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Abstract

Metaverse is poised to enter our daily lives as new social media. One positive ap-
plication would be tele-presence that allows users to interact with others through the
photorealistic 3D avatars using AR/VR headsets. Such tele-presence requires high -
delity 3D avatars, depicting ne-grained appearance, e.g., pore, hair, wrinkle on face,
from any viewpoint. Previous works have utilized a system of multiview cameras to
generate the 3D avatars, which enables measuring appearance and 3D geometry of a
subject. Deploying such large camera systems in our daily environment, however, is
often di cult in practice due to the requirement of camera infrastructure with precisely
controlled lighting. In this dissertation, | will develop a computational model that
can reconstruct a 3D human avatar from a single camera whose quality is
equivalent to that from multi-camera system by learning from data.

The main challenge for learning to reconstruct a 3D avatar from a single camera

comes from the lack of 3D ground truth data. A distribution of human geometry
and appearance is extremely diverse, depending on a number of parameters such as
identity, shape (slim vs. fat), pose, apparel style, viewpoint, and illumination. While
a data-driven model requires to learn from the data that can span such diversity, no
such data exists to date. | address this challenge by developing a set of self-supervised
algorithms that allow learning a generalizable visual representation of dynamic humans
to reconstruct a 3D avatar from a single camera; to adapt the 3D avatar to unconstrained
environment; and to render ne-grained appearance of the 3D avatar.
Learning to reconstruct a 3D avatar from a single view image. Large 3D ground
truth data are required to learn a visual representation which describes the geometry
and appearance of dynamic humans. | collect a large corpus of training data from a
number of people using a multi-camera system which allows measuring a human with
minimum occlusion. 107 synchronized HD cameras capture 772 subjects across gender,
ethnicity, age, and garment style with assorted body poses. From the multiview image
streams, | reconstruct 3D mesh models to represent human geometry and appearance
without missing parts. By learning the images and reconstruction results, the Al model
can generate a complete 3D avatar from a single view image.



Learning to adapt the learned 3D avatar to general unconstrained scenes.
The quality of the learned 3D avatar is often degraded when the visual statistics of the
testing data largely deviates from that of the training data, e.g., the lighting in the
controlled lab environment (training) is very di erent from the unconstrained outside
environment (testing). To mitigate such domain mismatch, | introduce a new learning
algorithm that can adapt the learned 3D avatars to unconstrained scenes by enforcing
the spatial and temporal appearance consistency, i.e., the appearance of the generated
3D avatar should be consistent with the one observed from the image of unconstrained
scenes and the one generated from the previous time. Applying these consistency to
a short sequence of testing images makes it possible to re ne the visual representation
without any 3D ground truth data, allowing to generate high- delity 3D avatars from
everywhere.
Learning to render fine-grained appearance of the 3D avatars from diverse
people. High quality geometry is the main requirement for ne-grained appearance
rendering of a 3D avatar. However, the learned visual representation is designed to
reconstruct such geometry only for the limited number of people (e.g., a single subject)
due to the lack of 3D ground truth data, which no longer exists for other subjects out
of training data. | bypass this problem by introducing a pose transfer network that
learns to render ne-grained appearance without high quality geometry. Speci cally,
a pose encoder encodes the pose information from a 3D body model that represents
the coarse surface geometry of general undressed humans, and an appearance decoder
generates the ne-grained appearance (sharp 2D silhouette and detailed local texture)
which is re ective of the encoded body pose for a speci ¢ subject seen from a single
image. We further embed the 3D motion representation to the encoder in a form of
temporal derivatives of 3D body models observed from a video, which allows the decoder
to augment the physical plausibility by rendering the motion-dependent texture, i.e.,
wrinkle and shade on the clothing that are motivated by human movements. Eliminating
the requirement of the high quality geometry brings out strong generalization of the
rendering model to anybody from a single image or video.

In the experiment, | demonstrate that the reconstructed 3D avatar is accurate and
temporally smooth; the learned visual representation is highly generalizable to diverse
scenes and people; and the rendering results of the 3D avatars is photorealistic compared



to previous 3D human modeling and rendering methods. Beyond social tele-presence,
enabling various applications is also possible: | apply the learned human visual rep-
resentation to creating bullet time e ect, image relighting, virtual navigation of a 3D
scene with people, motion transfer and video generation from a still image.
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7.1 Comparison of multi-view and single-view depth estimation. (a) Input images
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yet geometrically correct rendering results. (d) Depth estimation from each sin-
gle image by using existing single-view depth prediction (DSV) method [22].
(e) Novel view synthesis with DSV which produces complete yet geometrically
incorrect results. The overlay with the ground-truth is shown as inset.

