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Abstract

Human motion capture is the process of recording body movements, emotional ex-
pressions, and interactions. The captured motion could be utilized as a computer
graphics-based animation, healthcare, and an intuitive input interface for Aug-
mented/Virtual Reality (AR/VR). Recent advances in deep neural network-based
computer vision algorithms allow realizing markerless motion capture, which can
capture the user’s motion without an additional suit with markers or sensors. This
technology makes it possible to record the motions of people with various appear-
ances in the real world.

However, many cameras are required to record complex human motions with
minimal occlusion, and advanced hardware configurations are necessary to synchro-
nize the capturing timing of these cameras. In addition, a 3D model is required to
create content using the captured motion. In order to create this model, polygons
and textures should be created either manually by experts or through a 3D scan-
ning system using dozens of cameras. Because of the high complexity of existing
systems, the cost required to build the system is very high, and only users with ex-
pert knowledge can create content using motion capture technology. We define this
phenomenon as the “Curse of Cameras”. This “Curse of Cameras” allows end-users
limited accessibility to motion capture and content creation systems. Recent monoc-
ular video-based motion capture and content creation methods using deep neural
networks have low generalization capacity. Therefore, model fragmentation requires
preparing several machine learning models to cover various cases. Due to these prob-
lems, it is challenging to create content using motion capture by end-users, and the
low content productivity caused by this could impede the rapid arrival of the XR
era.

In this thesis, to solve the “Curse of Cameras”, we propose methods for motion
capture and a method to create and visualize AR content by retargeting the cap-
tured motion from monocular videos. First, we present a multimodal motion-capture
system that estimates the various human-motion information using an ultra-wide
fisheye camera. Then, we propose a lightweight 3D human motion capture network
and an efficient training strategy for devices with limited computation power used
in portable motion capture systems. Finally, we introduce a universal system that
estimates motion information, creates a 2D texture that could be retargeted, and
generates pseudo-2.5D AR content based on this information.
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Chapter 1

Introduction

The body says what words cannot.

- Martha Graham (1894-1991)

Human motion means geometric movement in time and space, and our muscu-

loskeletal system, which supports body weights and movement of body segments,

makes this possible. Human motion capture is a process of recording human mo-

tion as analog or digital signals. The captured motion can be utilized not only in

entertainment such as movies and games but also in various fields such as natural

input interface for augmented/virtual reality (AR/VR), sports science, healthcare,

and social interaction analysis.

1.1 Historical Review

Many efforts to record human movements have been ongoing for a long time. Leonardo

da Vinci’s (1452-1519) sketchbook contains drawings describing a man going upstairs

and up a ladder (See Figure 1.1). In addition, a detailed analysis of the change in

the body’s center of gravity and weight caused by human movements is described.

Although this was written centuries ago, the level of detail in human motion de-

scription is impressive, and this has become the basis for modern motion capture

and analysis studies.

After the invention of the camera, there were attempts to record the motion of

people or animals using the camera. Etienne-Jules Marey (1830-1904) photographed

motion information by chronophotography of a runner wearing a black uniform with

only the limbs painted by white lines as shown in Figure 1.2. He also invented an

early wearable device to record the length and phase of ground contact [92].
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Figure 1.1: Drawings in Leonardo da Vinci’s sketchbook.

Figure 1.2: Left: a man with a black uniform. Right: captured limbs motion in a
chronophotograph [92].

Figure 1.3: Left: patent drawing of Max Fleischer’s rotoscope [48]. Right: animation
frames created with rotoscoping.
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From the 1900s, it became possible to record videos beyond still images, allow-

ing continuous recording of human movements. In 1915, Max Fleischer (1883-1972)

proposed rotoscoping motion capture technique. In this method, an actor’s motion

is first recorded using a camera, and then an animation character is painted over on

every frame. This method makes it possible to express the natural movement of an

animated character, like the movement of an actual human, and many animations

from the 1900s used this method as shown in Figure 1.3.

In 1959, animator Lee Harrison III (1929–1998) developed the world’s first motion-

capture suit. This suit measures the user’s movement with potentiometers for each

joint and visualizes the measured data as a rough character in real time (See Fig-

ure 1.4). After developing this method, the suit-based motion capture method has

become mainstream. It has been developed into an optical motion capture system

using a suit with passive markers and multiple infrared cameras and an internal mo-

tion capture system that attaches multiple inertial measurement unit (IMU) sensors

to a suit.

Figure 1.4: First motion capture suit developed by Lee Harrison III [128].
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1.2 Optical Motion Capture

The optical motion capture system detects 2D positions of a marker set attached

to the suit from images taken using two or more pre-calibrated cameras and then

restores the 3D position through triangulation. This system has higher accuracy and

stability even for long-term use compared to the inertial motion capture system. In

addition, since this method has high scalability, extra information can be easily

acquired by adding additional markers. Therefore, optical motion capture systems

are mainly used in most industrial fields.

The development of computer vision and parallel computing algorithms made it

possible to reconstruct the 3D shape of the human body from images taken from

RGB cameras without requiring a special suit and additional devices. In the early

stage, Kanade et al. proposed a virtualized reality system [75], in which 51 monocular

cameras are arranged in a dome-shaped structure, a target is captured and converted

into a free-viewpoint content, and the scale of the system is increased to cover a large

area, such as a stadium [80]. Based on this method, EyeVision [3] was commercialized

and utilized in Super Bowl 35 broadcasting.

On the other hand, with the recent advance of deep neural networks and hardware

accelerators, it is possible to estimate the 2D positions of human joints from an

RGB image without the motion capture suit. Accordingly, 3D joint positions can

be estimated through triangulation from the 2D joint positions detected in multiple

RGB images, and several markerless motion capture systems have been proposed [73,

152].

1.3 Computer Graphics(CG) Modeling

Usually, captured motion information is retargeted to CG models to create content.

In order to create 3D models, the 3D modeling process generates polygons and

textures in the 3D space of the computer is required.

This process is mainly performed in two ways. The first is to manually define

the polygons of the model and texture map by a professional 3D modeler. Despite

the recent development of 3D design software, this method requires much time, and

there is difficulty in creating photorealistic models and textures.

Next is a camera array-based 3D scan method that places multiple cameras in

all directions of an object. In this method, multiple cameras simultaneously capture

an object, obtain a point cloud through triangulation, and then calculate a mesh

from the acquired point cloud. The method can obtain meshes and textures from
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real-world objects faster than the manual design method. However, this requires

complex hardware and calculations and is expensive to build.

Recently, like a motion capture system, many works have been proposed to es-

timate the shape of the human body with clothes [8, ?, 56] and the UV texture

map [7, 145] from a monocular image using a deep neural network.

1.4 Beyond The Curse of Cameras

Figure 1.5: Illustration of the ”Curse of Cameras” and goal of research.

Humans perceive the depth of an object based on the binocular disparity of

images obtained through two eyes. Similarly, in computer vision, the depth informa-

tion is calculated using epipolar geometry from images received using two cameras.

Because human motion includes very diverse and complex shapes, it is hard to cap-

ture the user’s motion without occlusion with two cameras’ narrow-field of view.

Therefore, existing motion capture and 3D scan systems have solved this problem

by installing multiple cameras to capture objects from all directions.

However, several cameras are installed on fixed structures and calibrated be-

fore operation in this method. Furthermore, since precise synchronization between

cameras is required, unique hardware and software are needed to handle the high
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bandwidth data. Many occlusions are made in proportion to the type and complexity

of the motion and the number of target users, and the number of required cameras

increases exponentially to minimize these occlusions. For example, HUMBI [152],

a markerless motion capture system that captures one person’s motion, consists of

110 cameras, while Panoptic studio [73], which supports motion capture of multiple

people, consists of 512 cameras. Therefore, the capture volume of the current motion

capture system is small, and since the system requires very high cost and human

resources, end-users and small groups are hard to use. We called this phenomenon

as “Curse of Cameras”, and Figure 1.5 shows the “Curse of Cameras”.

As mentioned earlier, we need at least two images to calculate the depth of an

object. Nevertheless, here is the question, “Can we perceive depth with just one eye?”

The answer is “Yes.” A human can estimate the depth of an object with a single

eye through monocular cues such as perspective, an object’s relative size, clarity of

texture, and more. Therefore, many studies have been conducted to estimate 3D

human motion and texture and generate content from monocular videos.

There are countless monocular cameras in our world today. This may be a typical

digital camera and a smartphone held in people’s hands, sometimes as a security

camera installed in a building. In addition, as AR/VR technology develops, numer-

ous AR/VR devices will be used in daily life in the near future, as shown in Figure

1.6, and a monocular camera will be built-in to acquire visual information in the

real world inside these devices.

If we can link all the monocular cameras in space, we can establish a virtual

motion capture studio in the real world. This concept will enable robust capture even

with occlusion while capturing volume exceeding existing motion capture systems.

The motion information captured in this way will be transmitted to AR/VR devices

of people in the real world and become a significant component of the metaverse

experience.

In preparation for the spread of AR/VR devices, securing content optimized for

these devices is also essential. The recent spread of smartphones has promoted the

rapid spread of 2D videos, the optimal content for this device. It also triggered the

shift from companies or organizations to individuals as the central axis of creating

video content. Unlike 2D video, 3D graphics require a 3D model to apply the cap-

tured motion data, and experts can only perform the traditional modeling process.

Therefore, exploring how users can easily create a CG model that is retargeted with

motion data affects the productivity of AR/VR content for general users. Also, it

will be an important factor in accelerating the advent of the future XR era.
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However, most works using monocular videos have low versatility even with the

explosive computations of deep neural networks, and estimated information is often

restricted to specific problems. These problems make fragmentation, such as when

users use a specific device or machine learning model to create specific content, re-

ducing the rapid production and spread of user-generated content. In addition, a

neural network’s extensive computation is challenging to utilize for AR/VR devices

operating with limited power and computational capability. Despite advances in ma-

chine learning technology, we have not yet entirely beyond the “Curse of cameras”,

which will obstruct the rapid arrival of the XR era.

Figure 1.6: Blueprint for the near future. Visual information of the world could be
captured from a variety of devices with monocular cameras.
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1.5 Thesis Statement

(a) Previous content generation framework.

(b) Proposed content generation framework.

Figure 1.7: Comparison of the existing content creation framework and the proposed
framework.
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As shown in Figure 1.7.(a), in the existing methods for creating XR content, mo-

tion data is captured using motion capture systems. Then the captured motion is

applied to models produced with a professional designer or 3D scanning system. As

mentioned above, this production framework is complicated in configuration and

requires expert knowledge; therefore, it is challenging for general users to create XR

content.

In this thesis, we aim to create XR content with reasonable quality with monoc-

ular video as illustrated in Figure 1.5 and propose a new framework that captures

human motion and creates models to produce XR content using a monocular camera,

as shown in 1.7.(b). This framework, composed of a new simple hardware configu-

ration and comprehensive system, is highly accessible to end-users and, therefore,

can promote the production of user-based XR content.

In order to realize this framework concept, we present two contributions for

human motion capture and one contribution that synthesizes mixed-reality content

from monocular videos. Beyond the ”Curse of Cameras,” we address the challenges of

versatility and computation efficiency for machine learning. We explore the feasibility

of capturing and generating various information using a monocular camera through

system examples using common types of cameras and new kinds of cameras used

shortly.

First, we intend to expand the types of information that can be captured with a

single wearable camera using next-generation camera hardware and machine learning

technology. Our portable multimodal motion-capture system estimates the various

human-motion information using an ultra-wide fisheye camera. Then, we would like

to find out how to enable motion capture with portable devices with low computing

power. To address the computation efficiency for mobile machine learning, we design

a lightweight 3D human pose estimation network, which can run real-time on mobile

devices, and propose a training strategy that maximizes the performance of the small

deep neural network.

Finally, we explore a universal way to create compelling content for AR devices

from pre-installed monocular cameras and pre-captured videos on the Internet. Our

end-to-end, computer vision-based system generates pseudo-2.5D content based on

2D texture with motion information from various monocular videos. The generated

content can be displayed with an AR headset.
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1.6 Thesis Overview

1.6.1 Multimodal Human Motion Capture using A Ultra-

wide Fisheye Camera (Chapter 3)

We present MonoEye, a multimodal human motion capture system using a single

RGB camera with an ultra-wide fisheye lens, mounted on the user’s chest. Existing

optical motion capture systems use multiple cameras, which are synchronized and re-

quire camera calibration. These systems also have usability constraints that limit the

user’s movement and operating space. Since the MonoEye system is based on a wear-

able single RGB camera, the wearer’s 3D body pose can be captured without space

and environment limitations. The body pose, captured with our system, is aware

of the camera orientation and therefore it is possible to recognize various motions

that existing egocentric motion capture systems cannot recognize. Furthermore, the

proposed system captures not only the wearer’s body motion but also their view-

port using the head pose estimation and an ultra-wide image. To implement robust

multimodal motion capture, we design three deep neural networks: BodyPoseNet,

HeadPoseNet, and CameraPoseNet, that estimate 3D body pose, head pose, and

camera pose in real-time, respectively. We train these networks with our new exten-

sive synthetic dataset providing 680K frames of renderings of people with a wide

range of body shapes, clothing, actions, backgrounds, and lighting conditions. To

demonstrate the interactive potential of the MonoEye system, we present several

application examples from common body gestural to context-aware interactions.

1.6.2 Lightweight 3D Human Pose Estimation using Teacher-

Student Learning (Chapter 4)

We present MoVNect, a lightweight deep neural network to capture 3D human

pose using a single RGB camera. In order to improve the overall performance of the

model, we apply the teacher-student learning method based knowledge distillation to

3D human pose estimation. Real-time post-processing makes the CNN output yield

temporally stable 3D skeletal information, which can be used in applications directly.

We implement a 3D avatar application running on mobile in real-time to demonstrate

that our network achieves both high accuracy and fast inference time. Extensive

evaluations show the advantages of our lightweight model with the proposed training

method over previous 3D pose estimation methods on the Human3.6M dataset and

mobile devices.
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1.6.3 Synthesizing Pseudo-2.5DMixed Reality Content from

Monouclar Videos (Chapter 5)

We propose MonoMR, a system that synthesizes pseudo-2.5D content from monoc-

ular videos for mixed reality (MR) HMDs. Unlike conventional systems that require

multiple cameras, the MonoMR system can be used by casual end-users to generate

MR content from a single camera only. In order to synthesize the content, the sys-

tem detects people in the video sequence via a deep neural network, and then the

detected person’s pseudo-3D position is estimated by our proposed novel algorithm

through a homography matrix. Finally, the person’s texture is extracted using a

background subtraction algorithm and is placed on an estimated 3D position. The

synthesized content can be played in MR HMD, and users can freely change their

viewpoint and the content’s position. In order to evaluate the efficiency and interac-

tive potential of MonoMR, we conducted performance evaluations and a user study

with 12 participants. Moreover, we demonstrated the feasibility and usability of the

MonoMR system to generate pseudo-2.5D content using three example application

scenarios.
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Chapter 2

Related Work

Our proposed system is related to motion capture system, 2D and 3D human pose

estimation, monocular video-based content synthesis, and free-viewpoint video sys-

tems. In this section, we briefly discuss these related works.

