combining inertial motion capture with
monocular video-based pose estimation. Although it covers a wide vari-
ety of actions, the IMUs are restricted to the feet, making the dataset un-
suitable for studies that require wrist or full-body IMUs. Moreover, some
motion-capture errors remain in the form of unnatural body tilts or elbow
twisting, making the annotations not fully reliable for physics-based ap-
proaches such as GRIP.

Taken together, existing datasets do not simultaneously provide (i) de-
tailed foot-sensing measurements, (ii) full-body inertial information, (iii)
environment interaction data, (iv) a broad range of motions, and (v) ac-
curate full-body mesh annotations within a single framework. PRISM ad-
dresses these gaps by combining SMPLmotion reconstructed from optical
MoCapwith eight IMUs placed at common attachment sites (knees, pelvis,
wrists, and head) in addition to the feet, along with insole-type pressure
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sensors. PRISM also includes environmental point clouds and object mod-
els, and covers a wide variety of motions ranging from basic locomotion
to slow movements, fast sports activities, and interactions with objects.
Through this combination, PRISM serves as a unified dataset suitable for
integrated analysis of full-body motion and foot–ground interaction dy-
namics in everyday scenarios, supporting research that requires physically
consistent motion estimation.

6.3 Experiments

6.3.1 Implementation Details

Networks and Training. Our framework consists of two stages: Kinemat-
icsNet, which estimates kinematic states, and DynamicsNet, which gener-
ates physically consistent motion within a physics simulator. Training is
performed in two stages: first, KinematicsNet is trained independently,
and then DynamicsNet is trained within a physics simulation environ-
ment. During the training of DynamicsNet, the parameters of Kinemat-
icsNet are frozen and used as a motion-state estimator.

KinematicsNet comprises four submodules: LP (leaf-joint position), FP
(full-joint position), LV (leaf-joint velocity), and FA (full-joint angle). Each
submodule is first trained independently to ensure stable estimation, and
then all modules are jointly trained in an integrated manner. Following
previous works [153, 155, 157, 168], we initialize the hidden states of each
submodule RNN using the ground-truth data of the first frame, to avoid
ambiguity caused by uncertain initial poses. This initialization is applied
only to the first frame of each sequence. Training was conducted for 2000
epochs using the Adam optimizer (learning rate 1↘ 10↔5, batch size 256).
Following TIP [59], IMU signals were processed with a low-pass filter to
remove high-frequency noise. All trainingwas performedondata sampled
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at 100 Hz.

DynamicsNet is a policy network trained within a physics simulation
environment to control a torque-driven humanoid model. The policy net-
work is implemented as a multilayer perceptron (MLP) consisting of six
layers with sizes [2048, 1536, 1024, 1024, 512, 512] and SiLU activations.
The network outputs target joint angles, which are converted into joint
torques through PD control. In the early training stage, an early termina-
tion condition is applied: an episode is terminated when any joint position
error exceeds a threshold of τe = 0.25 m, which accelerates convergence
and stabilizes the learning of basicmotion patterns. We trainDynamicsNet
for 500 epochs across 10 iterations under this early-termination regime us-
ing 4096 parallel environments, a policy minibatch size of 32,768, and an
AMPminibatch size of 8192. Afterward, the early termination constraint is
removed to enable training over longmotion sequences, and an additional
500 epochs across 20 iterations are performed under the full-length setting.
In addition, to enable fall-recovery mechanism during inference and allow
the simulation to continue even after the humanoid falls, we introduce a
fall-detection condition in which the humanoid is considered fallen when
the root joint height drops below 0.30 m and the AMP discriminator prob-
ability ρt falls below 0.7.

Computational Environment. Experiments were conducted on Ubuntu
20.04.6 LTS. The system is equipped with an AMD EPYC 7543 processor
configuration providing 64 cores (128 threads), 251 GB RAM, and eight
NVIDIA RTX A6000 GPUs with 48 GB VRAM each. All neural networks
were implemented in PyTorch and optimized using the Adam optimizer.
Physics simulations and reinforcement learningwere performedusing Isaac
Gym in a CUDA 11.8–enabled environment with NVIDIA driver version
570.133.07.
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Table 6.2: Quantitative comparison of our method with baseline methods
across the three datasets. Lower values indicate better performance for all
metrics. Bold numbers denote the best performance for each metric, and
underlined numbers denote the second best.