7.2 Images of a dynamic scene are used to predict and estimate the depth from single
view (DSV) and the depth from multi-view stereo (DMV). Our depth fusion
network (DFNet) fuses the individual strengths of DSV and DMV (Sec. 7.1.1) to
produce a complete and view-invariant depth by enforcing geometric consistency.
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network re nes the synthesized image (Sec. 7.1.2). . . . . . ... . ... ..

7.3 Depth Fusion Network (DFNet) predicts a complete and view-invariant depth
map by fusing DSV and DMV with the image. DFNet is self-supervised by min-
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consistency with DSV (L), 3D scene ow (Ls), and spatial irregularity ( L¢).

7.4 View synthesis pipeline: Given the warped foreground (FG) and background
(BG) through the depths and masks, we complete the dynamic scene view syn-
thesis using a rendering network called DeepBlender that predicts the missing
region and re nes the artifacts. . . . . . . .. ... . o oL
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7.7 Qualitative comparison on the view synthesis task. The pixel error is shown in
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7.8 The mask detection with small mistakes (left) does not have a signi cant impact
on the view synthesis results. However, if the mask detection is completely
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afterimage (red box). . . . . . . . ..
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8.1 The pose transfer results synthesized by a state-of-the-art method [18] on an
unconstrained real-world scene, where the network is trained on the Deep Fash-
ion dataset [1]. The target body pose is shown in the inset (black). Each
box represents the type of the observed artifacts such as loss of identity (red),
misclassi ed body parts (blue), background mismatch (yellow), and temporal
incoherence (green). . . . . . . . . L e e e e e e e 99

8.2 Overview of our approach. Given an image of a person and a sequence of body
poses, we aim for generating video-realistic human animation. To this end, we
train a compositional pose transfer network that predicts silhouette, garment
labels, and textures with synthetic data (Sec. 8.1.1). In inference phase, we
rst produce a uni ed representation of appearance and garment labels in the
UV maps, which remains constant across di erent poses, and these UV maps
are conditioned on our pose transfer network to generate person images in a

temporally consistent way (Sec. 8.1.6). The generated images are composited

with the inpainted background to produce the animation. . . . . . ... .. 100
8.3 SilNet predicts the silhouette mask in the targetpose.. . . . . . .. ... .. 102
8.4 GarNet predicts the garment labels in the target pose. . . . . . ... .. .. 103
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8.6 We reconstruct the complete UV maps of the garment labels and texturesi.e.,
L and A, in an incremental manner. (Left) We rst initialize these maps by
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Chapter 1

Introduction

Figure 1.1. (Left): For virtual interactions with other people, we use passive 2D video of a
single camera which does not provide an active control of viewpoint of others [5]. (Right): A
specialized capturing equipment such as a number of cameras with precisely controlled lighting
can produce production-level quality of 3D avatars whose geometry and appearance are percep-
tually indistinguishable from the real person, enabling the active viewpoint control of others [6].
This dissertation will bridge the gap between them by introducing a new Al model that can
reconstruct production-level quality of 3D human avatars from a single camera.

Virtual social interactions are becoming deeply integrated into our daily lives, in
particular, under the impact of COVID-19, allowing social distancing yet staying con-
nected. So far, we still rely predominantly on passive 2D videos as a communication
tool as shown in Figure 1.1. This makes a sharp contrast with our physical social in-
teractions occurred in 3D where we actively move our body to see others from di erent
views.



Figure 1.2. Diverse human and scene nature. A distribution of human appearance
is extremely diverse, dependent on a number of parameters such as (a) illumination,
scene, (b) pose, viewpoint, and (c) identity including fashion and hair style, skin color,

facial structure, and body shape.

To enable such real interactions in virtual space, we need production-level quality of
3D avatars whose appearance is perceptually and geometrically indistinguishable from
the real person, which makes it possible to observe others from any viewpoints as we
move. Early works have attempted to reconstruct such 3D avatars by leveraging massive
hardware such as a hundred of multiple cameras with precisely controlled synchroniza-
tion and lighting systems as shown in Figure 1.1. However, deploying such large camera
rigs and expensive control systems into our daily lives is not practical. The goal of
this dissertation is to develop a computational model that can reconstruct a
3D avatar from an image or video of a monocular camera whose quality
is equivalent to that made from a multi-camera system by learning from
data. This single view based 3D avatar reconstruction will be the foundation for nu-
merous real-world applications such as 3D virtual clothing try-on for online shopping,
self-avatar reconstruction for gaming, behavioral monitoring for children and elderly
care, and human-robot interaction for social service system.