2.1 Multi-view Motion Capture

Multi-view motion capture systems that have two or more cameras are usually used

in a studio. Marker-based systems require the user to be equipped with an active

or passive marker suit. Marker-less motion capture algorithms beyond this equip-

ment constraint have been proposed [17, 39, 50, 63, 73, 99, 126, 127, 129, 137],

and recent works have made it possible to operate outdoors with a small number

of cameras [9, 22, 46, 108, 114, 115]. The multiple camera-based setups guarantee

very high accuracy and capture a subject from multiple viewpoints which allow the

system to be more robust to occlusion. However, capturing equipment is usually

expensive. Preprocessing such as synchronization and calibration is required before

capturing. In addition to this, professional operators to handle this equipment are

also required.

2.2 Monocular Motion Capture from a Third Per-

son Viewpoint

Monocular-camera-based human pose estimation is preferred for consumer-level

products because of their simple configuration. Early infrared (IR)-based depth cam-

eras have provided natural input interfaces for entertainment systems [13, 125, 140].

However, IR-based cameras have an unstable outdoor performance and the detection
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range depends on the intensity of the IR light.

Human pose estimation with a single monocular RGB camera has developed

rapidly with improvements in deep neural networks and large scale training datasets [10,

68, 126, 95]. In 2D human pose estimation, direct regression is provided for the nu-

merical values of 2D joint coordinates from the image by an early-stage deep neural

network [136]. The heatmap-based indirect regression method has been used in most

subsequent approaches because it has high accuracy and performance [30, 34, 35,

101, 130].

In 3D Human Pose Estimation, there are two main trends: (1) pipeline ap-

proaches that consist of separate 2D joint detection and 3D lifting tasks and (2)

direct 3D joint regression approaches [87, 93, 110, 133]. The pipeline approaches are

easy to implement and can replace 2D detectors without training. However, the accu-

racy of 3D results highly depends on the 2D detection results. The direct regression

methods extend the 2D heatmap to 3D by using a volumetric heatmap [90, 106, 107]

or location map [98], and these methods have the advantage that the network can

fully utilize the spatial information of the convolutional neural network (CNN) out-

puts of the layers for 3D regression. Recently, methods [69, 81] that are applied to

multi-view geometry learning have been proposed and they achieve state of the art

accuracy.

2.3 Egocentric 3D Human Pose Estimation

In recent years, egocentric view-based pose estimation research has been conducted

in order to overcome the environment and time restrictions of existing motion cap-

ture systems. Early-stage research reconstructed full-body structure using 16 limb-

mounted cameras and a structure-from-motion method [124], and head-mounted

RGB-D camera-based systems [116, 151] have captured mostly upper body mo-

tions. Furthermore, recent work [26] captures not only human motion, but also the

wearer‘s body, face mesh and 3D surrounding environment using multiple head-

mounted cameras. Some researches [27, 5] also attempted to apply human body

gestures to human-computer interaction. Chan et al. [27] use a super-wide IR cam-

era mounted on the user’s chest to classify body gestures. However, this work is not

robust to outdoor environment because of the limitation of infrared light. Another

work [5] uses dual hemispheres which reflect the user’s body to estimate the body

pose and face landmarks.

Recently, more aggressive methods have tried to estimate the 3D pose of the
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camera wearer, even if no one is visible from the camera‘s point of view. In order

to reach this objective, some works [70, 153, 154] use optical flow and reinforcement

learning, and another work [102] utilizes optical flow, global features, and the pose

of the interactee as an input of the recurrent neural network. However, the optical

flow input is weak for static motion recognition.

Rhodin et al. [113] discovered the first approach for full-body motion capture

with helmet-mounted stereo fisheye cameras. Portable systems [135, 144] that are

capable of full-body capture with a single head-mounted camera have been proposed.

However, since these methods estimate only the camera-relative joint position, a

separate sensor is required to recognize various motions.

2.4 Head Pose Estimation

The typical way for head-pose estimation is a landmark-based method that detects

2D face landmarks using a 2D detector [20, 161] and estimates head pose via 3D

computer vision methodologies [23, 40, 143]. However, accuracy highly depends on

the detection results of the 2D detector. Recently, direct regression methods for

head poses have been proposed from a single image using deep neural networks [28,

111, 118, 146], and high accuracy is achieved. The head position estimation study

estimates the head pose from a complete or partially occluded face image from the

third-person view. A method for a very limited part of the face image has not been

pioneered yet.

Our proposed system can estimate camera pose and by using this pose feature the

method can distinguish poses that are indistinguishable by the camera-relative pose

estimation method of current state of the art egocentric motion capture systems.

We also propose a novel method in order to estimate the head pose from a part

of the face image that is captured with our ultra-wide camera and to estimate the

viewport using the estimated head pose and the ultra-wide image.

2.5 Knowledge Distillation

Knowledge distillation is to transfer the information between different networks

with distinct capacities [12, 18, 62]. The main idea of knowledge distillation is to

apply extra supervision using the teacher model in class probabilities [62], feature

representations [12, 117], or inter-layer flows [150]. It is used for efficient training of

small networks difficult to train using large networks, relatively easy to train [117].
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Hinton et al. successfully transferred the knowledge of a large network to a small

network [62]. In addition, methods for online-based distillation [49, 156] are proposed

and achieve more effective optimization than previous offline methods.

Recently, there are initial attempts to expand knowledge distillation from clas-

sification problems to human pose estimation. The initial attempt estimates human

pose using radio signals [157]. In addition, a method to train an efficient lightweight

2D pose estimation model by knowledge transfer of joint heatmaps [155] is proposed

and shows significant performance improvement. Although previous methods show

that knowledge distillation can be applied not only to category-level discriminate

knowledge but also human pose estimation [155, 157], these methods are limited to

2D human pose estimation. In this work, we propose a knowledge transfer method for

3D human pose networks using teacher-student learning. We also design MoVNect,

a lightweight 3D human pose estimation network with the proposed method. Our

lightweight model trained with efficient training method enables accurate pose esti-

mation with very low computation, which can operate on devices with low processing

power.

2.6 Monocular Video Based Content Synthesis

Algorithms for enhancing 3D information from monocular images and methods that

utilize monocular images as Augmented Reality (AR) or MR content have been

explored. The algorithm proposed by Ballan et al. [14] creates an optimal viewpoint

path among two monocular videos and an interpolated video between the videos

based on the optimal path; therefore, users can recognize the spatial information with

a change in the viewpoint of the video. Algorithms [29, 120] have also been proposed

to recover 3D information from monocular videos, construct meshes, reconstruct

videos based on recovered information, and freely convert viewpoints.

Langlotz et al. proposed a smartphone-based AR system [86]. In this system,

the user manually specifies the moving person of the video, and the system syn-

thesizes the AR content by extracting the designated person portion from the

video and synthesizing it on other videos. The learning support system proposed

by Mohr et al. [100] extracts features from a monocular video, and the features

are transformed based on the previously defined three-dimensional (3D) model and

projected to the real world with the AR content.
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2.7 Free-Viewpoint Video System

Since the method of capturing a real-world object using multiple cameras and con-

verting the object into a 3D object produces a high-quality result, systems utilizing

this method are mainstream in free-viewpoint video systems. Initially, Kanade et al.

proposed a virtualized reality system [75], in which 51 monocular cameras are ar-

ranged in a dome-shaped structure. In this system, a target object can be converted

into free-viewpoint content, and since the system has scalability, this system was

used for early free-viewpoint sports broadcasting [80]. This multi-view method is

applied to various free-viewpoint systems [82, 74, 54, 55, 53], and since these systems

consist of RGB cameras, they are less restrictive to the environment. In addition,

free-viewpoint sports broadcasting systems, such as Intel True View [2] and Canon‘s

free-viewpoint video system [1], based on this method are actively commercialized by

various companies. However, the systems based on this method require many cam-

eras, synchronization devices, and a large amount of computation. Consequently,

utilizing these systems by individuals or small groups is still challenging.

Studies on generating highly detailed free-viewpoint video using depth cameras

have been conducted. The introduction of commercial depth cameras, such as Re-

alSense 1 and Kinect 2, facilitates these studies. Accordingly, the systems [15, 85,

94, 149] that generate high-quality free-viewpoint video through depth cameras have

been proposed. Collet et al. proposed a system [37] that generates free-view video

with 106 RGB and depth cameras and compresses the video for real-time free-

viewpoint video streaming. Based on this research, Orts-Escolano et al. presented

the Holoportation [103] system that enables real-time telepresence on MR HMDs.

However, operating this method outdoors is difficult because most depth cameras

are not suited for natural light; thus, the capturing environment is restricted to in-

door environments. Furthermore, since the systems still require many cameras and

synchronization devices, the end user’s accessibility is still limited.

Various methods for generating a free-viewpoint video from a monocular video

have been proposed. However, it’s still challenging because estimating the depth from

a single camera is not easy, and the visual information captured by the monocular

camera is limited. One of the early proposed systems, Tour into the picture (a

system proposed by Horry et al. [65]), transforms artwork into a 3D scene using

a perspective transformation based on user interaction. Recently, DNNs [45, 51]

have been proposed to estimate a monocular image’s depth information, which is

1https://software.intel.com/en-us/realsense
2https://developer.microsoft.com/en-us/windows/kinect
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an essential basis in generating stereoscopic content from monocular videos. As one

of the state-of-the-art technologies, Rematis et al. proposed a free-viewpoint soccer

video system [112] by restoring the player’s position and 3D mesh from a single

soccer broadcasting video using multiple DNNs.

Research on how to view the generated free-viewpoint videos has been con-

ducted. Before the development of the HMD, the user controls the viewpoint of the

generated free-viewpoint videos through the primary input interface, such as a key-

board, mouse, and joystick. In order to improve the usability of these non-intuitive

methods, interactive systems that control the viewpoint using markers [139] and

multi-touch gestures [76] have been proposed. With the advancement of HMD tech-

nology, Inamoto proposed an early-type interactive MR system [66] that displays

a free-viewpoint video in the real-world using a video see-through HMD, and the

system proposed by Rematas et al. [112] can intuitively change the viewpoint in a

free-viewpoint video using a MR HMD.
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Chapter 3

Multimodal Human Motion

Capture using A Ultra-wide

Fisheye Camera

3.1 Overview

Figure 3.1: Our multimodal human motion capture system is based on a single
ultra-wide fisheye camera that is worn on the user’s chest. The wearable hardware
configuration of MonoEye enables activity capture in everyday life.

Computer vision-based technology has advanced rapidly due to recent develop-

ments in deep learning. Particularly, human motion capture (which includes pose
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estimation, first-person view estimation, gaze recognition, and more) is the most im-

portant research field of computer vision and has been utilized in various application

fields (e.g., intuitive user interface, CG animation, and sports science).

On the other hand, conventional motion capture systems have restrictions in

operation. Optical motion capture systems require multiple synchronized cameras

that are deployed in a small space to triangulate the 3D position of a subject, and

a calibration procedure is required whenever the position of the camera changes. In

addition to this, the motion of the subject can be acquired only in the limited space

where the cameras are installed. Inertial motion capture systems that consist of

small inertial sensors with sensor fusion algorithms can overcome space limitations.

However, this method has a lower accuracy when compared to the optical method

and positional drift can compound over time. Furthermore, the subject must wear

a suit with multiple sensors and a calibration process must be performed before

capture. Moreover, a head-mounted or eyeglass type camera is additionally required

to obtain the first-person view (we call it viewport.) of the subject in addition to

the motion capture system. Therefore, the attachment of many sensors decreases the

subject’s athletic ability and it is difficult to capture the subject’s best performance.

There are several attempts proposed [113, 135, 144] to estimate the posture of

the wearer from a single body-worn camera and most of them use a head-mounted

camera with a top-down view. However, head-mounted camera-based systems are

problematic in terms of social acceptance because they are bulky and require a cam-

era mount such as a cap, glasses, a head-mounted display (HMD), and more. Also,

this external equipment makes it difficult to use during performance measurement

of extreme sports.

In this paper, we present the MonoEye system that estimates the user’s mul-

timodal motion which includes 3D body pose and viewport with a single RGB

ultra-wide fisheye camera that is worn on the chest. Figure 3.1 illustrates a proof-of-

concept prototype hardware and multimodal motion captured by our system. Our

ultra-wide fisheye lens has a 280-degree field-of-view and it can capture the user’s

limbs, face, and the surrounding environment. This allows multimodal motion cap-

ture which includes 3D body pose estimation, camera pose estimation, and head

pose estimation with a single vision sensor and multiple deep neural networks. Our

system realizes the camera pose-aware 3D human pose and viewport estimation

by combining the outputs of neural networks. Furthermore, a small necklace-type

super-fisheye camera has been released recently. Therefore, we believe that the chest-

mounted camera has the high potential to transform into an everyday accessory such
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as a tie clip, brooch, or sports gear which are all socially acceptable.

In summary, our contributions include

• We implement a proof-of-concept prototype of MonoEye, which consist of an

ultra-wide fisheye camera and three deep neural networks to realize multimodal

human motion capture.

• We have created a new large composite dataset that contains 680K frames of

image and annotation data.

• The performance and interactive capacity of the proposed system is measured

through quantitative and qualitative evaluations.