Dataset Method MPJPE
[mm] (↓)

PEL-MPJPE
[mm] (↓)

PA-MPJPE
[mm] (↓)

MPJRE
[deg] (↓)

Acc
[m/s2] (↓)

FS
[m/s] (↓)

FP
[mm] (↓)

vGRF
[N] (↓)

PRISM

PIP 248.59 85.48 33.35 17.08 6.68 0.20 10.71 246.85
GlobalPose 198.30 43.50 31.29 12.01 7.72 0.22 9.72 299.22
MobilePoser 267.45 72.76 55.69 17.99 6.20 0.19 9.97 248.54
FoRM 199.60 87.34 63.75 20.23 9.67 0.36 15.64 -
SolePoser - - 82.75 - 9.68 - - -
GRIP (Ours) 182.44 63.85 46.47 13.89 7.30 0.21 5.77 258.40

Under
Pressure

PIP 523.65 29.89 21.08 8.35 12.59 0.32 1.43 265.62
GlobalPose 301.12 21.49 17.41 7.40 16.65 0.32 3.31 287.12
MobilePoser 626.62 44.28 33.74 11.73 12.62 0.35 1.27 244.78
FoRM 553.19 59.29 32.60 18.50 17.34 0.57 21.52 -
SolePoser - - 34.52 - 24.27 - - -
GRIP (Ours) 218.09 37.27 27.16 7.64 13.22 0.31 0.00 278.27

PSU-
TMM100

PIP 182.14 87.56 61.62 21.12 1.62 0.09 5.84 367.87
GlobalPose 175.96 63.05 50.28 18.71 2.09 0.14 2.95 340.11
MobilePoser 210.66 112.35 85.46 28.10 2.37 0.10 5.28 358.19
FoRM 126.60 98.02 82.45 25.19 1.60 0.13 4.51 -
SolePoser - - 97.11 - 1.36 - - -
GRIP (Ours) 118.60 70.32 55.72 16.72 4.31 0.11 0.73 316.06

Datasets. Weuse three datasetswith distinctmotion characteristics: PRISM,
UnderPressure [96], and PSU-TMM100 [117]. PRISM contains diverse
real-worldmotions, includingdaily activities, sports actions, andhuman–object
interactions, captured with real IMUs and insole pressure sensors. Under-
Pressure primarily consists of locomotion-centric actions such as walking,
jogging, and skipping; although some sequences include interactions such
as stair climbing or stepping onto objects, these were excluded in our ex-
periments because object models are not provided. PSU-TMM100 focuses
on Tai Chimovements, which involve slow, highly controlledmotionswith
rich balance shifts. Since PRISM includes only six subjects, we randomly
split all sequences into an 8:2 ratio for training and testing. For UnderPres-
sure and PSU-TMM100, which each contain ten subjects, eight were used
for training and two for testing. Although both datasets provide real insole
measurements, they do not contain IMU recordings; therefore, following
prior work [156], we synthesized IMU signals by computing finite di"er-
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Table 6.3: Comparison of input modalities, output representations, and
physical modeling across baseline methods.

Method Input Data Output Data Physics
IMUs Press. Joints Mesh Transl. Optim. Sim.

PIP [155] 6 ↭ ↭ ↭ ↭
GlobalPose [153] 6 ↭ ↭ ↭ ↭
MobilePoser [149] 3 ↭ ↭ ↭ ↭
FoRM [159] 2 ↭ ↭ ↭ ↭
SolePoser [145] 2 ↭ ↭
GRIP (Ours) 4 ↭ ↭ ↭ ↭ ↭

ences of the vertex orientations at IMU attachment locations on the SMPL
mesh. All datasets were evaluated in 500-frame (5-second) segments.