Dataset ‘ # of subjects Measurement method ‘ Face ‘ Hand ‘ Body ‘ Cloth ‘
FACS [29] 41 2 cameras (passive stereo) X

FaceWarehouse [30] 150 RGBD Microsoft Kinect X

CMU Multi-PIE [31] 337 15 cameras X

3DMM [32] 200 3D scanner X

4DFAB [33] 180 1 RGBD Kinect camera, 1 stereo (2 cameras), and 1 frontal camera X

BFM [34] 200 3D scanner X

ICL [35] 10,000 3D scanner X

FaceScape [36] 938 68 DSLR cameras X

NYU Hand [37] 2 (81K samples) Depth camera X

HandNet [38] 10 (213K samples) Depth camera and magnetic sensor X

BigHand 2.2M [39] 10 (2.2M samples) Depth camera and magnetic sensor X

RHD [40] 20 (44K samples) N/A (synthesized) X

STB [41] 1 (18K samples) 1 pair of stereo cameras X

FreiHand [42] N/A (33K samples) 8 cameras X

CMU Mocap 100 Marker-based X

CMU Skin Mocap [43] <10 Marker-based X X

INRIA [11] N/A Markerless (34 cameras) X X (natural)
Human EVA [44] 4 Marker-based and Markerless (4-7 cameras) X

Human 3.6M [14] 11 Markerless (depth camera and 4 HD cameras) X

Panoptic Studio [7, 45] 100 Markerless (31 HD and 480 VGA cameras) X X

Dyna [9] 10 Markerless (22 pairs of stereo cameras) X

ClothCap [10] 10 Markerless (22 pairs of stereo cameras) X (synthesized)
BUFF [46] 5 Markerless (22 pairs of stereo cameras) X X (natural)
3DPW [47] 7 Marker-based (17 IMUs) and Markerless (1 camera + 3D scanner) X X (natural)
TNT15 [48] 4 Marker-based (10 IMUs) and Markerless (8 cameras + 3D scanner) X

D-FAUSTI[49] 10 Markerless (22 pairs of stereo cameras) X

HUMBI (ours) ‘ 772 ‘ Markerless (107 HD cameras) ‘ X ‘ X ‘ X ‘ X (natural) ‘

Table 1.1. The summary of existing 3D ground truth datasets for human body ex-
pressions including gaze, face, hand, body, and clothing.

1.1 Challenge: Lack of 3D Ground Truth Data

We have witnessed a remarkable progress on many Al models, e.g., convolutional neural
networks, for various computer vision tasks such as detection [50, 51], recognition [52,
53, 54], and segmentation [55, 56] of which the performance is often driven by the quality
and quantity of the training dataset. The Als of 3D avatars are not exceptional: they
require numerous human visual data to learn. However, collecting the 3D ground truth
data that describe the geometry and appearance of every possible human is very di cult
because its distribution is extremely diverse, depending on a number of parameters such
as identity, shape (slim vs. fat), apparel style, viewpoint, illumination, and pose as
shown in Figure 1.2 where the existing 3D ground truth data sets, e.g., a hundred of
subjects for body and clothing as summarized in Table 1.1, lack such diversity. The Al
models learned from such limited datasets have shown very weak generalizability, e.g.,
3D avatar reconstruction is possible only for a single subject from a speci ¢ scene [57, 58],
whose application to unseen people and scenes produces signi cant visual artifacts such



as unrealistic shape and appearance.

1.2 Our Approach

The lack of 3D ground truth data is the core challenge for data-driven 3D avatar recon-
struction from a single camera as described in Section 1.1. We address this challenge
by introducing a set of self-supervised learning algorithms which enable us to develop a
generalizable visual representation of geometry and appearance of dynamic humans to
reconstruct a 3D avatar from a single camera (Part |); to adapt the learned 3D avatar
to unconstrained scenes (Part I1); and to render ne-grained appearance of 3D avatars
of diverse people (Part Ill). The overview of our representation learning pipeline is
visualized in Figure 1.3.

In Part |, we formulate a scene- and person-speci ¢ visual representation to recon-
struct a 3D avatar from a single camera by learning large amount of 3D ground truth
data. This representation is modeled by a three-step pipeline of capturing, measuring,
and learning of dynamic humans using the system of synchronized multiple cameras.

In Part 1l, we generalize the learned visual representation to unconstrained scenes
with our scene-agnostic domain adaptation framework. In particular, we use the tempo-
ral structure in data from a video of unconstrained scenes as a source of self-supervisory
signal for the adaptation of the learned 3D avatar without any 3D ground truth data.

In Part Ill, we generalize the visual representation to diverse people by developing a
person-agnostic generative neural network that learns to render ne-grained appearance
even from imperfect geometry reconstruction of a person from a single image or video.

1.2.1 Part I: Learning to Reconstruct 3D Avatars from a Single Cam-
era

In this part, our goal is to develop an Al model that can learn a visual representation
of dynamic humans to reconstruct a high delity 3D avatar from a single camera by
learning large amount of 3D ground truth data. To enable such Al model, we utilize a
multi-camera system to capture large amount of images of assorted people from dense
camera viewpoints (Chapter 3); to reconstruct the 3D ground truth data from the
captured images (Chapter 3 and 4); and to train a convolutional neural network that



Figure 1.3. The overview of our representation learning pipeline. The place where the
new part starts is marked in red.
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can infer a 3D avatar from a single image by learning the reconstructed 3D ground truth
data (Chapter 5).