• Several application examples are presented to demonstrate the interactive po-

tential of MonoEye.
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3.2 Hardware Prototype

3.2.1 280-Degree Ultra-wide Fisheye Camera

The main hardware of MonoEye is an ultra-wide fisheye camera (Figure 3.2.a) that

captures the user’s body and the surrounding environment. Most egocentric camera-

based human pose estimation systems use a head-mounted camera in order to get

a top-down view to capture the user’s entire body because general chest-mounted

cameras can’t capture the user’s limbs. We have made prototype hardware that con-

sists of a general action camera (GoPro Hero 7 Black) and an ultra-wide-angle lens

(Entaniya M12-280) instead of using a top-down view-based head-mounted cam-

era. Because our fisheye lens has 280 degrees of field of view (see Figure 3.2.b)

the camera can capture the user’s limbs and environment view as shown in Fig-

ure 3.2.c. In addition, a chest-mounted camera has the following advantages. As

shown in Figure 3.2.d, the top-down view has larger joint position and distance

variances (Mean = 869mm,SD = 452mm) than the chest camera-based view

(Mean = 599mm,SD = 349mm). Previous works use dual network structures for

the upper and lower body [144] or a complicated network [135] in order to address

the large distance variance of the top-down view. In contrast, the body part distance

distribution of the chest camera is close to uniform rather than the head-mounted

camera. Therefore, our deep neural networks are designed with lightweight network

structures. The chest-mounted camera can also capture the surrounding environ-

ment which includes the visual field of the user’s eye. Therefore, our system can

estimate not only the pose of the user, but also various user activity cues such as

the viewport and camera orientation information by utilizing the environment view.
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Figure 3.2: (a) Hardware prototype of MonoEye; (b) Illustration of our camera’s
FoV coverage, and (c) captured ultra-wide image; (d) Visualization of joint position
distribution for each dataset (N = 1000).
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3.3 Deep Neural Networks for Multimodal Mo-

tion Capture

Figure 3.3: Overview of our deep neural network architectures. They consist of three
networks: BodyPoseNet predicts the 2D and 3D body joint positions and Head-
PoseNet and CameraposeNet estimate the rotation information of the head and
camera respectively from a single RGB image. The camera orientation-aware body
pose and viewport are estimated by combining the outputs of the neural networks
and the ultra-wide fisheye image.

3.3.1 Overview of the Proposed Models

As illustrated in Figure 3.3, the goal of our deep neural networks is to recover the

user’s camera-relative 3D joint position P , head orientation Rhead, and global camera

orientation Rcamera from a single fisheye image I. Camera pose-aware 3D human pose

and viewport are calculated based on these results. We design multiple deep neural

networks consisting of BodyPoseNet, HeadPoseNet, and CameraPoseNet in order to

address this problem.
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3.3.2 BodyPoseNet

Model Design

Figure 3.4: The network architecture of BodyPoseNet. BodyPoseNet estimates the
2D joint heatmaps and the camera-relative 3D human pose.

We design the network with a ResNet101 [60] backbone (until Stage 4) which extracts

global features from an input image I ∈ R368×368×3 and 2D and 3D branches that

estimate 2D heatmaps H ∈ R46×46×15 and 3D positions of joints set P ∈ R15×3

respectively as shown in Figure 3.4. The 2D branch estimates the 2D joint positions

via heatmap regression instead of direct numerical value regression which solves

the complicated nonlinear problems. The 2D branch takes feature maps from the

backbone part, up-samples them, and finally outputs 2D joint heatmaps by using a

1-by-1 convolution layer. The 3D branch consists of multiple bottleneck structures

and outputs numerical values of the camera-relative to the 3D joint positions. The

inputs of the 3D branch are intermediate feature maps of the 2D branch and it

makes the network estimate full-body 3D pose from the limited visible body parts.

Loss Function

We train the BodyPoseNet by minimizing the mean squared error (MSE) between

the estimated and ground-truth heatmap H and camera-relative 3D coordinates P .

The loss functions L2D and L3D are defined as follows:

L2D = MSE(H, Ĥ)

L3D = MSE(P, P̂ ),

where ̂ indicates the ground truth.
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3.3.3 HeadPoseNet

Figure 3.5: The network architecture of HeadPoseNet. HeadPoseNet estimates the
head rotation information (yaw, roll, pitch) with three branches.

Model Design

We use HopeNet [118] as the network structure of HeadPoseNet. Because a captured

image contains limited head shapes, it is difficult to use key-point-based head pose

estimation methods [23, 40, 143]. HopeNet proved that accurate head pose estima-

tion is possible without head key-points. The ResNet50 [60] based backbone extracts

global features and each dense layer outputs binned orientation information. The

main idea of this approach is to solve the regression problem easily by combining

it with the classification loss. The input of the network is a cropped image of the

head part Icrop ∈ R224×224×3 and the outputs are Euler angles of the head orientation

Rhead ∈ R3 as shown in Figure 3.5.

Loss Function

We train the HeadPoseNet by minimizing the combined distance that consists of

the cross-entropy loss CE and MSE loss between the estimated and ground-truth

orientation information. The loss function Lhp is defined as follows:

Lhp = CE(Rhead, R̂head) + α MSE(Rhead, R̂head),

where ̂ indicates the ground truth, and the blending factor α was identified through

experimentation and set to 1e-3.
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3.3.4 CameraPoseNet

Figure 3.6: The network architecture of CameraPoseNet. CameraPoseNet estimates
the camera rotation information (yaw, roll, pitch) with a single branch.

Model Design

CameraPoseNet estimates the current orientation of the camera (Pitch,Roll). The

network only estimates roll and pitch because there is no base point of the yaw

axis in the real world. CameraPoseNet has a simple network structure that uses

a ResNet18 [60] as a backbone and a dense layer. The input of the network is an

ultra-wide image I ∈ R224×224×3 and the output of this network is Euler angles of

the camera orientation Rcamera ∈ R2 as shown in Figure 3.6.

Loss Function

We trained the CameraPoseNet by minimizing the MSE between the estimated and

ground-truth orientation information. The loss function Lcp is defined as follows:

Lcp = MSE(Rcamera, R̂camera),

where ̂ indicates the ground truth.
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3.3.5 Third-person Pose Estimation Pipeline

Figure 3.7: Overview of the proposed pipeline. Converting into an equirectangular
image, human detection, and pose estimation are applied. Then, the targets’ loca-
tions are calculated to obtain global 3D poses.

To estimate the body pose of other parties, we propose a pipeline based on a top-

down approach (See Figure 3.7).

Preprocessing

A fisheye image obtained from the camera is converted to an equirectangular image.

The image has the property that the latitude and longitude lines are evenly spaced.

When converting, the camera lens parameters are applied in order to correct lens

distortion.

Top-down Multi-person Pose Estimation

We use Mask R-CNN [59] as a human detector in an equirectangular image. Mask

R-CNN consists of backbone, region proposal, and classification head networks. Our

system crops the bounding boxes of humans in the image based on the inference

result of Mask R-CNN, then we add a buffer area of 5% of the bounding box hor-

izontally and vertically to ensure that the entire person is cropped. Since we use a

wide-angle wearable camera, the body of the wearer is also misdetected as a person.

Therefore, we use an ignore mask to remove the detection result of the wearer.

Next, We estimate the root-relative 3D poses from the cropped human images.

First, we use HRNet [131] to estimate the 2D keypoints. This network consists

of parallel high-to-low resolution subnetworks with repeated information exchange

across the subnetworks. The input is the resized and normalized cropped image, and

the output is the 2D joint locations.

Then, we lift the 2D keypoints to 3D pose using the multi-layer perceptron (MLP)

model of Martinez et al. [93]. This model consists of two iterations of a building block
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consisting of fully connected layers, ReLU activations, batch normalization, and skip-

connections. Normalization is applied to the 2D input and 3D output by subtracting

the mean and dividing by the standard deviation. The input is the normalized 2D

keypoints and the output is the root-relative 3D joint locations.
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3.4 Synthetic Dataset

In order to train the deep neural networks, tons of images and annotated data are re-

quired. Thus, many datasets have been created to solve the most common computer

vision problems such as classification, segmentation, detection, and more. However,

our proposed method has a special camera setup (See Appendix A.1 for detailed

information on the fisheye camera model.), hence the networks, when trained with

common datasets, won’t work properly because of the huge domain gap.

There are hardware challenges to overcome when capturing training data in the

real world. A marker-based motion capture system is difficult to use because of

the limited variety of worn clothes and non-robustness for an outdoor environment.

Installation of a marker-less multi-view-based motion capture system to various

places also requires complicated procedures depending on the setting. Despite all of

these hardware constraints, there are a lot of ways to capture different body shapes,

clothes, motions, and background environments.

In this paper, we present the MonoEye dataset1. It is a large-scale synthetic

dataset with the system’s unique hardware setup (Figure 3.8). We render humanoid

models using SMPL [89] and animate the model using the CMU MoCap dataset [4].

Four humanoid models (two males, two females) are used to create various body

shapes and appearances, and the clothing texture is randomly selected from the

SURREAL dataset [138]. We sample and apply omnidirectional images of the SUN360

dataset [142] for background texture.

We applied the camera lens parameters to the virtual camera using a custom

shader in order to mimic lens distortion. The virtual camera is mounted to the

chest of the human model. Random rotating and positioning are applied in order to

consider the movement of the camera in the real world. We cropped the head part

from the rendered image for training HeadPoseNet. Furthermore, we apply random

gamma correction, lighting, and color temperature to ensure that the networks be-

come insensitive to the specific photometric response characteristics of the specific

camera. Finally, we render 680K images with 3D annotated labels.

1Dataset is available at: https://github.com/koikelab-team/MonoEye-Dataset
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Figure 3.8: Example images of our synthetic dataset. The MonoEye dataset consists
of a large variety of poses, body shapes, appearance textures, and backgrounds.
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3.5 Network Training

We use PyTorch [105] to implement and train the networks. A multi-stage training

method [95] is applied to train BodyPoseNet. First, we train the network with 2D

human pose datasets such as LSP [71] and MPII [10] that consist of real-world

images. This stage makes the network learn how to extract primitive features from

real-world images. Then, we train the 2D branch of BodyPoseNet. The ResNet

backbone’s learning rate is set to 1/1000 times the current learning rate to keep the

current weights for primitive feature extraction. After this, we freeze the backbone

and 2D branch. Then, we train the 3D branch to estimate 3D pose from current 2D

information. The model has been trained on the entire training set for three epochs

using a mini-batch size of 4.

We utilized a similar strategy that is used to train BodyPoseNet in order to

train HeadPoseNet. First, we train the network with the 300W-LP dataset [160]

that contains real-world head images with rotation annotations. Then we applied

the learning rate multiplier with 1e-3 to the ResNet backbone part, and trained

the network with our synthetic dataset. The model has been trained on the entire

training set for six epochs with a mini-batch size of 16.

To train the networks used in the third-person pose estimation pipeline, we fine-

tune the MLP network, pretrained with Human3.6M [68] with our synthetic dataset.

Since we confirmed that Mask R-CNN and HRNet work well for equirectangular

images, we decided to use these models with pre-trained weights from the COCO

dataset [88].

The 2D keypoints obtained by applying Mask R-CNN and HRNet to the images

in the synthetic dataset was used as input. The labeled 3D pose must be corrected

by rotating it by the azimuthal angle with respect to the vertical direction. This is

because a person facing the camera from the side of the camera is facing from the

front on the equirectangular image, but the 3D pose is still facing sideways. The

model has been trained on the entire training set for 40 epochs with a mini-batch

size of 64.

A pretrained ImageNet [119] weight is applied to the backbone part and the

network is trained with the synthetic dataset in order to train CameraPoseNet. The

model has been trained on the entire training set for six epochs with a mini-batch

size of 16. We used the Adam optimizer [79] with an initial learning rate of 1e-3

for training all networks. In order to accelerate convergence to the optimal solution,

batch normalization layers and a Leaky ReLU activation function [91] with 0.2

leakiness are applied before the output layer.
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Figure 3.9: Example motions that contain the same camera-relative 3D joint position
and the different camera orientations.

3.6 Post Processing

3.6.1 Temporal Filtering

It is difficult to ensure temporal consistency of motion for video input with our

deep neural networks’ per-frame estimation results. The small error between frames

could lead to temporal jitter and this may not be acceptable in some applications.

We applied the one-euro filter [25] that is effective for real-time noise reduction to

raw prediction results in order to reduce the jitter and obtain temporally stable

results.

3.6.2 Camera Orientation-aware Human Pose Estimation

Our method can estimate the camera orientation by leveraging the wide environment

view which is captured by the chest-mounted camera. Most egocentric camera-based

human pose estimation networks cannot estimate camera orientation and cannot

classify poses that contain the same camera oriented joint position with a different

camera orientation as shown in Figure 3.9. We combined the camera-relative 3D

body pose with the camera orientation feature in order to address this problem.

First, the camera rotation information estimated by CameraPoseNet is converted

to a rotation matrix. Then the dot product between the BodyPoseNet’s estimation

result and the rotation matrix is calculated. The result of this simple process is a

human pose that contains camera-orientation information. Thus, we can distinguish

the poses which have the same joint position and different camera orientations.
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3.6.3 Global 3D Position Computation for Third-Person’s

Pose

The absolute camera-centered global position of the human is reconstructed with a

simple and efficient way using the azimuth θ and distance d.

The azimuth is calculated from the 2D keypoint of the target’s pelvis Kroot
[x] with

the following equation,

θ = (
2Kroot

[x]

W
− 1)π, (3.1)

where W denotes the width of the image.

The distance from the camera d is calculated with the following equation based

on Mehta et al.’s algorithm [98].

d =

√∑
i ||P i

[xy] − P̄[xy]||2√∑
i ||Ki − K̄||2

f, (3.2)

where P i and Ki denote the ith joint position in 3D and 2D, respectively, P[xy] the

x, y part of P , P̄ the mean of P over all joints, and f the focal length.

Finally, the global location (X,Z) is calculated as:

X = d sin θ, Z = d cos θ. (3.3)

The height from the ground Y is the distance of the y-axis from root to ankle,

assuming that the feet are on the ground.

3.6.4 Viewport Estimation

The following procedures are performed to estimate the viewport. First, the ultra-

wide fisheye image is mapped to a sphere and then the virtual camera, which applies

the estimated head orientation, projects the viewport area. However, the fisheye

image is captured from the chest of the user and because of the difference in location

between head and chest, the estimated viewport is not accurate if we don’t consider

this difference to estimate viewport (see Figure 3.10.a). The camera-relative location

of the user’s eye is required to reduce this difference, however, our camera can only

capture the lower face part of the user, hence it is difficult to estimate the eye

position. Instead of estimating the position of the user’s eye, we use the estimated

neck position and add the offset value of the distance from the neck to the eye that

is calculated by average face statistics data. Finally, the virtual camera is located
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with the correct position and projects the viewport of the user with the estimated

head orientation as illustrated in Figure 3.10.b. Since our system doesn’t estimate

a depth map, we use a constant distance value between the sphere and the virtual

camera. Therefore the estimation result may have some errors depending on the

distance of the real-world object.
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Figure 3.10: (a) Incorrect viewport estimation by the position gap between the
virtual camera and user’s eyes and (b) correct viewport estimation with aligning
the virtual camera’s position with the eye position.
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3.7 Quantitative Evaluation

The proposed system is quantitatively evaluated on a variety of datasets. In this

section, we will describe the datasets and the evaluation metrics that are used for

evaluation and then we will analyze the results.