Metrics. We evaluate both the proposed and baseline methods in terms of
kinematic accuracy and physical plausibility. For kinematic accuracy, we
compute Mean Per Joint Position Error (MPJPE); Pelvis-Aligned MPJPE
(PEL-MPJPE), which removes global translation; and Procrustes-Aligned
MPJPE (PA-MPJPE), which further removes global scale and rotation. We
also evaluate joint rotation accuracy using Mean Per Joint Rotation Er-
ror (MPJRE), and temporal smoothness using Acceleration Error (Acc).
For physical plausibility, we measure Foot Sliding (FS) during contact and
Foot Penetration Depth (FP) below the ground or object surface. To as-
sess dynamic consistency, we compute the Vertical Ground Reaction Force
Error (vGRF), applied to baselines with physical optimization and to our
method. Metric units are reported in Table 6.2.

6.3.2 Comparison

We compare our method with baseline methods that estimate full-body
motion using IMUs and insole pressure sensors. Table 6.3 summarizes the
input modalities, output representations, and whether each method incor-
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Figure 6.7: Qualitative comparison of pose estimation results across the
three datasets. Our method accurately reconstructs foot placement on ob-
jects (PRISM), exhibits less position drift (UnderPressure), and captures
slow weight-shifting motions (PSU-TMM100).

porates physical modeling. Quantitative results are presented in Table 6.2,
and qualitative results are shown in Figs. 6.7, 6.8 and 6.9.

For global pose accuracy (MPJPE), ourmethod achieves the best perfor-
mance across all datasets, PRISM (diverse motions), UnderPressure (large
displacements), and PSU-TMM100 (slowmotions with weight shifts). The
foot-sliding metric (FS) shows that physics-based approaches, including
post-hoc optimization methods (PIP, GlobalPose, MobilePoser) and our
simulation-based method, suppress foot sliding more e"ectively than the
purely kinematic FoRM.However, optimization-basedmethodsmay over-
apply contact constraints when estimation errors occur, temporarily lock-
ing the foot to the ground and resulting in trajectory errors (Fig. 6.8). In
contrast, our method simulates natural foot–ground interactions, enabling
physically plausible and accurate trajectories (Fig. 6.9). For pose metrics
without global translation (PEL-MPJPE, PA-MPJPE, MPJRE), GlobalPose
achieves the highest accuracy due to using six IMUs and a correctionmech-
anism based on a pelvis-mounted IMU that learns gravity–pose relation-
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Figure 6.8: Comparison of foot contact timing. Right-foot contact labels
during low-speedmotions in PSU-TMM100, computed from the estimated
GRF of the physics-based methods.

ships. PIP and our four-IMU method achieve comparable accuracy, as the
use of pressure information e"ectively captures body dynamics and com-
pensates for the absence of pelvis and head IMUs. SolePoser and FoRM,
which rely only on insole-mounted IMUs and pressure signals, are inher-
ently limited in reconstructing accurate full-body motion.

For the foot penetration metric (FP), our method achieves the lowest
values across all datasets. In flat-ground datasets such as UnderPressure
and PSU-TMM100, the three physics-optimization methods exhibit pene-
tration only when contact detection fails, and our method also shows only
minor penetration in limited situations, such as during state replacement
during a fall. All four physics-based methods fundamentally prevent pen-
etration through physical constraints. In contrast, the purely kinematic
method FoRM is more prone to penetration caused by root-position esti-
mation errors, particularly in highly dynamic sequences such as PRISM
and UnderPressure. In the PRISM dataset, which contains objects, our
method accurately handles foot–object interactions through aphysics-based
objectmodel and achieves higher accuracy thanMobilePoser andPIP,which
assume flat-ground contact, and GlobalPose, which optimizes height and
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UnderPressure, subj005_take010_seq000_015

Figure 6.9: Qualitative comparison of estimated poses and root trajecto-
ries for a walking sequence from the UnderPressure dataset. Colors corre-
spond to the same methods shown in Fig. 6.7.

support states but may still su"er from imperfect contact detection. How-
ever, in our method, errors may still occur in cases such as stumbling or
stepping o" elevated surfaces, where the estimated foot position temporar-
ily falls below the object surface.