In Chapter 3, we presents a large multiview dataset for human body expressions un-
der natural clothing. 107 synchronized HD cameras are used to capture 772 distinctive
subjects across gender, ethnicity, age, and physical condition, resulting in collecting

100 10° multiview images. From the multiview image streams, we reconstruct
3D mesh models to represent human geometry and appearance without missing parts.
Using these dataset, we formulate a new benchmark challenge of a pose-guided appear-
ance rendering task that aims to substantially extend photorealism in modeling diverse
human expressions in 3D.

In Chapter 4, we introduce a 3D clustering algorithm for semantic segmentation
of 3D point clouds. Given a 3D point underlying human body surface, we build a 3D
semantic map which represents the probability distribution over body parts constructed
by a set of 2D semantic recognition across multiple views. This semantic map is further
augmented in the time domain with local motion priors where the 3D points that belong
to the same body part will undergo similar local rigid transformation. The augmented
semantic map allows the clustering of the 3D point clouds into six body parts (i.e.,
head, torso, and upper-/lower-arms, upper-/lower-legs) in a temporally coherent way,
providing the 3D ground truth data for part-speci c geometry.

In Chapter 5, we develop a novel convolutional neural network that can learn a
visual representation from large 3D ground truth data to infer a 3D avatar from a single
image. To enable this, we newly design a multimodal autoencoder which outputs a
complete 3D surface geometry and appearance from an input 2D image. This single
view reconstructed 3D avatar enables multiview rendering of photorealistic humans.

1.2.2 Part Il: Learning to Adapt the Learned 3D Avatars to General
Unconstrained Scenes

Our visual representation is designed to learn large 3D ground truth data (i.e., images
and 3D reconstruction results) to generate a high delity 3D avatar from a single image.
However, the learned representation often does not perform well when the visual statis-
tics of the input images of testing data highly deviates from that of training data, e.g.,
the lighting of the controlled lab environment (training) is very di erent from that of
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the unconstrained outside environment (testing), leading to generating low quality 3D
avatar with distorted appearance and geometry. To address this domain mismatch, we
introduce a set of self-supervised learning algorithms to adapt the visual representation
to unconstrained general scenes by utilizing the temporal observation from a video, i.e.,
a sequential set of images, where no 3D ground truth data is required.

In Chapter 6, we adapt the visual representation to the scenes under the illumi-
nation changes by enforcing the spatial and temporal appearance consistency. Spatial
consistency is used to re ne the visual representation in a way that minimizes the color
di erences between the appearance of the generated 3D avatars and the one observed
from the images of unconstrained scenes. Temporal consistency is designed to improve
the temporal coherence of the visual representation by minimizing the color di erences
of the 3D avatars generated from the images of consecutive times. Applying these
consistency to a short sequence of testing images brings out high delity 3D avatars
everywhere.

In Chapter 7, we adapt the visual representation to the scenes under the camera
viewpoint changes by enforcing view-invariant 3D motion consistency. Inspired by the
human motion nature, i.e., smooth and slow [59], we formulate the linear relationship
of the 3D body motion seen from di erent camera viewpoints. Under this formulation,
the learned visual representation is constrained to predict the coherent geometry of the
3D avatars from the images of a single moving camera, enabling geometrically plausible
novel view synthesis.

1.2.3 Part Ill: Learning to Render Fine-Grained Appearance of 3D
Avatars of Diverse People

In Part Ill, we study the visual representation for appearance rendering of diverse
people. In particular, we focus on developing a generative rendering model that can
synthesize ne-grained appearance without high quality geometry which is the main
requirement for human rendering in many previous works [60, 61, 62]. Eliminating such
requirement brings out strong generalization of the rendering model to anybody from a
single image.

In Chapter 8, we present a new design of compositional generative networks that
predict the silhouette, garment labels, and texture as a function of a 3D body model
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that describes the coarse surface geometry of general undressed humans. Each modular
network is explicitly dedicated to a subtask that can be learned without ground truth
geometry data. At the inference time, we utilize the trained network to produce a
uni ed map of appearance and its labels in UV coordinates, which remains constant
across body poses. The unied map provides an incomplete yet strong guidance to
generating the appearance in response to the pose changes. Finally, we use the trained
network to complete the ne-grained appearance.

In Chapter 9, we present a compact 3D motion representation by enforcing equivariance|
a representation is expected to be transformed in the way that the pose is transformed.
We model an equivariant encoder that can generate the generalizable representation
from the spatial and temporal derivatives of the 3D body surface. This learned repre-
sentation is decoded by a compositional multi-task decoder that renders high delity
time-varying appearance. Our experiments show that our method can generate a tem-
porally coherent video of dynamic humans for unseen body poses and novel views given
a single view video.