3.7.1 Dataset and Evaluation Metric

MonoEye Dataset

The test set of the MonoEye dataset is used to evaluate our deep neural networks.

The test images and annotations are randomly sampled from the MonoEye dataset,

and these are not used to train the networks. The test set consists of 200K images

that contain various motions, body shapes, and backgrounds.

Small Scale Real-world Dataset

In order to evaluate our neural networks’ generalization capability for real-world

scenarios, we captured a small scale real-world dataset with our prototype hardware

settings. Eight different actions are performed with the human subject who wears the

chest-mounted camera along with normal clothing for the test set of BodyPoseNet.

The ground truth annotations are acquired using the custom motion capture system

of the CMU Panoptic studio [73] (see Figure 3.11.a). We created a test set with a

total of 16K frames of images and annotations (2K frames per action, See Figure

3.12).

To evalute our third-person pose estimation pipelien, we captured real-world

data with Azure Kinect. The ultra-wide fisheye camera was fixed at a height of

1.2 m to ignore the effect of camera shake. 4 subjects (two males and two females)

performed 3 different motions (walking, waving, dribbling). While performing these

motions, they moved freely in an area at distances of 1-6 m and azimuth of -90 and

90 degrees from the camera. Each sequence took 20 seconds, resulting in a total of

7.2K frames of data.

We captured 2.1K frames of various head movements of the person using an IMU

sensor-based motion capture suit for the test set of HeadPoseNet (see Figure 3.11.b).
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Figure 3.11: (a) An example view of capturing the ground truth of the human pose;
(b) The wearable mocap suit to capture the ground-truth head pose.
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(a) Walking

(b) Sitting

(c) Crawling

(d) Crouching
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(e) Boxing

(f) Waiving

(g) Stretching

(h) Kicking

Figure 3.12: Example images for each action of our small scale real-world dataset
captured from the Panoptic.
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Evaluation Metric

We reported the Mean Per Joint Position Error (MPJPE) for BodyPoseNet and the

third-person pose estimation pipeline:

MPJPE(P, P̂ ) =
1

Nf

1

Nj

Nf∑
f=1

Nj∑
j=1

∥P f
j − P̂ f

j ∥2,

where P f
j is the set of 3D points of the predicted result at frame f for joint j, and̂ is the ground truth. Nf and Nj indicate the number of frames and number of

joints respectively. Since our real-world dataset consists of the global position of

body joints, we applied Procrustes analysis before calculating MPJPE in order to

match our estimation results to the ground truth.

For HeadPoseNet and CameraPoseNet, we report the Mean Absolute Error

(MAE):

MAE(R, R̂) =
1

Nf

1

Ne

Nf∑
f=1

Ne∑
e=1

|Rf
e − R̂f

e |,

where Rf
e is the predicted angle at frame f for Euler angle element e, and ̂ is the

ground truth. Nf and Ne indicate the number of frames and number of elements

respectively.

The average inference time (ms) of each neural network is measured with a

NVIDIA RTX 2080 GPU in order to demonstrate the real-time performance of our

system.

3.7.2 Accuracy Results

BodyPoseNet

We evaluate our approach on the synthetic and the real-world test sets. We didn’t

establish a comparison with state of the art monocular egocentric human pose es-

timation methods because of non-available public source code [144] and the large

network structures these methods use that do not fit our concept [135].

Table 3.1 shows the accuracy results of BodyPoseNet. Despite heavy lens distor-

tion and occlusion, BodyPoseNet shows 43.6mm of MPJPE for the synthetic dataset.

This model shows 84.9mm of MPJPE for the real-world dataset. We can see that

the motion categories that are composed of static movements with less occluded

body parts have higher accuracy. Note that we achieve this performance without

fine-tuning BodyPoseNet with the real-world dataset and these results show that
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our proposed network has good generalization capacity.

MonoEye dataset Real-world dataset
Category All Walking Sitting Crawling Crouching Boxing Waiving Stretching Kicking All
Upper body 24.6 75.3 69.7 108.6 69.6 86.6 130.7 133.7 77.6 94
Lower body 62.5 71.1 71.3 88.6 66.2 75.1 77.8 83.5 72.0 75.7
Average 43.6 73.2 70.5 98.6 67.9 80.9 104.3 108.6 74.8 84.9

Table 3.1: Results of BodyPoseNet’s raw predictions on the synthetic and real-world
test sets. Metric: MPJPE and PA-MPJPE (mm).

Interestingly, we observed that the results for the lower body and the upper body

obtained from BodyPoseNet have opposing behavior to each other with regards to

accuracy for each dataset. In order to discover the reason for this, we analyzed the

reconstruction error of per joint type for the real-world dataset in Table 3.2.

Joint Error Joint Error
Neck 79.8 Pelvis 88.4
Shoulder 67.9 Knee 67.2
Elbow 71.4 Ankle 66.5
Wrist 154.1 Toe 80.7

Table 3.2: Average reconstruction error per joint, evaluated on the real-world test
set. Metric: MPJPE (mm).

We can see that the error in the wrist part is significantly higher than other

joints. We presume the reason for this high error is as follows. Firstly, since our

synthetic dataset doesn’t contain hand animations, we obtained weaker results from

this network in real-world images which contain various hand movements. Secondly,

hands have a large range of motion and it leads to a high scale of distortion in the

fisheye lens. The error distribution between the upper body and the lower body is

uniform except for the wrist. This is because the distance from the chest mount

camera to each joint is relatively uniform, as described above.

Third-person Pose Estimation Pipeline

Walking Waving Dribbling Avg
Before fine-tuning 66.1 51.8 75.0 64.2
After fine-tuning (Ours) 59.1 43.7 64.5 55.8

Table 3.3: Results of our third-person pose estimation pipeline. Metric: PA-MPJPE
(mm).

Table 3.3 shows the comparison results between before and after fine-tuning the

model on the real-world dataset. This model shows 55.8mm of MPJPE for the real-

world dataset, and this proved the effectiveness of fine-tuning.
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HeadPoseNet

Yaw Roll Pitch Average
MonoEye dataset 4.4 4.5 3.3 4.1
Real-world dataset 16.9 11.3 11.3 13.2

Table 3.4: Results of HeadPoseNet’s raw predictions on the synthetic and real-world
test sets. Metric: MAE (◦).

Since the landmark-based methods [77, 84] cannot estimate the head pose from

the lower face image, we evaluated our network without comparison. The accuracy

results of HeadPoseNet are shown in Table 3.4. The average Euler angle errors, that

are evaluated through the synthetic and the real-world test sets, are 4.1◦ and 13.2◦

respectively. We presume that the reason for the accuracy gap between these datasets

is that the trained network is not fine-tuned on real-world images and because

the real-world test set mostly includes more extreme head movements, which are

not included in our training set. Nevertheless, HeadPoseNet shows the comparable

accuracy of general landmark-based methods [77, 84] with third-person view face

images, and if the network can be fine-tuned with real-world images through a simple

calibration procedure, higher accuracy can be achieved even if there is only a lower

part of the face image available.

CameraPoseNet

Pitch Roll Average
3.4 2.4 2.9

Table 3.5: Results of CameraPoseNet’s raw predictions on the synthetic testset.
Metric: MAE (◦).

Since the background images of the synthetic dataset consist of images taken in the

real world, the evaluation of CameraPoseNet is performed with the test set of the

MonoEye dataset, and the accuracy results are shown in Table 3.5. Because of this

being a relatively easy problem, we have designed CameraPoseNet with a simple

structure, and it solves this problem easily with high accuracy even with the simple

network structure. According to these results, we demonstrated that camera pose

estimation can be implemented with a simple network by using MonoEye’s chest-

mounted camera. This implementation was difficult due to the limited environment

view of the top-down view-based methods.
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3.7.3 Inference Time

BodyPoseNet HeadPoseNet CameraPoseNet
Average Inference Time 12.3 5.9 2.7

Table 3.6: Results of an inference time benchmark for each neural network. Metric:
average inference time (ms).

Table 3.6 shows the average inference time of each network. BodyPoseNet which has

the largest structure can run at 80Hz, and HeadPoseNet and CameraPoseNet, which

are composed of relatively light network structures, can run at 165Hz and 370Hz or

higher, respectively. Since each network is designed to be lightweight in consideration

of real-time performance, even if all networks are simultaneously used, they can all

run above 47 Hz without optimization. Thus, our approach can be applied to many

applications in which real-time performance is critical such as motion control in

virtual reality and real-time interaction applications. In addition to this, it is possible

to improve the target performance of the application by selecting the neural networks

to be used according to the purpose of the application. Recently, various neural

networks for mobile devices and training methods for them have been proposed.

Thus, we expect that MonoEye’s networks can be ported to mobile devices and can

then be used as a fully portable system.
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3.8 Qualitative Results

MonoEye’s simple hardware setup enables multimodal motion capture in everyday

life without restrictions on location and time. Different from conventional methods,

our system uses the ultra-wide chest-mounted camera that captures not only the

user’s 3D pose but also the user’s viewport and the surrounding environment in

which there are various activity cues.

We can see that our method estimates accurate 3D pose that is comparable

with third-person view-based monocular motion capture methods. The combination

of RGB’s images and deep learning methods provide stable results even in outdoor

environments (see Figure 3.13). We can estimate 3D human pose with camera orien-

tation information as illustrated in Figure 3.14, by combining the prediction results

of CameraPoseNet and BodyPoseNet. We can distinguish the motions that have

the same position and different camera directions, that previous portable motion

capture systems are not able to distinguish.

We show some qualitative results of our third-person pose estimation on images

captured indoor and outdoor in Figure 3.15. We observe that our method estimates

accurate 3D poses comparable to monocular motion capture methods based on third-

person viewpoints, despite the strongly distorted fisheye images of the input. Our

system is able to estimate the other person’s position and pose even at a distance of

1 m from the user (Figure 3.15.a) and with the person on both sides (Figure 3.15.b),

which is difficult to do with a normal egocentric camera. Since we use RGB images

as input, our method can be used outdoors (Figure 3.15.c) or indoor (Figure 3.15.d),

unlike infrared camera-based methods.

As shown in Figure 3.16, the viewport estimation method using HeadPoseNet

accurately captures the user’s viewport. We believe that if the fisheye camera has

a high resolution, it can replace the existing action camera or glasses type camera

that can capture viewport.

MonoEye enables the capture of various multimodal information using only a

single camera without the restrictions of environment and time. Therefore, the sys-

tem can be used not only for simple motion capture related applications but also

for various interactive applications. We also note that the system does not require

calibration or any complicated post-optimization.
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Figure 3.13: The 2D heatmap and 3D pose results from a side view, the black
skeleton is the ground truth acquired using the motion capture system in CMU
Panoptic studio [73]
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Figure 3.14: Comparison between camera-relative 3D pose and camera orientation-
aware 3D pose.
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Figure 3.15: Results of our third-person pose estimation. Input fisheye images (left)
and our absolute camera-centered global poses results (right). The position of the
camera is indicated with a green symbol.
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Figure 3.16: Results of the viewport estimation.
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3.9 Applications

In this section, we have demonstrated several applications to show the capability of

MonoEye to realize a variety of human motion and context-aware interactions.

3.9.1 Portable Motion Capture

Our system’s lightweight hardware configuration enables the user to capture their

motion anytime, anywhere. Since the system doesn’t require any calibration proce-

dure, the user can capture their motion by simply wearing the device (see Figure

3.17.a). The proposed method, consisting of an RGB camera and deep neural net-

works, can be operated regardless of indoors or outdoors and therefore, it is possible

to record body pose, viewport, and the surrounding environment seen by the user in

daily life. The system also enables the user to control a virtual character with their

full-body motions, instead of typical physical controllers, and it allows the user to

interact with the virtual environment and helps the user to become more immersed

in the virtual environment.

3.9.2 Activity Highlighter

MonoEye can be used as a lifetime logger that records user activities due to the

characteristics of the camera worn on the body. It is difficult to find moments the

user wants to check from the long duration video sequences. An application to scan

first-person videos based on various cues has been proposed [61] in order to solve this

problem. It is possible to highlight specific activities from the entire video sequence

since our system also captures various multimodal cues. We can specify the timeline

where a specific object is detected by applying the object detection network to our

estimated viewport sequences as shown in Figure 3.17.b. In addition to this, the

frame that detected the intersection between the 2D hand’s position and the object

can be determined as the moment when the user and a specific object interact.

3.9.3 Context-aware Voice Control

The intention of the user sight is usually aimed at the object with which the user is

interacting and MonoEye’s viewport estimation enables intuitive real-world objects

interaction using the image context. For example, objects of the same category

are classified by giving them an alias during the existing voice recognition-based

object interaction. On the other hand, even if there are many objects within the
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same category, our viewport-based method can acquire image features of the object.

Therefore, the user can interact with the specific object by simply placing eyesight

on the target object and making a simple voice command to, for example, a smart

home device as shown in Figure 3.17.c.
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Figure 3.17: Examples of applications of MonoEye. Our system can be utilized from
(a) portable motion capture to intuitive interactions in everyday life such as (b)
activity highlighter and (c) context-aware voice control.
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3.10 Discussion and Future Work

MonoEye is able to capture multimodal human motion using a single wearable cam-

era. We believe that the ultra-wide view based on the wearable RGB camera enables

various interactions without time and environment restrictions. Therefore, in this

work, we explore the feasibility of this new concept through the implementation of a

proof-of-concept prototype. In this section, we will discuss the main challenges and

limitations confronted by the current prototype system and we will present future

work to address these limitations.

3.10.1 Social Acceptance

The core part of the MonoEye prototype hardware is an ultra-wide-angle lens that

allows the camera to acquire the limbs of the wearer and scenery. Because of limi-

tations of current optical technology, the size of the ultra-wide-angle lens is large,

and consequently, our prototype device is relatively bulky. However, we believe that

Figure 3.18: Future blueprint of the chest-mounted camera: the camera will be minia-
turized and developed into various everyday accessories.

in the near future advanced optical technologies will achieve miniaturization of an

ultra-wide-angle lens and as illustrated in Figure 3.18, cameras will take a variety of

forms like everyday life accessories such as necklaces, brooches, tie pins, and sports

gear which are highly accepted by users. To support this opinion, a necklace-type

small camera with a wide-angle lens has been already released2. In the future, Mo-

noEye can be realized with an advanced small wearable camera. We will design

efficient, lightweight deep neural networks that can run on small devices within the

scope of future works.

2https://www.insta360.com/product/insta360-go
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Since our hardware uses a chest-mounted camera, the camera captures not only

the user but also people in the surrounding environment, which can lead to pri-

vacy problems. Some people believe [64] that privacy perspectives may change as

wearable cameras become more popular, nevertheless, we will consider how to delete

information from a large number of unspecified people captured by the camera to

address this issue (e.g. blurring out faces).