For vGRF error, PIP and MobilePoser achieve the highest accuracy in
PRISMandUnderPressure, while ourmethodperforms best in PSU-TMM100.
The three optimization-basedmethods adopt floating-basemodels and sta-
bilize physics-based control by applying residual forces. In contrast, our
method employs a humanoid model without floating bases or residual
forces, which can lead to foot-pressure patterns that di"er from those of
real humans during balance loss or recovery in high-momentum motions.
However, in slowermotions such as those in PSU-TMM100, the othermeth-
ods tend to miss fine-scale foot contact events and consequently produce
larger ground-reaction and position errors. Our method maintains higher
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Figure 6.10: Comparison between SolePoser and our method using the
same 17 joint locations extracted from the SMPLmodel.

accuracy in these cases by combiningnatural foot–ground interaction through
physics simulation with pressure-driven dynamic reasoning. Further de-
tails and extended results can be found in the Supplementary Material.

We also present a qualitative comparison between SolePoser [145] and
our method in Fig. 6.10. SolePoser produces reasonable estimates for rela-
tively simple poses and periodic locomotion such as walking and jogging.
However, due to the limitation of using only foot sensors, its accuracy de-
grades significantly for motions involving substantial upper-body move-
ment or complex postural changes, and several failure cases can be ob-
served. In contrast, GRIP incorporates wrist-mounted IMUs in addition to
foot IMUs and plantar-pressure sensing, allowing it to capture a broader
range of whole-body inertial information. As a result, our method recon-
structs full-body poses more accurately even in non-periodic and complex
motions where SolePoser struggles. These observations indicate that GRIP
can estimate whole-body dynamics that cannot be recovered from foot-
only sensing, by combining IMUs at the extremities (hands and feet) with
foot pressure information.
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6.3.3 Evaluation

Sensor Configuration Analysis. This experiment examines how di"erent
sensor configurations a"ect estimation accuracy andmotion stability using
the PRISM dataset. We evaluated ten conditions: five IMU configurations
(2–6 IMUs), each tested with and without insole pressure sensors. IMUs
were incrementally attached to both feet, both wrists (left only for the 3-
IMU setup), the pelvis, and the head. MPJPE and PA-MPJPE were used
for kinematic accuracy, and the Success Rate measured the proportion of
sequences completed without falling. The quantitative results in Table 6.4
show that accuracy improves with more IMUs and further increases when
foot pressure information is added. These findings indicate that increas-
ing the number of IMUs enhances motion estimation accuracy, while foot
pressure serves as a complementary modality that consistently improves
both pose estimation and stability.

Compared with existing methods under the same sensor configuration
in Table 6.2, the proposed method using two IMUs and insole pressure
sensors shows lower performance than the baseline method FoRM. This
result suggests that, in the physics simulation–based approach adopted in
this study, observations from the feet alone are insu!cient to stably drive
the humanoid. While foot pressure information is e"ective for estimating
contact states and load transitions, additional observations including the
upper limbs are required to control full-body posture and balance within a
physics simulator. Indeed, when IMUs are placed on four locations (both
wrists and both feet) the control becomesmore stable, enabling su!ciently
accurate full-body motion estimation.

Furthermore, the primary reasonwhy the state-of-the-artmethodGlob-
alPose, which uses six IMUs, achieves high local pose accuracy in Table 6.2
is that it constructs a root-relative coordinate system anchored at a pelvis-
mounted IMU and applies posture corrections that account for non-inertial
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e"ects induced by body rotations as well as gravity direction. In contrast,
GRIP prioritizes practical usability and places IMUs only on thewrists and
feet, which prevents applying this pelvis-IMU–based correction and ex-
plains the gap in local pose accuracy. For a fair comparison, we did not
apply this correction even in the six-IMU condition in Table 6.4. Moreover,
the decrease in Success Rate when usingmore than four IMUs, as observed
in Table 6.4, is likely caused by sensor noise and velocity estimation errors
from pelvis or head IMUs, which a"ect trunkmotion estimation and desta-
bilize balance control.