1.3 Validation

In this dissertation, we introduce a set of representation learning algorithms to recon-
struct high delity 3D avatars from a single camera. To validate our pipeline, we perform
extensive evaluation of our method in terms of accuracy, visual quality, generalizability,
temporal stability, and applicability. For accuracy, we perform manual annotation of
2D keypoints and shape mask on the testing images and compare with the ones from the
2D reprojection of the reconstructed 3D avatars. For visual quality, we synthesize the
images of the 3D avatars from a novel viewpoint and compute the perceptual similar-
ity [63] with a real ground truth image. For generalizability, we demonstrate a consistent
performance of our visual representation across scene, viewpoint, and identity changes.
For temporal stability, we measure the temporal smoothness of the reconstructed 3D
avatars over times and its standard deviation with respect to the entire video frames.
For applicability, we show various applications such as cinemagraphs, bullet time e ect,
motion transfer, and relighting.



1.4 Contributions

This thesis introduces fundamentals of an Al based human modeling, adapting, and
rendering technologies to formulate a generalizable visual representation for single view
3D avatar reconstruction. In summary, the contributions of this thesis as follows:

" A large multiview dataset and scalable 3D reconstruction algorithms to collect
large 3D ground truth training data of geometry and view-speci ¢ appearance for
diverse human body expressions.

A novel multimodal autoencoder that can learn large 3D ground truth data to
output a 3D avatar from an input 2D image.

A set of self-supervised algorithms for domain adaptation of the learned 3D avatars
to unconstrained scenes using temporal structure in data from the video of a
monocular camera.

A new generative approach to render ne-grained appearance from coarse surface
geometry of general undressed humans.

A new motion representation that allows to render high delity time-varying ap-
pearance by encoding spatial and temporal derivatives of 3D body models.
1.4.1 Publications

The relevant publication list for this thesis is as follows:

" (Chapter 3) HUMBI: A Large Multiview Dataset of Human Body Expressions [64],
IEEE Computer Vision and Pattern Recognition (CVPR ) 2020.

~ (Chapter 3) HUMBI: A Large Multiview Dataset of Human Body Expressions and
Benchmark Challenge [65], IEEE Transactions on Pattern Analysis and Machine
Intelligence (TPAMI ) 2022.

" (Chapter 4) 3D Semantic Trajectory Reconstruction from 3D Pixel Continuum [66],
IEEE Computer Vision and Pattern Recognition (CVPR ) 2018.



10
(Chapter 5 and 6) Self-Supervised Adaptation of High-Fidelity Face Models for
Monocular Performance Tracking [15], IEEE Computer Vision and Pattern Recog-
nition (CVPR ) 20109.

(Chapter 7) Novel View Synthesis of Dynamic Scenes with Globally Coherent
Depths from a Monocular Camera [67], IEEE Computer Vision and Pattern Recog-
nition ( CVPR ) 2020.

(Chapter 8) Pose-Guided Human Animation from a Single Image in the Wild [68],
IEEE Computer Vision and Pattern Recognition (CVPR ) 2021.

(Chapter 9) Learning Motion-Dependent Appearance for High-Fidelity Render-
ing of Dynamic Humans from a Single Camera [69], IEEE Computer Vision and
Pattern Recognition (CVPR ) 2022.



Chapter 2

Related Work

Early research [6, 17, 9, 60] in graphics and computer vision for 3D human modeling
have mainly focused orhow to reconstruct high delity 3D avatars without restriction of

the sensor measurement, whose geometry and appearance have been becoming indistin-
guishable from a real person. With the advent of deep neural networks [70, 70, 71, 72],
this focus has been progressively shifted intthow to predict such 3D avatars with the re-
striction of the sensor measurement, e.g., a single camera, which can be easily deployed
in our everyday environment.

In this chapter, we review the literature which have introduced the innovations in
3D human modeling and rendering and relate them to our methods. In particular, we
will go through the previous works that attempted various formulations of an Al-based
visual representation for 3D humans and its generalization to diverse scenes and people.

2.1 Learning to Reconstruct 3D Avatar

An Al model requires large amount of 3D ground truth data to learn. In this section,
we review existing works for capturing, measuring, and learning of dynamic humans to
develop a data-driven visual representation which allows to predict 3D avatars from a
single image.

11
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2.1.1 Capturing Human Visual Dataset

Multiple camera infrastructure have been employed to capture large amount of human
visual dataset. Some works utilized RGBD cameras, e.g., Microsoft Kinect, to produce
high delity geometry with pore-level details [30, 33, 33, 73, 74, 30]. An infrared pro-
jector from the depth sensor physically measures the distance between the camera and
human body surface, while RGB cameras capture the associated appearance (color and
texture). However, the constructed geometry is largely incomplete due to the signi cant
self-occlusion seen from a single sensor where the use of multiple depth sensors is highly
limited by the interference between them.