3.10.2 Mount Position of Wearable Device

Most of the wearable camera-based motion capture systems use head-mounted camera-

based top-down views because they are easy to attach on virtual/augmented reality

devices such as HMDs and because they acquire the entire body image of the user.

However, even if the head-mounted camera is miniaturized, the camera needs to

be installed on mount equipment such as a cap, headband, or HMD. Thus, there

is the problem of low usability and social acceptance in everyday life as we dis-

cussed above. On the contrary, miniaturized wearable devices worn on the chest can

be utilized in the form of various everyday accessories. We believe that users can

wear and use the device in everyday life without social discomfort. In addition, a

chest-mounted camera has the great advantage that it is able to acquire its sur-

roundings. Our prototype system uses this advantage in order to demonstrate the

feasibility of multimodal motion capture that can acquire not only the user’s 3D

pose information but also the viewport and camera pose. In the future, MonoEye

can be utilized in various fields like gaze estimation, 3D reconstruction of people

and environments, and sports broadcasting from novel viewpoints by using various

deep neural networks.

3.10.3 Computer Vision Challenges

Despite the power of deep neural networks, the unique image domain of MonoEye

faces much more complex challenges than a typical camera image domain. For ex-

ample, estimating 3D information from a 2D image which contains limited visible

body parts or face information is a highly under-constrained problem. Furthermore,

the nonlinear distortion of the ultra-wide lens makes this problem more difficult.

Even though MonoEye’s networks are designed to restore invisible information from

visible information, there is still a gap in accuracy compared to top-down view meth-

ods. In addition, despite the tricks applied when training the network, there is still

a performance gap between real-world and synthetic datasets because of the domain
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gap between real-world and synthetic images. We plan to improve the accuracy of

MonoEye’s networks by transferring knowledge of a stable pose latent space for effi-

cient information restoration and making a photo-realistic dataset in order to reduce

the domain gap.

3.11 Conclusion

We proposed a novel multimodal human motion capture system with a single wear-

able camera. Our lightweight deep neural networks estimate multimodal motion

which includes 3D human pose, head pose, and camera pose from a single RGB

image, and we can capture 3D human pose with camera orientation and viewport of

the wearer by combining these estimation results. The MonoEye dataset, a new large

scale synthetic dataset, has been presented to train the neural networks with this

special image domain where it is difficult to get ground truth data in the real-world.

We demonstrated the interactive potential of MonoEye via several application sce-

narios that utilize multimodal motion captured by our proposed system. We hope

that this work will act as a trigger for egocentric camera-based interaction in every-

day life.
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Chapter 4

Lightweight 3D Human Pose

Estimation with Teacher-Student

Learning

4.1 Overview

We aim to estimate 3D human pose in real-time. Recently human pose estimation

has achieved great progress and is being used for sports analytics, body and gesture

motion capture in the AR (Augmented Reality) or VR (Virtual Reality) environ-

ment. As VR headset display technology becomes mature, various applications in-

cluding entertainment, education, and telecommunication are getting released to the

market. AR receives even more attention since AR does not require any additional

equipment. Nevertheless, creating AR/VR content often requires special settings

and devices. We believe that mobile-based marker-less motion capture system will

accelerate the advance of AR/VR application market.

Conventional motion capture systems are marker-based relying on wearable suits

with sensors and multiple cameras or need depth cameras (e.g. Microsoft Kinect1,

Intel RealSense2) to obtain human joint locations. These methods usually require

expensive and specialized devices or are restricted to be used in the indoor environ-

ment due to calibration procedures and specific light sources required.

Recently, by leveraging the power of deep neural networks, human pose estima-

tion technology with RGB images has been remarkably progressed. However, perfor-

mance gains of deep learning-based models accompanies high deployment costs due

to very deep and wide layers [132]. This leads to increased FLOPS (FLoating point

1https://developer.microsoft.com/en-us/windows/kinect
2https://software.intel.com/en-us/realsense
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Figure 4.1: An overview of our proposed method. In order to train lightweight 3D
human pose estimation model efficiently, we adopt the basis of knowledge distillation:
(1) First, we train a teacher model, which consists of a large number of neural
network layers. (2) Then, we train the lightweight model with extra supervision of
the teacher model via mimicry loss functions for 3D pose knowledge transfer. The
trained lightweight network does not depend on the teacher model and can perform
efficient 3D human pose estimation.

OPerations per Second), which is not suitable for devices with limited computing

resources such as smartphones or embedded systems. In order to reduce the number

of FLOPS, a lightweight model is usually designed with a smaller number of pa-

rameters and with efficient operations such as depthwise convolutions. However, the

significantly reduced amount of parameters affect the accuracy of the model. Meth-

ods using binarized convolutional neural network (CNN) or quantization [19, 21]

often suffer from a lack of generalization capacity.

In this paper, we propose an efficient learning method for 3D human pose estima-

tion model with minimal performance loss while reducing the number of parameters.

We extend the 2D human pose estimation model learning method based on teacher-

student learning [155] to 3D, and through designing and implementing MoVNect,

a lightweight 3D pose estimation model. We observed that the lightweight model

trained with the proposed approach achieves higher accuracy than the model trained

with the vanilla method. In addition, we compare the inference time of our model

with previous methods running on smartphones and develop an AR application with

our model to show the effectiveness of the proposed method.

In summary, our contributions include:

• We design MoVNect, a lightweight 3D human pose estimation model that can
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run in real-time on hardware with limited resources such as smartphones.

• We propose a method to efficiently train lightweight 3D human pose estima-

tion with teacher-student learning (Figure 4.1). The proposed method shows

an accuracy improvement of 14% than the vanilla training method on the

Human3.6M test set.

• The inference time of various methods on smartphones is evaluated, and the

feasibility of the proposed model to be used on various hardware is verified.

• We develop a real-time mobile application of 3D avatar with our proposed

model to show the practicality of our approach.
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Figure 4.2: Network structure of MoVNect: a single RGB image is fed into the
base network (MobileNetV2 till block12), and pointwise and depthwise CNN based
structures are used for efficient feature extraction. The intermediate features, ∆X,
∆Y , and ∆Z, are used for bone length-features, auxiliary cue to estimate root-
relative 3D human pose. The network predicts heatmaps H and root-relative 3D
joint location maps X, Y, Z.

4.2 MoVNect: Lightweight 3D Human Pose Esti-

mation Network

In 3D human pose estimation, we estimate the 3D pose P 3D from a given RGB image

I. P 3D ∈ R3×J represents the root-relative 3D positions of the J body joints. We

assume our network runs on low power devices (e.g. smartphone, embedded system).

Therefore, the network estimates 15 joints (J = 15), a minimum requirement for

the motion of 3D full-body characters.

4.2.1 CNN based 3D Pose Regression Network Architecture

Among previous 3D estimation approaches, the model proposed by Mehta et al. [98]

has a good balance between accuracy and inference time. It is easy to apply knowl-

edge distillation because the location map used in the model is 2D spatial informa-

tion similar to the 2D heatmap. Therefore, we design a lightweight network architec-

ture based on Mehta et al’s approach [98] with the model search procedure (session

4.3.3) as shown in Figure 4.2. Our network produces the heatmaps and location

maps for all joints j ∈ 1..J . We use the till of block 12 of MobileNetV2 [121] as

the base network and adopt additional depthwise CNN layers for efficient computa-

tion (See Appendix A.2.1). We add the bone length-features to the network for an

explicit clue to guide the prediction of root-relative location maps as:
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BLj = |∆Xj|+ |∆Yj|+ |∆Zj|

∆Xj, ∆Yj, and ∆Zj are intermediate features from our network. For efficient

calculation, bone length-features are calculated using L1 distance instead of L2

distance-based equation proposed by Mehta et al. [98]. The calculated features are

concatenated with other intermediate features and utilized to calculate the final

output.

Inference: we use cropped images based on the person’s bounding box when

training our network. This makes our network performance affected by the size

of the image at runtime. In order to address this issue while maintaining a real

time processing on mobile devices, we acquire a bounding box based on the human

keypoint K, found in the initial few frames of 2D heatmaps with a buffer area 0.2×
the height vertically and 0.4× the width horizontally. We then track it continuously

using previous frames with a momentum of 0.75. In order to normalize scale, a

cropped image based on the bounding box is resized to 256×256 and used as an

input to the network.

4.2.2 Extra Supervision based on Teacher-Student Learning

A brief outline of the proposed training method is shown in Figure 3.1. Most previous

approaches with knowledge distillation are designed for object classification with

softmax cross-entropy loss [12, 62] and not suitable to transfer pose knowledge (See

Appendix A.2.2 for details). We design mimicry loss functions for 3D pose knowledge

transfer based on the method of Zhang et al. [155]. The network is trained with

heatmap loss function LHM and location map loss function LLM as

LHM =
1

J

J∑
j=1

{α||Hj −HGT
j ||2 + (1− α)||Hj −HT

j ||2}

LLM =
J∑

j=1

{α||HGT
j ⊙ (Lj − LGT

j )||2 + (1 − α)||HGT
j ⊙ (Lj − LT

j )||2}

where Hj and HGT
j specify the heatmaps for the jth joint predicted by the model

and ground truth, respectively. ⊙ is the Hadamard product and Lj specify the

location maps for the jth joint predicted by the model . GT and T indicate ground

truth and predicted results by the teacher model, respectively. α is the blending

factor between the ground truth and teacher model’s loss terms and set to 0.5. The
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teacher-student learning is conducted in each mini-batch and throughout the entire

training process. After the training, we only use the student model, already learned

with the teacher’s knowledge.

Figure 4.3: 3D character control. The processed output can be easily utilized for
handling a virtual avatar.

4.2.3 Post-processing

Our model performs CNN based per-frame pose estimation, which leads to a small

jitter, an unacceptable artifact in graphics applications. In order to reduce this

temporal jittering, we apply the 1 Euro filter [25] to the predicted 2D keypoint and

use the filtered keypoint K to refer to the value of the location map. The acquired

3D pose is also filtered to reduce the temporal noise of the prediction results of the

continuous images.

The root-relative 3D pose acquired from the cropped image with the bounding
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box loses the global position information. In order to restore the global position

P 3D
G , we use the following simple but effective global pose estimation equation [96]

P 3D
G =

√∑J
1 ||P

j
[xy] − P [xy]||2√∑J

1 ||Kj −K||2


K [x]

K [y]

f

−


P [x]

P [y]

0


where P and K are the 3D, 2D mean over all joints. P[xy] is the x, y part of P 3D

and single subscripts indicate the particular elements. f is the focal length of the

camera.

Since predicted 3D pose is the root-relative 3D position of each joint, it cannot

be applied directly for character animations. Hence, inverse kinematics are applied

to convert the 3D position of each joint into the orientation and these orientation

values are also filtered with the 1 Euro filter [25].

In addition, since our model does not have explicit knowledge of the joint angle

limits of the human body, our network does not explicitly decline physically invalid

poses. In order to address this problem, we apply the anatomical joint rotation limits

to the calculated angles of each joint to ensure bio-mechanical plausibility. Through

the post processing, our approach exports data directly in a format suitable to 3D

character control in real-time as shown in Figure 4.3.
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4.3 Experiments

4.3.1 Experiment Setup

We evaluate our model using two measurements:

Accuracy: In order to measure the accuracy of the model, we use the Hu-

man3.6M [68] dataset, currently the largest 3D pose dataset. This dataset contains

15 actions performed by 11 subjects. We employ the commonly used evaluation

protocol #1: subject 1, 5, 6, 7, and 8 for training and subject 9 and 11 for testing.

Mean Per Joint Position Error (MPJPE) is calculated with the root-relative 3D joint

positions from our network.

Inference Time: In order to confirm the applicability of the proposed lightweight

model in the actual mobile environment, we measure inference time on smartphone

devices (Apple iPhone series, See Table 4.1) with a variety of computing hardware

specifications (CPU, GPU, NPU). We use the Apple Core ML3 framework to convert

neural network models to mobile ones and to run these models on the smartphone.

Device iPhone 7 iPhone 8 iPhone X iPhone Xs
SoC A10 Fusion A11 Bionic A11 Bionic A12 Bionic
RAM 2GB 2GB 3GB 4GB
NPU X X O O

Table 4.1: Mobile device comparison chart used for inference time benchmark.

4.3.2 Training Details

Since most 3D human pose datasets consist of indoor images only, the network,

trained with only the existing 3D pose dataset, has a lack of generalizability for

in-the-wild scenes. Therefore, following Mehta et al.’s method [96], we first pre-train

the 2D pose estimation using LSP [72] and MPII datasets [11], and train the 3D pose

estimation through Human3.6M [68] and MPI-INF-3DHP [96] datasets. Frames of

3D datasets are sampled with at least one joint movement by >200mm between them

and cropped using the bounding box of the person. For the MPI-INF-3DHP dataset,

the background augmentation is performed using the Places365 dataset [158], and

finally 95k of MPI-INF-3DHP training samples and 100k of Human3.6M training

samples are prepared.

We use the Keras [32] framework with the TensorFlow backend for training the

network. Some random scaling (0.7-1.0) and gamma correction are performed on

training. RMSProp optimization algorithm [134] with learning rate to 2.5 × 10−4

3https://developer.apple.com/documentation/coreml
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is used for 2D pose training and Adam optimization algorithm [78] with the same

learning rate is used for 3D pose training. Mini-batch size is set to 4. We use the

pre-trained base network with ImageNet [41] and batch normalization [67] before

each non-linear activation.

4.3.3 Model Search

Network Network Structure Upsampling Method
Block13 a Block13 b

Type A 368, 368, 256 192, 192, 128 Bilinear + Conv2D
Type B 368, 368, 256 192, 192, 128 TransposedConv2D
Type C 512, 512, 512 256, 256, 128 Bilinear + Conv2D

Table 4.2: Specification for our prototype MoVNect models. Sequential numbers on
Network Structure column denote the number of CNN layers, which make up each
block.

In order to find a suitable model, which has a good balance between accuracy

and inference time, we design and train various types (Type A, B, C) of models that

have a different number of layers on Block13 a, Block13 b, and upsampling method

(Bilinear upsampling + Convolution, Transposed Convolution). See Table 4.2 for

specification of our prototype MoVNect networks.

Network Network Structure # Param MPJPE
Block13 a Block13 b

Type A 368, 368, 256 192, 192, 128 1.03M 113.3
Type C 512, 512, 512 256, 256, 128 2.69M 108.2

Table 4.3: Performance analysis with the number of layers. Metric: average
MPJPE(mm). M:106.