Table 6.4: Comparison across di"erent sensor configurations.

#IMU Press. MPJPE
[mm] (⇐)

PA-MPJPE
[mm] (⇐)

Succ. Rate
[%] (⇒)

2 262.01 84.47 90.35
3 209.27 57.30 88.98
4 194.48 49.97 88.58
5 186.95 45.68 86.61
6 160.76 41.44 87.01
2 ↭ 247.12 82.36 93.90
3 ↭ 199.60 56.80 91.14
4 ↭ 182.44 46.47 94.49
5 ↭ 164.25 42.82 90.94
6 ↭ 143.06 39.13 92.32

Height Map Analysis. This experiment aims to evaluate the contribution
of the height map to motion estimation accuracy and stability. Dynam-
icsNet incorporates a height map to represent the geometric structure of
the environment, encoding the shapes of the ground and object surfaces
around the humanoid. Using the PRISM dataset, we conduct a compara-
tive experiment with and without the height map to assess its impact on
motion estimation performance.

Table 6.5 shows the quantitative results. Using the height map reduces
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both MPJPE and PA-MPJPE and improves the task success rate, indicat-
ing more accurate and stable motion estimation. The evaluated scenarios
consist only of flat ground or flat groundwith objects, without terrain vari-
ations such as slopes or steps. Since the height map over flat ground takes
a uniform value (zero), it cannot contribute to improving estimation accu-
racy for flat-ground locomotion alone. Therefore, the observed improve-
ments can be attributed to motions involving contact and interaction with
objects. Notably, although no explicit mechanism is introduced to directly
correct the distance between the humanoid and objects, incorporating the
height map allows the humanoid to better capture object surface geome-
try, leading to improved posture stability and contact consistency during
object interactions.

Table 6.5: Comparison with and without the height map.

Height Map MPJPE PA-MPJPE Succ. Rate
w/ 182.44 46.47 94.49
w/o 189.11 48.57 93.31

Ablation Study. This experiment analyzes the contribution of kinematic
information estimated byKinematicsNet to the control performance of Dy-
namicsNet. In our framework, DynamicsNet, which drives a humanoid in
a physics simulator, is an essential core module and is therefore kept fixed
across all settings. We perform an ablation by progressively enabling kine-
matic information provided by KinematicsNet and its submodules within
the State Di"erence observation, thereby evaluating their individual and
collective contributions. Across all configurations, DynamicsNet receives
the same sensor measurementsOsen

t
(including IMU and foot pressure sig-

nals), self observationsOself
t

, and environment observationsOenv
t

. The ab-
lation is conducted by incrementally augmenting kinematic information as
follows:
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Table 6.6: Ablation study on kinematic estimation used in DynamicsNet.

Configuration MPJPE
[mm] (⇐)

PA-MPJPE
[mm] (⇐)

Succ. Rate
[%] (⇒)

Sensors 290.71 51.83 90.89
Sensors + KinNet(v) 206.50 48.97 91.25
Sensors + KinNet(v, pglo) 187.86 48.87 93.31
Sensors + KinNet(v, prel) 182.44 46.47 94.49

• Sensors: DynamicsNet is driven only by raw sensor measurements, with-
out any kinematic estimates.

• Sensors + KinNet(v): Estimated leaf-joint velocities are provided, corre-
sponding to enabling the local velocity estimation submodule.

• Sensors + KinNet(v, pglo): Globally reconstructed joint positions are addi-
tionally incorporated, corresponding to enabling pose estimation submod-
ules that integrate root velocities.

• Sensors + KinNet(v, prel): Root-relative joint position estimates are used
instead of global joint positions, avoiding accumulated integration errors
and corresponding to the full KinematicsNet configuration.

We evaluate all configurations using MPJPE, PA-MPJPE, and Success
Rate. The quantitative results are summarized in Table 6.6. The results
show that progressively enabling kinematic estimation within Kinematic-
sNet improves both kinematic accuracy and control stability, demonstrat-
ing that KinematicsNet plays a crucial role in stabilizing physics-based hu-
manoid control.