A multi-camera system, i.e., a number of RGB cameras with synchronization sys-
tems, is a viable solution to overcome the challenges from a single camera that includes
self-occlusion. Many existing works [29, 75, 36, 7, 14, 44, 49, 9, 42, 7, 29] have leveraged
this system to capture human body expressions at high resolution with minimum self-
occlusion. Given the multiview image streams, a complete 3D ground truth data can be
obtained using a 3D reconstruction algorithm. For example, multiview stereo [76, 21]
reconstructs the detailed surface geometry of human by performing per-pixel depth es-
timation from each view and unifying entire views in the coherent 3D space. Applying
such reconstruction algorithms over time enables capturing the natural 3D clothing de-
formation in response to human body movements [77, 78, 10]. Notably, a multi-camera
system has been used for 3D bootstrapping [45, 79] to annotate the 2D hand keypoints
that are coherent to multiview images. Such large system is normally deployed in the
xed laboratory environment, limiting the diversity of the human visual dataset.

To capture diverse dataset from unconstrained environment, some existing works [80,
81, 82] have made an attempt to t a computational 3D body model to a single image.
For example, SMPL body model [17] is tted to a single image based on the 2D anno-
tation of body silhouette, keypoints, and parts segmentation [82]. Zhu et al. [81] tted
3DMM [32] face model to 60K samples of human face images from several face alignment
datasets [75, 83, 84, 85, 86]. Hampali et al. [80] introduced a large 3D hand dataset
by tting MANO [87] hand model to video sequences of double-handed object inter-
action. Notably, manually annotated image-to-surface correspondences on 50K COCO
images [88] enabled a data-driven model that can detect human body surface from a
single view image [82] without 3D body model tting.
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The diversity of the human visual dataset can be further augmented by synthetic
data. In particular, graphics simulation produces numerous synthetic data by controlling
various physical properties such as body shape, pose, lighting, background, appearance,
garment style, and viewpoints. For instance, recent works [89, 2] simulate textured 3D
body model [17] using pre-recorded motion archive [90, 91] and synthesize the 2D images
by projecting the 3D model to virtual camera viewpoints under novel lighting condition
and background scenes. Similar to this, generating synthetic hand dataset also follows
the two-step pipeline of simulating the textured 3D hand model [87] and synthesizing
the 2D images of the 3D hand model [92, 93, 94, 95].

Unlike existing datasets focusing on each body expression, our human visual dataset
is designed to span appearance of total body expressions of face, body, hand, and
clothing from a number of distinctive subjects using a dense camera array. Our mega-
scale multiview visual data provide a new opportunity to develop a generalizable visual
representation for pose- and view-speci ¢ appearance.

2.1.2 Measuring 3D Human Behavior

The pixels in a video can be tracked to form long term trajectories which are encoding
the consistent semantic meaning across the time. We leverage such trajectory basis
to measure human behavior in 3D, producing 3D ground truth data for part-specic
geometry. We review existing works for 2D trajectory reconstruction and its extension
to 3D.

2D Trajectory Reconstruction. As many objects are roughly rigid and move in-
dependently, motion provides a strong discriminative cue to group pixels and recognize
occluding boundary, precisely. A core challenge of motion segmentation lies in frag-
mented nature of trajectories caused by tracking failure (occlusion, drifting, and motion
blur). Embedding trajectories into low dimensional space has been used to robustly
measure trajectory distance in the presence of missing data without pre-trained mod-
els [96, 97, 98, 99], and 2D trajectories can be decomposed into 3D camera motion and
deformable object models [100, 101, 102]. Visual semantics learned by object recognition
frameworks provides stronger cues to cluster trajectories [103, 104, 105].
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3D Trajectory Reconstruction. Due to dimensional loss in the process of 2D pro-
jection, reconstructing 3D motion from a monocular camera is an ill-posed problem in
general, i.e., the number of variables (3D motion parameters) is greater than the number
equations (projections). However, when an object undergoes constrained deformation
such as face, its 3D shape can be recovered by enforcing spatial regularity, e.g., shape
basis [106, 107, 108, 109], template [110], and mesh [111]. A key challenge of this
approach is to learn a shape prior that can express general deformation, often requiring
an instance speci c pre-trained model, or inherent rank minimization where the global
solution is dicult to be achieved [112, 113]. A trajectory based representation di-
rectly addresses this challenge. Motion is described by a set of trajectory stream where
generic temporal regularity is applied through DCT trajectory basis [114, 115], polyno-
mial basis [116, 117], and linear dynamical model [118]. A spatiotemporal constraint
can further reduce dimensionality, resulting in robust 3D reconstruction [100, 119, 120].
When multiple view images are used, it is possible to represent general motion with
topological change without any spatial and temporal prior [121, 122].