First, we measure the performance and inference time correlation with the num-

ber of layers. we design MoVNect-Small (Type A), MoVNect-Large (Type C) and

measure the average MPJPE on the test set of Human3.6M as shown in Table 4.3.

Because of the deep neural network’s suboptimal trade-off between the representa-

tion capability and the computational cost, Type C has no significant improvement

in accuracy (about 5mm improvement), even though the number of parameters in

the network is twice that of Type A.

Next, we measure the change in accuracy according to the upsampling method

which increases the resolution of the network output. As shown in Table 4.4, we

compare Type A and Type B, which use bilinear upsampling with convolution and

transposed convolution, respectively. According to the results, although transposed
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Network Upsampling Method # Param MPJPE
Type A Bilinear + Conv2D 1.03M 113.3
Type B TransposedConv2D 1.13M 126.7

Table 4.4: Performance analysis with upsampling methods. Metric: average
MPJPE(mm). M:106

convolution method (Type B) requires more parameters, accuracy was lower than

resize-convolution method (Type A). We presume that while transposed convolution

method has a unique entry for each output window, resize-convolution method is

implicitly weighted in a way that it reduces the high frequency artifacts. Based on

these results, we finally choose Type A network for MoVNect.

4.4 Results

4.4.1 Accuracy Results on Human3.6M Dataset

Our results on Human3.6M are shown in Table 4.5. Our model shows competitive ac-

curacy compared with other methods. In particular, the model trained with teacher-

student learning (marked with †) shows significantly improved accuracy (14% av-

erage MPJPE reduction). Even though our model consists of a very small number

of parameters, it has cost-effective accuracy. These results show that our proposed

training approach has good generalization capability in yielding cost-efficient 3D

pose estimation models.

We compare the computation amounts of networks in Table 4.6 (see column

2). Compared with the teacher model [98], our model only requires 7.1% (1.03M /

14.6M) parameters and 18.5% (1.35M / 7.3M) computational amount but achieves

82.7% (97.3 / 80.5) accuracy in average MPJPE. When compared with the best

performer [81], our model with 3% (1.03M / 34M) parameters and 9.6% (1.35M

/ 14M) computational amount achieves 53.2% (97.3 / 51.8) accuracy. Our model

with the proposed method has cost-effectiveness advantages over other alternative

models. Note that we apply the teacher-student learning method without changing

any network structure. Based on the results in Table 4.3, we presume that several

times more parameters with additional layers are required to overcome the perfor-

mance gap without our teach-student learning. This design choice is quite critical

and inevitable in real-time applications.

In Figure 4.4, we show qualitative results on Human3.6M and MPII datasets to

demonstrate the generalization of our network to general scenes.
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4.4.2 Inference Time Benchmark Results on Mobile Devices

Methods Cost-Effectiveness Inference Time on Devices
MPJPE # Param FLOPS iPhone7 iPhone 8 iPhone X iPhone XS

CPU GPU CPU GPU CPU GPU NPU CPU GPU NPU
Mehta et al. [98] 80.5 14.6M 7.3M 275 175 215 140 270 120 120 200 110 17
Martinez et al. [93] w/ SH 62.9 19.3M 22M 750 200 300 160 350 160 160 270 120 20
Kocabas et al. [81] 51.8 34M 14M 500 220 210 210 230 160 160 200 125 50
Ours 97.3 1.03M 1.35M 48 56 40 33 37 28 28 32 22 6

Table 4.6: Comparison of networks’ cost-effectiveness and inference time on mobile
devices with various hardware configurations. Metrics: average MPJPE(mm), the
number of parameters, FLOPS, and average inference time(ms). M:106.

Table 4.6 (see column 3) shows the inference time benchmark results on mobile

devices. Throughout all the devices we test, our model’s inference time outperforms

other networks. Even with low-end devices (iPhone 7 with CPU), our model runs

out over 20fps and with high-end devices (iPhone XS with NPU), the throughput

reaches over 160fps. Note that except our model, which has low FLOPS and memory

consumption, there is no other method that can perform over 10fps on CPU and

GPU. Compared to Mehta et al.’s model [98], which is used as the teacher model,

our model performs at least 283% (iPhone XS with NPU) and up to 730% (iPhone

X with CPU) faster throughput. Compared to the best performer [81], our model

shows at least 393% (iPhone 7 with GPU) and up to 1042% (iPhone 7 with CPU)

faster inference time.

As the device processing power increases, the difference in throughput between

networks decreases. In particular, in the case of utilizing a dedicated neural network

accelerator such as NPU, all models of the comparison group are able to process

more than 20 fps. However, different from other networks, our network does not

have a huge gap across different processing unit types. Hence, if the model inference

is done by CPU in low-end devices and by NPU in high-end devices, the GPU could

be fully utilized for graphic rendering, and this is a great advantage for CG applica-

tions. Furthermore, most users do not have smartphones equipped with a dedicated

processor for neural networks. Our proposed approach is expected to contribute to

the spread of deep learning-based interactive applications until high-end devices are

deployed broadly.
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Figure 4.4: Qualitative results on the test set of Human3.6M(3D) and MPII(2D)
datasets. Left: the input images; Right: the results of 3D pose prediction from a dif-
ferent viewpoint, the black skeleton is the ground truth of the Human3.6M dataset.
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4.4.3 Applications

Our proposed network can be applied for various interactive mobile applications

because it can provide motion data in a format suitable to 3D avatar control in

real-time on mobile devices. In addition, since our network has low inference time,

enough times remains for CG rendering for the application.

Augmented and Virtual Reality: Smartphone, which has built-in camera,

inertial measurement unit sensor, and display, is the best portable device for AR

and VR applications. Our method enables applications that provide the user with

immersive content through a virtual avatar of the user exactly mimicking the user’s

real pose using a single RGB camera as shown in Figure 4.5. It also enables a real

time interaction in body gesture capturing applications.

Motion Capture Simply Accessible: Our lightweight network can be used in

a variety of devices that have low-computation power. Without communication with

a high-performance server for processing algorithms, the network can be deployed

and run directly on various mobile IoT devices in our daily life and can be applied in

various real-life scenarios such as interactions with objects through body gestures,

healthcare, and so on. For example, our algorithm can be used to recognize body

language or to analyze walking postures of the elderly with common smart home

devices.
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Figure 4.5: AR-based real time 3D avatar mobile application. Our lightweight net-
work can be utilized for interactive applications, which provide immersive experi-
ences to users.
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4.5 Discussion and Future Work

In order to the best of our knowledge, our training approach is the first knowledge

transferring method for 3D human pose estimation networks. MoVNect achieves a

well-balanced performance between accuracy and inference time. Nevertheless, it

still has certain limitations that can be addressed in future work. In this paper,

we transfer the knowledge to the lightweight network based on the location map,

thanks to the similar output type to the 2D pose network. Furthermore, because

the mimicry loss function is very simple, we envision that we can easily apply our

knowledge transfer method to various 3D human pose networks.

We have focused on estimating the 3D pose of a single person, which can run in

real-time across various devices. Currently, latest high-end smartphones tend to be

equipped with dedicated accelerators such as NPU. The proposed fully-convolutional

network could be scaled to multiple persons if such devices have enough computa-

tional capacity.

In order to reduce the resource and power consumption, most mobile deep learn-

ing frameworks do not fully support recurrent architectures. We also design our

network based on per-frame prediction and this may lead to some temporal in-

stability, similar to previous per-frame prediction approaches. We believe that our

post-processing method should reduce temporal jitters enough to be usable and

practical in various fields. Furthermore, in the near future, mobile devices will have

more processing power and we will be able to expand per-frame to video processing

levels using a recurrent approach.

In addition, to reduce inference time, our network uses a single scale of the

cropped image. Processing each frame inference with multiple scales of the image

(scale-space search) makes it difficult to guarantee real-time performance on low

power devices. For applications that require a better accuracy for the pose, two

different scales (like 0.7 and 1.0) of the cropped image can be used.

A few failure cases are illustrated in Figure 4.6. Our location map-based ap-

proach relies on 2D heatmap detection results and our lightweight model is not

robust enough to occlusion. As future work, we will apply a pose encoding-decoding

scheme [97], robust to occlusion, to our network. Despite these limitations, we ob-

serve that our method proposes an initial step in the direction of a training method

for efficient lightweight 3D motion capture.
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Figure 4.6: Failure cases of our model. Left: knees are crossed because of body part
occlusion. Right: the position of the right hand is mislocated to the left hand because
the right hand is occluded with the extreme pose.

4.6 Conclusion

In this paper, we propose MoVNect, a lightweight 3D human pose estimation model,

and an efficient training strategy based on teacher-student learning. We make the

step from existing 2D pose estimation with knowledge distillation to 3D pose estima-

tion. Moreover, we present extensive evaluations on human pose and inference time

benchmarks. Based on the results, we observe that our proposed teacher-student

learning method significantly improves the accuracy of the model, and our network

trained with the proposed method achieves very fast inference time with reasonable

accuracy on various devices from low-end to high-end. We demonstrate these ad-

vantages on real mobile devices with an AR-based 3D avatar application. We hope

that this work would act as an ignition of efficient training methods for lightweight

neural networks in 3D human pose estimation.
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Chapter 5

Synthesizing Pseudo-2.5D Mixed

Reality Content from Monouclar

Videos

5.1 Overview

Figure 5.1: MonoMR enables users to easily synthesize pseudo-2.5D mixed reality
content from monocular videos uploaded on the Internet or taken with common
imaging equipment such as smartphones and cameras. With the MonoMR system,
the user can create and experience immersive mixed reality content from various
monocular videos, such as (a) sports broadcasting videos and (b) entertainment
videos. (c) The synthesized content can be displayed in the real world through a
mixed reality head-mounted display.

Mixed reality (MR) head-mounted devices (HMDs) are display devices that can

overlay virtual content in the real world, and a user can watch it on a free view-

point. Specifically, compared with 2D media, such as photos and videos, 3D content
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synthesized from real-world objects has higher immersiveness. Hence, many methods

for synthesizing MR content from real-world objects have been proposed [37, 103],

and several systems are already commercialized [1, 2]. A common method in cre-

ating MR content is to place multiple monocular RGB or depth cameras around

an object, synchronously capture the images, and then reconstruct 3D shapes of

the object from the captured images. The content synthesized using this method

is accurate and impressive and is utilized in various industry fields, such as sports

broadcasting and entertainment. However, since most previous systems based on

this method require multiple cameras and synchronization devices, configuring the

system is complex, and the operating environment is restricted [53, 149, 103]. Thus,

these factors make it difficult for end-users to use these systems. In addition, es-

timating the intrinsic and extrinsic parameters of the cameras from prerecorded

videos is a challenging task. Some methods try to estimate the parameters using

landmarks in images [109]. However, this limits the types of video that the method

can process.

Nowadays, we can record monocular videos through smartphones and digital

cameras, and a large number of various monocular videos, such as sports, entertain-

ment, and daily life, have been uploaded to the Internet. If there is an easy way for

end-users to create MR content from these videos, various MR content can be pro-

vided without any special equipment. Moreover, the created content can be shared

freely, similar to the present video-sharing websites on the Internet. To explore the

usability and feasibility of MR content made from monocular content, we propose

MonoMR, a system for synthesizing MR content from monocular videos. MonoMR

is an end-to-end system (Figure 5.1) that uses simple yet effective methods, different

from the previous complex systems. In order to create MR content, first, the system

detects people from a monocular video through a deep neural network (DNN), then

calculates the homography matrix between real-world and image distances using an

interactive user interface, and estimates pseudo-3D positions of the detected people.

Next, person textures are extracted and placed at the estimated positions. Finally,

the MR content is synthesized on these elements. The content synthesized by the

proposed system is played on Microsoft HoloLens; the user can freely place the con-

tent in the actual world and view it from a free viewpoint. The paper’s outline is

summarized as follows:

• We propose MonoMR, a system to synthesize MR content from single or mul-

tiple monocular videos.

• We evaluate the quantitative performance of our system.
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• We assess the impact of the synthesized content through a user study.

• We develop suitable sample applications using the proposed system.
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5.2 MonoMR System

Figure 5.2: Configuration diagram of the MonoMR system.

As shown in Figure 5.2, the MonoMR system consists of a personal computer-based

scene synthesizer to synthesize content and a HoloLens-based client player to play

the content. This section describes how the scene synthesizer generates MR content

from monocular videos, and the client player displays the generated scene.

5.2.1 Person Detection and Tracking

As the first step of the scene synthesizer, people in video frames are detected. This

procedure was a very challenging problem in computer vision until a few years ago.

However, recent dramatic advances in DNNs allow accurate person detection and

their body keypoints in a monocular image. We use OpenPose [24], one of the state-

of-the-art person detectors to detect persons and body keypoints from video frames.

Our system provides normal mode (656 × 368) and precision mode (1312 × 736)

according to the input resolution of the network. In the normal mode, the network

detects normal-sized human bodies. However, small people in the video cannot be

detected because of the low input resolution. In precision mode, the network accu-

rately detects small-sized human bodies with slow inference speed. Then, the bound-

ing boxes are defined based on the detected keypoints.

Even if the system uses a state-of-the-art person detector, the results may contain

false positives and false negatives depending on the quality of the video. In order
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to detect persons robustly, each detected person should be continuously tracked

in subsequent frames. In tracking an object, the system should solve the X ∈ R2×k

assignment problem. Therefore, the following equation is minimized using the Kuhn-

Munkres algorithm [83].

E =
M∑
m

N∑
n

∥Xm
t −Xn

t−1∥·Cmn (5.1)

Cmn =

1 Person m assigned to person n

0 Otherwise.

Here, X is a set of k-joints and M and N are the number of detected people

in time t and t − 1. After the assignment procedure, the moving average filter is

applied to the coordinates of each object’s bounding box to remove the jitter of

each tracking object’s trajectory. Moreover, the filter can estimate the undetected

person’s position based on previously observed values.

5.2.2 Pseudo-3D Position Estimation

In order to capture the depth information of humans in the real world, multi-view

stereo vision, depth cameras, and DNNs have been used in existing systems. How-

ever, these systems require a complicated configuration or special equipment and

are difficult to use. In this study, we propose a simple depth estimation method

using the homography matrix [57], calculated based on the detected person’s an-

kle position and minimal user interaction, as illustrated in Figure 5.3. The system

receives the four vertices and approximate distance of the real world between the

vertices in the first frame of a video from users. Then, a homography matrix H for

mapping the image coordinate system i, j into the real-world x, z coordinate system

is calculated. Then, the pseudo-3D position on the real world Xt(x, z) is calculated

using the following equation.