Performance Analysis. This section provides a more detailed analysis of
the performance of the proposed method. As shown in Fig. 6.11, the suc-
cess rates across di"erent motion categories indicate high performance for
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Figure 6.11: Success rates for di"erent motion categories. Lower success
rates are observed for balance motions, fast movements, and object inter-
action tasks compared to daily motions.

daily motions and relatively slow movements, while lower success rates
are observed for balance-related motions such as Balancing One Foot, fast
movements such as tennis, andmotions involving object interactions. These
failures can be attributed to the di!culty of reproducing dynamic and un-
stable motions involving the upper body, as well as to foot–ground friction
e"ects duringmotion and failures in object interactions caused by accumu-
lated position errors.

Next, we analyze the impact of sequence length on estimation accuracy.
As shown in Table 6.7, while PA-MPJPE remains nearly unchanged when
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Figure 6.12: Temporal evolution of translation error over a sequence. The
translation error increases approximately linearly with time, reflecting the
accumulation of drift in absolute position estimation.

Table 6.7: Comparison on di"erent sequence lengths.

Seq. Length MPJPE PA-MPJPE Succ. Rate
5 sec 182.44 46.47 94.49
10 sec 238.61 46.59 85.83

comparing 5-second and 10-second sequences, both MPJPE and success
rate degrade for the longer sequences. This indicates that the estimation
of joint structure itself remains relatively stable, whereas absolute position
errors accumulate over time due to drift. The temporal evolution of trans-
lation error in Fig. 6.12 further confirms that position error increases ap-
proximately linearly with time.

Finally, we discuss the computational cost of the proposed method.
Training requires approximately 24 hours for KinematicsNet and 48 hours
for DynamicsNet, while inference runs at approximately 1.5 ms and 26.5
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msper frame, respectively, which is su!cient for real-time operation. How-
ever, the physical simulation remains a primary computational bottleneck.
Moreover, considering additional processing required for online opera-
tion, such as data transfer and real-time visualization, which are not sup-
ported in the current system, further improvements in inference e!ciency
will be important for realizing future real-time demonstration systems.

6.4 Summary

We presented GRIP, a physics-based human motion capture framework
that integrates fourwearable IMUs, insole foot pressure sensors, andphysics
simulation, and introduced PRISM, a new multimodal dataset capturing
diverse humanmotions andphysical interactions. GRIP leverages pressure-
based dynamic cues and simulation-based physical constraints to achieve
accurate global trajectory estimation and physically plausible pose esti-
mation with a minimal sensor setup. Future directions include designing
controllers that can better estimate stable motions under unstable or high-
momentum conditions, integrating additional sensing modalities such as
cameras or localization sensors to further reduce drift, and extendingGRIP
to multi-person scenarios and dynamic object interactions for broader ap-
plicability in robotics, VR/AR, and biomechanics.
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Conclusion

7.1 Summary

This thesis aims to realize learning-based humanmotion capture that func-
tions reliably in everyday environments, addressing three fundamental
challenges: (1) the vulnerability of vision sensors to environmental factors,
(2) the burden associated with wearing multiple sensing devices, and (3)
the physical inconsistencies that often arise in data-driven motion estima-
tion. To tackle these issues, we presented several approaches that utilize
multimodal sensors and physics-based modeling.

Chapter 3 introduced an egocentric 3D pose estimationmethod using a
wrist-mounted 360-degree camera, o"ering a solution to the field-of-view
limitations and occlusions inherent to external camera setups. Chapter 4
proposed an approach for reconstructing humanmeshes solely from event
data, improving robustness to illumination changes by eliminating the de-
pendency on conventional frame-based imagery. Chapter 5 presented a
gait estimation method using only shoe-embedded IMUs, demonstrating
that practical accuracy can be achieved while keeping the wearable load
minimal. Chapter 6 proposed a method that integrates smartwatches and

160
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insole pressure sensors with physics simulation, enabling the reconstruc-
tion of dynamically consistent full-bodymotion from a small set of sensors.