Unlike 2D trajectories, semantic labeling of 3D trajectories is largely under-studied
research area. Notably, Yan and Pollefeys [109] presented a trajectory clustering algo-
rithm based on articulated body structure, i.e., an object is composed of a kinematic
chain of rigid bodies where the articulated joint and its rotational axis lie in the inter-
section of two shape subspaces. Later, image segmentation cues have been incorporated
to recognize a scene topology, i.e., pre-clustering object instances, to reconstruct dy-
namics scenes from videos in the wild [123, 124, 125]. Note that none of these work
has addressed semantics. The work by Joo et al. [122] is closest to our approach where
the trajectory clustering is based on 3D rigid transformation of human anatomical key-
points. Our method is not limited to human bodies, which enables modeling general
human interactions with scenes, objects, and other people.

2.1.3 Representation Learning for Single View 3D Human Prediction

Our representation learning lies in the intersection between high delity appearance
modeling and 3D model reconstruction from a monocular camera, which will be brie 'y
reviewed in this section.
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3D Face Modeling and Single View Reconstruction. Faces have underlying
spatial structural patterns where low dimensional embedding can e ciently and com-
pactly represent diverse facial con gurations, shapes, and textures. Active Shape Mod-
els (ASMs) [126] have shown strong expressibility and exibility to describe a variety of
facial con gurations by leveraging a set of facial landmarks. However, the nature of the
sparse landmark dependency limits the reconstruction accuracy that is fundamentally
bounded by the landmark localization. AAMs [127] address the limitation by exploiting
the photometric measure using both shape and texture, resulting in compelling face
tracking. Individual faces are combined into a single 3DMM [128] by computing dense
correspondences based on optical ow in conjunction with the shape and texture priors
in a linear subspace. Large-scale face scans (more than 10,000 people) from diverse
population enables modeling of accurate distributions of faces [35, 129]. With the aid
of multi-camera systems and deep neural networks, the limitation of the linear models
can be overcome using Deep Appearance Models (DAMSs) [60] that predicts high quality
geometry and texture. Its latent representation is learned by a conditional variational
autoencoder [130] that encodes view-dependent appearance from di erent viewpoints.
Our approach eliminates the multi-camera requirement of the DAMs by adapting the
networks to a video from a monocular camera.

The main bene t of the compact representation of 3D face modeling is that it allows
estimating the face shape, appearance, and illumination parameters from a single view
image. For instance, the latent representation of the 3DMMs can be recovered by
jointly optimizing pixel intensity, edges and illumination (approximated by spherical
harmonics) [131]. The recovered 3DMMs can be further re ned to t to a target face
using a collection of photos [132] or depth based camera [133]. [134] leveraged expert
designed rendering layers which model face shape, expression, and illumination and
utilized inverse rendering to estimate a set of compact parameters which renders a face
that best ts the input. This is often an simpli cation and cannot model all situations.

In contrast, our method does not make any explicit assumptions on the lighting of the
scene, and thus achieves more exibility to di erent environments.

Other methods include [135, 136], which used cascaded CNNs which densely align
the 3DMM with a 2D face in an iterative way based on facial landmarks. The geometry
of a 3D face is regressed in a coarse-to- ne manner [137], and asymmetric loss enforces
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the network to regress the identity consistent 3D face [138]. [139] utilizes jointly learned
geometry and re ectance correctives to t in-the-wild faces. [140] trained UV regression
maps which jointly align with the 3DMM to directly reconstruct a 3D face.

Single View 3D Body and Clothing Reconstruction. Inspired by Johansson's
point light display experiment [141], the spatial relationship of the human body has been
actively studied to recover 3D humans [106, 142, 143]. For instance, diverse body poses
and shapes can be modeled by a linear combination of blend shape basis [17]. Such
models have been combined with body landmark recognition approaches using deep
learning [144, 145, 146, 147], allowing an end-to-end 3D body model reconstruction
from an image. To express diverse body poses originated from nonlinear articulated
motion, various spatial biological constraints have been explored such as limb length
constraint [119, 148], activity-speci ¢ pose [149], and a physical constraint (e.g., joint
force and torque) [150, 151]. Recently, a large volume of literature has shown that the
nonlinear manifold of human pose space can be e ectively approximated by training
data [152, 153, 154, 82, 89], which enables reasoning about a complete human body
pose and shape from a single image.