Xt(x, z) = H · A(Xt) (5.2)

where A is the average position of ankles i, j in the Xt set. The moving average

filter is applied to the calculated pseudo-3D position to remove the noise.
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Figure 5.3: Proposed method for estimating the pseudo-3D position of a person in
the image. The ankle position detected in the image coordinate system (i, j) is
mapped using a homography matrix to estimate the real-world coordinate system
(x, z).
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5.2.3 Extracting Person Texture Using Background Sub-

traction

A segmentation procedure is performed to extract the texture of the detected person

in the video. Graph cuts [16] and mask R-CNN [59] are the standard algorithms for

the segmentation, however these algorithms have high computational complexity.

We propose a simple method to extract the person’s texture using a background

subtraction algorithm for efficient texture extraction.

Given that most videos constantly change foreground and background, the fore-

ground objects extracted with the vanilla background subtraction algorithm based

on image difference do not have sufficient quality. We use a k-nearest neighbor

(KNN)-based background subtraction method [162], one of the Gaussian mixture

model (GMM)-based methods. GMM-based algorithms are robust to repeated, slow

motion, and constantly changing lighting conditions. Thus, these algorithms can be

used in most videos that have constantly changing foregrounds and backgrounds.

Notably, the KNN-based background subtraction algorithm automatically updates

the parameters in real-time and selects only the components required by each pixel.

Therefore, the processing time of the KNN-based algorithm is reduced compared

with the existing GMM algorithms, even with better quality. In addition, the back-

ground image without foreground objects can be acquired with this algorithm,

and this image can be utilized in the generated content.

The foreground image extracted by the KNN method may contain noises and

holes. In order to remove them, morphological operations are applied to the fore-

ground image. After noise removal, only the moving objects’ textures are extracted

by masking with the bounding boxes. Figure 5.4 shows the results of the background

subtraction procedure.
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Figure 5.4: Results of the texture extraction procedure. (a) Input image, (b) fore-
ground mask, (c) foreground segments, and (d) background image.
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5.2.4 Texture Size Correction Using Weak-Perspective Pro-

jection and Content Synthesis

If the extracted texture is directly applied to the scene, then the size of the same

person is different according to the position of the perspective. To minimize this per-

spective distortion, we use a weak-perspective projection-based correction method.

First, the pixel per meter in the real world at the corresponding position of the

person is calculated from the homography matrix H and the position of the image

coordinate system Xt(i, j). Then, the texture size is recalculated, and the distortion

is corrected as shown in Figure 5.5.

Finally, the corrected textures are placed in the 3D world based on the pseudo-

3D position of each texture, the extracted background image or a custom image is

set to the ground texture, and then the MR content is synthesized.

Figure 5.5: Result of the texture size correction.

5.2.5 Billboard Rendering

The MR content is synthesized by extracting the textures from image frames of a

monocular video. Therefore, the camera’s viewpoint is fixed, and we cannot obtain

the information not captured in the original video (e.g., an information loss on

the part not facing the camera), and the user notices the unnaturalness when the

viewpoints of the camera and user are different (See Figure 5.6a).

In order to address this problem, the system has a function that applies billboard

rendering [6] to every texture, as shown in Figure 5.6b. Billboard rendering is a

simple technique in which the textures are rotated toward the user’s viewpoint,
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thereby reducing the unnaturalness of placing 2D textures in a 3D space. With

this function, even if the user changes their viewpoint from the original camera’s

viewpoint, they notice less unnaturalness.

Figure 5.6: Result of billboard rendering. (a) Billboard rendering disabled and (b)
billboard rendering enabled.

5.2.6 Playing Synthesized Content on MR HMDs

The generated content is played using a client player application. The client player

is based on Unity and Mixed Reality Toolkit 1 and runs on the HoloLens MR HMD.

The content is displayed in the real world, and users can control the playback, pause,

and billboard rendering functions and activation/deactivation through buttons.

Given that the content consists of a minimal number of polygons, rendering and

producing multiple textures and polygons in 30 fps even using a standalone MR

HMD, which has limited processing power, is possible. The user can enjoy the MR

content while changing their position and viewpoints freely, and the content can be

placed or resized in the real world through user gestures, as shown in Figure 5.7.

1https://github.com/Microsoft/MixedRealityToolkit-Unity

86



Figure 5.7: Display of the generated content in the real world.
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5.3 Performance Evaluation

In this section, we performed performance assessments on the depth estimation accu-

racy, quality of textures, and processing speed, factors that directly affect generated

content’s quality.

5.3.1 Accuracy of Depth Estimation

First, we evaluated the depth accuracy of the proposed method. We perform perfor-

mance evaluations based on two capturing scenarios (small space and large space).

In the case of a small space, the subject freely walked in a square, with a space

of approximately 1.7 m in width and approximately 3 m in height, and a Kinect

was used to obtain the ground truth data. Five subjects (two female) were the

participants in the preparation of the ground truth set. We obtained 600 frames of

full HD images and depth information for each subject. The mean absolute error

between ground truth and estimated results is 24.57 cm, and the results for each

subject are shown in Figure 5.8.

In the case of a large space, it’s not easy to acquire the accurate ground truth from

a real-world scene. Therefore, we rendered some synthetic ground truth composed

of 3000 frames of images and the depth information using computer graphics. The

mean absolute error between ground truth and estimated results is 76.04 cm, and the

results for each distance section are shown in Figure 5.9.

At a distance of less than 20m, depth errors were less than 1m. As shown in

Figure 5.9, the error increased as the model moved away from the camera because

as the distance of the ground truth image increases, the number of pixels that

represent the same distance decreases. Thus, the error increases as the quantization

error increases.
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Figure 5.8: Mean absolute error of depth estimation for each subject in a short-
range space.

Figure 5.9: Mean absolute error of depth estimation for each distance section in a
long-range space.
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5.3.2 Accuracy of Texture Extraction

We evaluated the accuracy of the person texture extraction method applied to

MonoMR. We created ground truth data for 500 images through the mask R-

CNN [59], one of the state-of-the-art algorithms of segmentation, and measured

the mask intersection over union (IoU). Consequently, the obtained average mask

IoU is 0.72 (sd = 0.05). Figure 5.10 is the visualization result of extracting texture

through the mask R-CNN and the proposed method.

The mask image obtained through our method generally does not have significant

artifacts. However, compared with the mask obtained through the mask R-CNN,

the results of our method may contain noise such as shadow and missing body

parts. Nevertheless, given that the proposed method has more advantages than the

mask R-CNN regarding processing speed, we applied the background extraction-

based texture extraction method in this study to enhance the possibility of real-

time processing.

Figure 5.10: Visualization results of texture extraction methods. (a) Mask R-CNN
(blue region), (b) ours (red region), and (c) overlapped two methods (purple region
is the intersection area).
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5.3.3 Processing Speed

We measured the processing time of MonoMR to synthesize the content. All exper-

iments were conducted on a desktop with a Core i7 processor (4-core, 8-thread), 16

GB RAM, and GTX 1080 with 6 GB memory. We used the video sequence (full HD

resolution) of ISSIA-CNR [42] (soccer video dataset) as the synthesizing target and

measured the average processing time to generate the content from 500 frames of

the video. The results are shown in Table 5.1.

The system consumed approximately 179 ms per frame to generate the content in

normal mode; hence, we can confirm that the proposed system generates images at a

processing speed of approximately 5fps (the precise mode for detecting small people

has a performance of two frames per second). In addition, the processing speed of

the mask R-CNN and proposed texture extraction method was measured, and the

results are listed in Table 5.2. The proposed method extracts textures at a very high

speed compared with mask R-CNN, and it can increase the possibility of real-time

processing. Based on these results, we confirmed that MonoMR could generate MR

content at a relatively fast speed because all the procedures are not mainly composed

of DNNs but use a combination of common image processing algorithms.

Procedure Time (ms)
Person detection
with normal / precision modes

137.83 / 406.94

Person tracking 0.07
Pseudo-3D position
estimation

0.03

Texture extraction
with background subtraction

41.43

Total processing time
with normal / precision modes

179.36 / 448.47

Table 5.1: Processing time for each procedure.

Procedure Time (ms)
Texture extraction
with background subtraction (Ours)

41.43

Texture extraction
with mask R-CNN

2545

Table 5.2: Processing time of two texture extraction methods.
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5.4 Small-scale User Study

In order to measure the effectiveness of the synthesized content, we conducted a

user study with a two-by-three design with the two independent factors content

types and display types. Twelve participants (three females; mean age=26, SD=9.23)

volunteered in our experiment, and they had no experience using MR and Virtual

Reality (VR) devices.

5.4.1 Experiment Design

We attempted to confirm the effectiveness of the content by qualitatively evaluating

the following items:

• Depth perception: How much of a stereoscopic degree the user feels in the

content.

• Immersiveness: How immersed is the user in the content.

• Attractiveness: How interested is the user in the content.

We used two types of content, sports broadcasting (soccer) and entertainment

(dancing), for the experiment. The comparison conditions are as follows:

• C1: Monocular videos displayed on a flat-panel display.

• C2: Monocular videos displayed on a MR HMD.

• C3: Synthesized content displayed on a MR HMD.

Figure 5.11: Questions used in the user study.

Each subject experienced each comparison condition in a random order, and the

evaluation was performed using a 5-point Likert-based questionnaire sheet (where

1 = Strongly Disagree to 5 = Strongly Agree). The detailed questions are listed in

Figure 5.11.
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5.4.2 Results

Depth perception

First, we performed the Friedman test [38] for multiple comparisons to assess the

differences between the group means in the experimental results. As presented in

Table 5.3, the test result shows a significant difference in the subject’s assessment

depending on the method. We conducted the Wilcoxon signed-rank test [141] as

post hoc analysis to identify which factors have a significant difference, and the

result is illustrated in Figure 5.12. In order to verify whether the randomization

controls order effects, the two-way ANOVA test [47] was used to check whether

there were significant differences in assessment results between the ordering groups.

The ANOVA test shows p-value = 0.163 for sports broadcasting and p-value = 0.589

for entertainment content, which means that the randomization works well because

no significant differences were detected across the ordering conditions.

Based on the post hoc test result, the user can recognize the spatial information

through the proposed method C3 more easily than C1 and C2 (p ≤ 0.001). Hence,

we assumed that the content generated by the proposed system allows the subjects

to perceive the depth information of the content based on positive feedback. This

result showed that the user could feel an improved stereoscopic effect on the content

created by the proposed system compared with other experimental conditions.
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Figure 5.12: Evaluation of the depth perception for each condition.

Source Sum Sq. d.f. Mean Sq. Chi Sq.
Method (*) 315.65 2 157.82 46.87
Content 3.56 1 3.56 2.95

*: p ≤ 0.05

Table 5.3: Friedman test table of subjective score with depth perception.
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Immersiveness

The results of the Friedman test and Wilcoxon post hoc analyses are shown in

Table 5.4 and Figure 5.13, respectively. We can observe a significant difference in

the results of the method. The ANOVA test shows p-value = 0.605 and 0.389 for

sports broadcasting and entertainment content, respectively, which means that the

randomization is valid.

Specifically, a meaningful difference also exists between C3 and other conditions

and between C2 and C1. The users responded that C2 was more immersive than

C1(p ≤ 0.01) because the size of the virtual screen of C2 was more significant than

the physical screen of C1. The subjects evaluated the proposed method (C3) as

the most immersive method (p ≤ 0.001). We assumed that the content generated

by MonoMR could be watched at a free-viewpoint, and this feature affects the

immersiveness of users. Based on these results, we confirmed that the proposed

system could increase the immersiveness of monocular content.
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Figure 5.13: Evaluation of the immersiveness for each condition.

Source Sum Sq. d.f. Mean Sq. Chi Sq.
Method (*) 166.54 2 83.27 24.17
Content 0.13 1 0.13 0.1

*: p ≤ 0.05

Table 5.4: Friedman test table of the subjective score with immersiveness.
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Attractiveness

Attractiveness was comprehensively evaluated regardless of the content type. The

Friedman test and Wilcoxon post hoc analysis results are shown in Table 5.5 and

Figure 5.14, respectively. The ANOVA test shows p-value = 0.319, and the ordering

groups don’t affect assessment results.

Subjects responded that C2 was more interesting than C1 (p ≤ 0.01). Based on

the users’ verbal feedback, we confirmed that the reason is that the video player’s

size in MR HMD can be freely adjusted according to the context of the content.

The subjects reported that C3 provided the most exciting experience among the

methods (p ≤ 0.001). Apart from the questionnaire, we asked the subjects which

factor most increased the attractiveness of the synthesized content. Seven subjects

answered the improved depth perception, and five subjects answered the advantage

of free viewpoint.

Figure 5.14: Evaluation of the attractiveness for each condition.

Source Sum Sq. d.f. Mean Sq. Chi Sq.
Method (*) 166.54 2 83.27 24.17

*: p ≤ 0.05

Table 5.5: Friedman test table of the subjective score with attractiveness.
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5.5 Applications

In order to demonstrate the applications of MonoMR, we synthesized prototype

content from various monocular videos. Because the proposed system can gener-

ate content from monocular videos with small environmental constraints, it can be

applied to various fields, as shown in Figure 5.15.

5.5.1 Immersive Sports Broadcasting

Sports broadcasting is one of the areas where free-viewpoint video systems are most

actively applied. Users who watch sports broadcasts want to watch the game from

a different viewpoint; hence, systems such as Eye Vision [3] have been applied to

sports broadcasting to meet these demands. However, most of the existing methods

are difficult to set up because these methods require many cameras to be placed

around the target and are complicated to use for users who are not experts.

Because the MonoMR system can easily synthesize the MR content from a single

monocular camera, the user can create sports content from 2D videos, view the

content with a free-viewpoint, and recognize the 3D positions of players intuitively

(Figure 5.15a). In addition, given that the system can generate a single scene from

multiple monocular videos, capturing a large stadium, which is difficult to capture

using a single camera, is possible by dividing the capture area into multiple cameras

and merging the videos into a single content.

Figure 5.15: Application examples of the proposed system. (a) Sports broadcasting
and (b) entertainment content provide improved stereoscopic effect and an immer-
sive feeling to users than original monocular videos. (c) Surveillance systems based
on MonoMR allow users to easily recognize situations and spatial information of
multiple cameras.
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5.5.2 Dynamic Entertainment Content

Entertainment content, such as performance and theater, is also one of the areas

where the proposed system can be utilized. In the case of performance and theater

content in DVD and Blu-ray media, the videos have been recorded from various

viewpoints. Hence, it allows the user to select and enjoy scenes from a specific

viewpoint. As described in the experiment section, the entertainment content created

by our system is more attractive than a monocular video displayed on a flat-panel

display. Therefore, with our system, the user can enjoy the content while freely

changing their viewpoint (Figure 3.17b).