These four approaches each address di"erent aspects of the problem,
yet they possess complementary strengths. Vision sensors enable accurate
position and pose estimation based on visual cues, but their performance
degrades under occlusions caused by objects or the user’s own body. In
contrast, IMU sensors are una"ected by visual occlusions and can provide
stable 3D motion estimates, thereby complementing vision-based meth-
ods. Furthermore, foot-pressure data and physics-basedmodeling help en-
sure consistency in body dynamics and interactions with the environment,
adding physical plausibility to the reconstructed motions. Taken together,
these characteristics suggest that combining modalities appropriately, de-
pending on the application scenario and environmental conditions, can en-
able more reliable motion capture systems.

The outcomes of this research serve as an important foundation for the
development of flexible and practicalmotion-sensing technologies that can
operate robustly within everyday environments.

7.2 Limitations

The studies presented in this thesis demonstrate that the proposed ap-
proaches can address several challenges of learning-based human motion
capture and expand their applicability to everyday environments, but sev-
eral limitations remain when considering practical deployment.

First, many of themethods developed in this thesis assume constrained
settings. Each approach primarily targets single-person motion and does
not su!ciently address more complex scenarios such as multi-person ac-
tivities, human-to-human interactions, or interactionswithmoving objects.
In addition, they generally assume contact reasoning with static environ-
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ments, which limits their ability to handle more dynamic interaction set-
tings. Second, themethods introduced in each chapterwere designed inde-
pendently for their respective sensingmodalities and are not yet integrated
into a unified framework, making it di!cult to achieve flexiblemultimodal
fusion or dynamic adaptation to diverse user environments. Third, the
proposed approaches rely on datasets and body models collected mainly
from healthy individuals, making it challenging to accommodate the di-
versity of physical characteristics or patient-specific conditions relevant
to medical or rehabilitation settings. This leads to limitations in applica-
tions that require high-precision reconstruction of individualized anatom-
ical structures.

Addressing these issues will be essential for establishing motion sens-
ing technologies that operate more flexibly and reliably in real-world en-
vironments.

7.3 Discussion and Future Work

Human digital twins and next-generation robotics have the potential to
support awide range of applications, including industrial operations, health-
care and rehabilitation, sports analysis, education, and smart workplaces.
Realizing such systems requires not only accurate motion estimation, but
also an integrated design of sensing, modeling, and system-level compo-
nents that can operate robustly in everyday environments.

Building on the methods proposed in this thesis, further extensions are
required from both research and system design perspectives. Accordingly,
this section is organized into two parts. We first discuss future research
directions that advance the technical foundations of motion capture, and
then outline system design perspectives toward practical deployment in
real-world settings.
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7.3.1 Research Directions

Future research directions for human motion capture and digital twin sys-
tems can be organized around three dimensions: sensing, modeling, and
understanding, which together form their technical foundation.

Sensing. Future sensing technologies should capture human motion and
environmental states across diverse scenarios. As wearable devices such
as smart glasses and egocentric vision systems become more common, in-
tegrating first-person cameras with IMUs and insole sensors will enable
richer and more flexible motion capture. Such multimodal sensing will be
particularly valuable for fine-grained indoor activities, large-scale environ-
ments, and motions involving interactions with dynamic objects, as well
as scenarios in which multiple people are present.

Modeling. From amodeling perspective, an important challenge is to con-
struct unified frameworks that integrate multiple sensor modalities and
account for interactions at di"erent scales. Models that jointly represent
Human–Environment, Human–Object, and Human–Human interactions
can provide more adaptable mechanisms to reconstruct real-world behav-
iors. Toward this goal, humanmotion foundationmodels that can adapt to
varying tasks and environments are a promising direction, with potential
benefits for both motion capture and humanoid robot control.

Understanding. Beyond motion reconstruction, understanding of human
behavior and internal physical states remains an important research direc-
tion. Estimating physical workload and task-related risk can contribute to
safety monitoring and injury prevention, while quantitative analysis of in-
dividual di"erences supports personalized assessment in healthcare and
movement science. In human–robot collaboration, motion-based under-
standingwill also be essential for intent inference andmotion anticipation.
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7.3.2 System Design Perspectives

From a system design perspective, deploying humanmotion capture tech-
nologies in real-world settings requires careful consideration beyond algo-
rithmic performance, including application requirements, sensing config-
urations, computational constraints, social acceptance, and the evaluation
of social impact.

Application-Driven Requirements Definition. Practical deployment of
human motion capture systems requires defining required functions and
accuracy levels according to the target application. These requirements
vary widely across domains such as biomechanics, healthcare, industrial
safety, and sports analysis. For instance, biomechanical analysis often tar-
gets joint angle errors below approximately 5 degrees, whereas safetymon-
itoring may only require coarse posture recognition or anomaly detection.
Therefore, performance evaluation based solely on comparisonswith prior
methods is insu!cient to assess real-world suitability. In addition, appli-
cations with real-time or near–real-time constraints require balancing esti-
mation accuracy with latency. Factors such as long-term stability, wearing
burden, and robustness further influence deployability, highlighting the
importance of application-driven system design.

Sensor Selection andModalityTrade-o!s. The selection of sensingmodal-
ities directly a"ects estimation accuracy, environmental robustness, and
deployment feasibility. Cameras provide rich geometric and environmen-
tal information but are constrained by installation conditions and privacy
concerns. IMUs enable environment-independent motion capture suitable
for daily use, though they su"er from drift in absolute estimation. Insole
pressure sensors o"er direct measurements of contact states and load tran-
sitions, improving physical consistency, but are limited to lower-body in-
teractions. As these modalities o"er complementary strengths and weak-
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nesses, no single sensor can satisfy all requirements. Practical motion cap-
ture systems therefore require careful sensor selection and combination tai-
lored to the target application and environment.

Method Selection and Computational Trade-o!s. Method selection sig-
nificantly influences both estimation quality and system practicality. Kine-
matic approaches are generally e!cient and suitable for real-time process-
ing but have limited capability to model physical interactions. Physics-
based methods can enforce contact and dynamic consistency, improving
stability, at the cost of higher computational demands. Model architec-
ture choices further a"ect latency and resource usage, making lightweight
models preferable in some scenarios. These trade-o"s are closely linked to
deployment settings, such as cloud-based processing, local workstations,
or edge devices. E"ective system design therefore requires balancing ac-
curacy, computational e!ciency, real-time capability, and robustness.

Social Acceptance and Ethical Considerations. Beyond technical perfor-
mance, social acceptance plays a critical role in real-world deployment.
Motion capture in everyday environmentsmay raise privacy concerns, but
many technologies have been socially accepted when their benefits clearly
outweigh perceived risks and their usage conditions are well defined. This
suggests that deployment depends not only on minimizing privacy risks,
but also on designing and communicating appropriate trade-o"s. Tech-
nical choices such as avoiding appearance capture, relying on numerical
representations, and enabling on-device processing can support this pro-
cess. In domains such as industrial and healthcare settings, where benefits
and responsibilities are explicit, consensus building is often more feasible.
Overall, successful deployment requires aligning technical designwith ap-
plication context and societal expectations.

Measuring Social Impact. In the social deployment of motion capture
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technologies, user scale alone is not a su!cient measure of impact. Un-
like speech or language applications that readily achieve large-scale adop-
tion, body-mountedmotion capture systems face inherent barriers to mass
deployment, while still o"ering strong potential to address societal chal-
lenges such as workforce shortages and increasing care demands. As this
research is further developed, the focus should therefore be placed not on
maximizing user numbers, but on demonstrating practical value through
sustained use, user and practitioner feedback, and measurable improve-
ments in real-worldworkflows. Application development should focus on
iteratively validating, operating, and improving the system in real-world
settings, rather than on large-scale user acquisition. Demonstrating fre-
quent, long-term use and concrete on-site benefits will be essential for clar-
ifying the social significance of the proposed approach.
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