5.5.3 Effective Surveillance System

The existing surveillance systems display videos through a single display with di-

vided windows or multiple displays. However, these methods are complex for a user

to observe the plurality of screens simultaneously. Mainly, recognizing the place dis-

played on the monitor is not intuitive. In order to address this problem, a system [43]

has been proposed where multiple camera images are synthesized into a single 360-

degree image and displayed to a VR HMD. However, the entire scene cannot be

recognized within a limited field of view of the HMD, and it’s hard to recognize the

depth of the target object.

Constructing an efficient surveillance system with the MonoMR is possible be-

cause the proposed system can synthesize a single scene from several monocular

cameras. We synthesized the four surveillance videos of CMUSRD [58] into a single

scene using MonoMR as the demo application of the surveillance system (Figure

5.15c). The user can intuitively perceive a place where a specific target is located.

In addition, even if the target moves from the camera viewpoint to another cam-

era’s viewpoint, the user can track the moving target intuitively. Since the system

can synthesize content from various kinds of videos, there are many other potential

applications besides the ones proposed.
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5.6 Discussion

We present the MonoMR system that generates the pseudo-2.5D MR content from

monocular camera videos. The system can render MR content from a large number

of previously captured videos of various types. Our system does not require special

imaging equipment, such as multiple monocular cameras or depth cameras, similar

to most conventional systems and complicated settings, such as the synchronization

among the cameras. In addition, because the proposed system can generate MR

content using a single monocular camera with minimal user interaction, this has

higher usability than any previously proposed systems. Therefore, users without

expert knowledge can easily create MR content.

Our system consists of not only a DNN but also uses typical image processing

algorithms. Based on the experimental results, we confirmed that our proposed

method has reasonable performance for depth information estimation and texture

extraction required for producing MR content from monocular videos. In addition,

the proposed method is processed relatively high speed, except for the DNN process.

Therefore, if a high-performance GPU is used and parallel optimization for image

processing is applied, the proposed system can reach real-time performance.

We conducted the small user study, and the results show the feasibility of con-

verting existing monocular videos into more exciting and immersive content with

the proposed system. Although the MonoMR system has good performance and us-

ability, we describe some technical challenges and limitations of the system based

on the conducted experiment and system implementation.

Limited camera posture. MonoMR does not use a global motion compen-

sation algorithm and the camera posture estimation method using specific land-

marks [148, 109] because of high computation and low generalization capacity.

Therefore, the input video’s viewpoint, which is converted into MR content, should

be fixed.

Pseudo-3D position. The system estimates the person’s x and z positions

based on the correlation between the ankle position of the human and the ground.

However, if the subject moves on the y-axis, such as jumping and tumbling, it’s

difficult to estimate the correct 3D position. To address this problem, we will attempt

to apply the global depth estimation DNN [45, 51] to our system.

Texture quality. MonoMR extracts textures using a background subtraction

algorithm to increase the entire processing speed. As can be observed from the

previous experiments, MonoMR extracts person textures with acceptable quality.

However, if the texture quality reduces due to a detection failure of the human
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detector or drastic illumination changes in the capturing environment (Figure 5.16),

then some artifacts could be observed.

Figure 5.16: Artifacts of the extracted textures and content caused by abrupt illu-
mination change, non-detection of body parts, and overlapping people.

Mask R-CNN, the current state-of-the-art algorithm, shows excellent quality;

however, as mentioned in Section 5.3.2, it has drastically reduced the system’s entire

processing speed. Therefore, this method has not been applied in this study. If a

segmentation network with good accuracy and performance is proposed, then we

will consider applying the network to our system.

2D texture. The system displays 2D textures instead of 3D mesh models. Hence,

it’s difficult for the human vision to recognize that the generated model is planar

if the user views the content at a certain distance [123]. However, if the user views

the content at a short-range, then they feel the unnaturalness. Therefore, we are

considering applying methods to recover the information not captured by the cam-

era, such as generative adversarial nets [52] and 3D mesh recovery network [31],

as future work.

Large content size. The content consists of the human textures and location

data of each frame. The size of the content is large because it does not use any

compression method for the real-time operation in low I/O performance of the stan-

dalone HMD (e.g., the size of the 30 s of soccer content is approximately 200 MB).

We expect that if the HMD’s network bandwidth and I/O performance are increased

and the texture compression method is applied, then real-time streaming could be

applied without difficulty.

Small-scale user study. We conducted the user study with a small subject

group. Because of the small number of subjects in the experiment, the statistical

power is insufficient to prove significance. A post hoc power analysis revealed that

the effect size and statistical power observed in the user study are 0.74 and 0.75,
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respectively. Therefore, more than 14 participants would be required to obtain sta-

tistical power at the recommended 0.80 level [36]. We plan to conduct a user study

with a large number of participants and perform accurate statistical analysis to

prove the usability of the system.

Despite the limitations, MonoMR is a potentially powerful system in which any-

one can easily convert monocular videos into immersive and exciting MR content.

To the best of our knowledge, no system that can convert videos of various gen-

res captured using a single monocular camera into MR content has been proposed

yet. In addition, it will be possible for a DNN to be developed and applied to

the system to produce better quality content when the hardware limitations have

been addressed.

5.7 Conclusions

This paper presents MonoMR, the system synthesizing the pseudo-2.5D MR content

from monocular videos for MR HMD. Our approach can generate MR content from

only a single monocular camera or many different videos uploaded on the Internet. In

addition, the system requires only minimal user interaction during content creation,

and end-users without expertise can easily use this system. Users can enjoy the

synthesized content at a free-viewpoint through MR HMD and freely arrange and

adjust contents via hand gestures.

We confirmed that the generated content is more immersive and attractive than

the original monocular video through user studies. Based on these evaluations, we

believe that the proposed system converts a lot of existing monocular content into

MR HMD optimized content. We hope that the proposed system will contribute to

the distribution of MR content regarding the increase in content demands owing to

the commercialization and expansion of MR HMD.
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Chapter 6

Conclusions

6.1 Summary

This thesis presents three contributions that capture human motion and generate

visual content from monocular videos. We argue that a solution for capturing and

visualizing various human motion information is by exploiting multiple cameras and

specialized machine learning algorithms. It is hard to escape from the “Curse of

Cameras” with this conventional approach.

We directly tackle the “Curse of Cameras” by leveraging new concept hard-

ware, machine learning techniques, and interactive methods. We propose the system

that captures multimodal motion information such as the 3D motion of the camera

wearer and surrounding people and the user’s viewport using an ultra-wide fisheye

camera (Chapter 3). We demonstrate the lightweight motion capture network that

can operate in real time on devices with limited computing resources and an effi-

cient training strategy (Chapter 4). Finally, we build the end-to-end system that

generates pseudo-2.5D mixed reality content and visualize it (Chapter 5). Our con-

tributions have realized the framework that enables 3D content creation with a single

monocular camera by replacing the existing complex 3D content creation framework,

promoting user-based XR content creation.
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6.2 Future Work

Figure 6.1: Conceptual diagram of the virtual motion capture system on the real
world.

As mentioned in the introduction, the ultimate goal of this study is to establish a

virtual motion capture studio. In order to realize this goal, numerous monocular

cameras in the real world should be connected to others, and the captured motion

information is shared with each device to provide a metaverse experience to users. We

called this concept “Hyper Connectivity.” In future work, each motion capture and

visualization method proposed as an individual component in this thesis is connected

to create a virtual motion capture studio. In order to achieve our objective, key future

directions are summarized below.

6.2.1 Estimating the camera’s position and pose in the world

coordinate system

Implement an algorithm to calculate the position and pose information of each

monocular camera in the world coordinate system. We estimate each camera’s lo-

cation and geometry information using SLAM, a method of estimating camera lo-

cation and geometry information from images in real time. In order to synchronize

each camera’s estimated information, timestamp data of the GPS embedded on the

devices is used. By matching each synchronized topographical information into a

single map, the poses and positions of the cameras in the world coordinate system

are calculated.
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6.2.2 Estimating human motion with various camera pa-

rameters

We design and implement an optimal DNN that reflects the characteristics of various

camera lenses and estimate 3D human motion and the relative distance from the

camera. The network is designed based on a heatmap regression method widely used

for human pose estimation and can determine the presence of each body joint as a

probabilistic score. In the case of a camera with a wide field of view, the network

is designed to estimate the pose of others and the camera wearer’s pose. Since

it is inefficient to train the network corresponding to a new lens parameter from

scratch every time, meta-learning is used to enable the network to adapt to new

lens parameters with a tiny number of samples. It takes a lot of time and cost to

create a dataset by combining various lenses, environments, clothes, and motions in

the real world. Therefore, in this study, multiple types of data required for DNN

training are synthesized using computer graphics, and the synthesized dataset is

used for training the network.

6.2.3 Integrating local human motion information

Since the user’s motion information estimated by the DNN is on the local coordi-

nate system, we implement an algorithm that converts the estimated motion data

through each camera into the world coordinate system and then integrates it. The

motion data on the local coordinate system is converted into the world coordinate

system using the estimated position and pose of each camera. Since converted mo-

tion data may have duplicates, the probability score for each joint of the network

and various features obtained from multiple viewpoints are composed in a graph,

and then duplicated motion information is removed through dynamic programming.

Finally, we get integrated motion information.

Because the proposed concept can overcome the limited capture capacity of a

single device through interaction between multiple devices, this enables global mo-

tion estimation and 3D mesh estimation of real-world objects based on semantic

segmentation and social signal sensing using other media such as audio.
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Appendix A

Background Knowledge

Our methods use a fisheye lens model, depthwise separable convolution, and knowl-

edge distillation. In this chapter, we describe the background knowledge about these.

A.1 Camera Model

This section presents essential knowledge of an ultra-wide fisheye camera model

related to our proposed methods.

A.1.1 Ultra-wide Fisheye Camera Model

Figure A.1: Illustrate of the linear fisheye model.

The method proposed in chapter 3 uses an ultra-wide camera. We briefly describe

mathematics for the fisheye lens here. In a linear (mathematical) fisheye, any point
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P defines a longitude and latitude angle, and therefore a 3D vector into the world

as illustrated in Figure A.1. A 1D correction polynomial can be used to convert any

real fisheye into a linear fisheye as the following equation.

θ = longitude = atan2(P.y, P.x)

ϕ = longitude = rϕmax/2

X = sin(ϕ)cos(θ)

Y = sin(ϕ)sin(θ)

Z = cos(ϕ)

(A.1)

ϕ means the field of view of the fisheye lens.

However, most of the fisheye lenses have a non-linear relationship between r and

ϕ. This non-linearity is most noticeable towards the fisheye’s periphery, resulting

in a compression artifact. The data points relating r to latitude are fitted with

a suitable polynomial to correct the non-linear relationship. For the latitude ϕ, a

general function could be

ϕ(r) = a0 + a1r + a1r
2 + ...+ anr

n (A.2)

Because the fisheye is assumed to be radially symmetric, and r = 0 denotes

the fisheye’s center, which corresponds to a latitude of 0, a0 is 0. The highest-

order polynomial with a fourth-order (n=4) is required in practice. Therefore the

polynomial for a least-squares fit as the following equation.

ϕ(r) = a1r + a2r
2 + a3r

3 + a4r
4 (A.3)

A normalized radius r on the fisheye image gives the true latitude ϕ. This equa-

tion is used when mapping individual points from the fisheye image into the 3D

point, and Figure A.2 shows the fitted polynomial of the Entaniya M12 280 fisheye

lens, which is used in our research.
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Figure A.2: Fitted polynomial of the Entaniya M12 280 fisheye lens.

A.2 Deep Neural Networks

A.2.1 Depthwise Separable Convolution

Even though CNN requires fewer parameters and computations than MLP, it is still

not suitable for mobile devices with limited computational capability. In order to ad-

dress this problem, a depthwise separable convolution layer has been proposed [33].

In depthwise separable convolution, two steps are generally applied to extract an ac-

tivation map as illustrated in Figure A.3. The first step is a depth-wise convolution,

and it is performed over each channel of a tensor. The second step is a point-wise

convolution, and it projects the output tensor by the depth-wise convolution onto a

new channel space. For the point-wise convolution, 1×1 kernel is usually used.

Here is an example showing how efficient depthwise-separable convolution is com-

pared to conventional convolution through convolution arithmetic. To extract a sin-

gle activation map from a common convolution layer,KernelSize2×InputChannel×
OutputChannel matrix multiplications are required. In depth-wise separable con-

volution, KernelSize2 × InputChannel matrix multiplications are required for a

depth-wise convolution, and InputChannel × OutputChannel matrix multiplica-

tions are required for a point-wise convolution. Therefore, we can dramatically re-

duce the computation and memory requirements for the convolution operation.
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Figure A.3: Illustration of Depthwise Separable Convolution [122].
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A.2.2 Knowledge Distillation

Figure A.4: Illustration of Knowledge Distillation.

Knowledge distillation is a method for transferring knowledge from a large model

to a smaller model (also called teacher and student, respectively.). Generally, large

models have higher knowledge capacity compared with small models. However, in

most cases, the relationship between the increase in the model parameters and the

increase in performance is not linear. We can assume that the model’s capacity is

not fully utilized in this case.

If we can fully utilize the capacity of the smaller model, higher performance can

be achieved without using the larger model, and the small model can be deployed

on devices with limited computational power, such as mobile devices. In order to

realize this concept, Hinton et al. [62] proposed a knowledge distillation method.

In supervised learning, the hard loss between the model predicted value and

the ground truth is calculated, and an optimizer backpropagates it to the model to

update parameters. In knowledge distillation, in addition to the hard loss, the soft

loss between the model prediction and the larger model’s prediction is calculated

and used for backpropagation. The soft loss for classification is following equation,

qi =
exp(zi/T )∑
j exp(zj/T )

(A.4)

Here qi is a probability value for the i th class among j classes, and T is a param-

eter called temperature. If T is set to 1, it is the same as a standard softmax. Higher

temperature values have the effect of generating a softer distribution of probabilities

among the classes.

For training, the soft loss is fused with the hard loss through the following loss

function.
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LOSS =
∑
x,y∈D

LKD(Ms(x, T ),Mt(x, T )) + λLCE(ŷ, yMs) (A.5)

x and y means an image and a label in dataset D, respectively. LKD is a soft

loss between a teacher model Mt and a student model Ms with temperature T . LCE

indecates a common cross entropy loss function between a prediction of a student

model yMs and a ground truth ŷ, and λ is a blend factor.
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