Unlike the face and body, clothes reconstruction from a single image is particularly
di cult because there is no o -the-shelf model that can represent their deformation.
Further, the geometry is commonly very complex, e.g., having wrinkles, and recov-
ering such details requires high resolution 3D measurements such as a multi-camera
system [10, 155] or depth camera [156, 157]. RGBD imaging provides an opportunity
to measure high resolution cloth at the wrinkle level [158, 156, 157, 159, 160]. Clothes
reconstruction from a single RGB image has been studied in the context of nonrigid
structure-from-motion [100, 161, 162, 156] with an assumption that the cloth deforma-
tion lies in a latent subspace where shape basis models can be learned online. However,
such approaches model the cloth deformation in isolation where the physical interactions
with the body surfaces are not taken into account. Clothes shape under such physical
interactions can be reconstructed across di erent body shapes and poses [10, 163, 164]
based on cloth-to-body 3D correspondences or manual deformation of a 2D image [165].
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2.2 Learning to Adapt Visual Representation to General

Unconstrained Scenes

For the widespread use of Al models, their learned visual representation should be

generalizable and adaptive to diverse scenes. In this section, we study existing methods
for the domain adaptation of human visual representation to unconstrained scenes and

scene-agnostic representation learning.

2.2.1 Domain Adaptation of High Fidelity 3D Face Models

Human face is highly structured, e.g., symmetry, which provides various supervisory cues
to generalize the learned priors. For example, the facial appearance should be consistent
across the images from multiple viewpoints (multiview consistency), and to satisfy this, a
neural network is required to learns to predict accurate 3D facial geometry of an unseen
person by leveraging videos that captured facial performance [166]. Such multiview
consistency can adapt a regression network that predicts low dimensional parameters
(basis) of the 3D face model, reconstructing photo-realistic 3D facial geometry that
is highly re ective of the real person from a single image [167]. Even a single face
image can be a training source to re ne the face priors: geometry, skin re ectance, and
illumination can be jointly optimized by projecting the 3D model to a single image

to match the visual statistics of the inferred 3D model with the real person [134, 139].
Chen et al. [168] adapts the face priors to a new environment in a self-supervised manner
by enforcing appearance consistency between the 3D model and real person from the
coherent UV coordinates that are invariant to the facial deformation. Our method
extends this UV map based adaptation to the time domain (consecutive frames) for
temporally stable face rendering of diverse people.

2.2.2 Scene-Agnostic Single View Depth Prediction

Single view depth estimation is highly ill-posed problem due to signi cant ambiguity,

i.e., any 3D points on the camera ray can be a solution of the depth. Such ambiguity
have been relaxed by formulating data-driven priors using massive amount of real-world
data (the ground-truth pair of an image and associated depth map) [22, 169, 170]
where a CNN model learns to predict the depth map by referring to the monocular
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cues such as shading, vanishing points and occlusion. However, such cues are not
consistent across the camera views and scenes. To adapt the depth prediction model
to a novel scene and viewpoint without any labeled data, some works [171, 172, 173]
utilized stereo images to enforce the left-right consistency with known camera motion,
which are not viable solution in the single camera application. Humans are a special
case of spatial constraints, which allow markerless motion capture from a monocular
camera [174, 175, 176]. Tan et al. [177] leveraged such spatial constraints in a self-
supervised learning framework to re ne the human depth estimation across the video
frames. While this method generalizes the depth estimation model using a single camera,
it only consider the foreground parts such that the rendered human images cannot be
naturally blended with background scenes. Unlike the explicit spatial priors, our work
makes use of general geometric priors and motion constraint to reconstruct a complete
and view-invariant geometry of human dynamic scenes, which allows us to generate
geometrically plausible view synthesis results.

2.3 Learning to Render Fine-Grained Appearance with
Generative Models

While high quality geometry is the main requirement for ne-grained appearance ren-
dering of a 3D avatar, it is often not available due to the lack of 3D ground truth data.
Many previous works bypass this problem by combining existing rendering frameworks
with a generative model such as generative adversarial networks (GAN) [178] which
allows synthesizing photorealistic local textures without high quality geometry. In this
section, we review the literature for appearance rendering with a generative model and
its application to synthesizing pose-guided human animation.

Generative Human Pose Transfer. Pose transfer refers to the problem of synthe-
sizing human images with a novel user-de ned pose. The conditioning pose is often cap-
tured by 2D keypoints [179, 180, 181, 182, 183, 184] or parametric mesh [3, 185, 186, 18].
Many recent works also use Densepose [187] which is the projection of SMPL model with
UV parameterization in the image coordinates, as conditioning input. This enables di-
rect warping of pixels of the input image to the spatial locations at the output with
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target pose [185, 186, 18]. While the aforementioned methods produce photo-realistic
results within the same dataset, they often exhibit serious artifacts on in-the-wild scenes,
such as pixel blending around the boundaries between the di erent garment types.

To address these limitations, some recent methods use garment segmentation map,
i.e., alabel image where each pixel belongs to a semantic category such as clothing, face,
and arm, as input to a neural network [188, 189, 190, 191]. [192] condition garment
type, whereas [193] handles each garment parts in di erent transformation layers to
preserve the clothing style in the generated image. However, these works still do not
generalize to new appearances and unseen scenes.

Some new methods explicitly handle appearance in the occluded areas by matching
their style to the visible regions. [194] transforms the features of the input image to a
target body pose with bidirectional implicit a ne transformation. [195, 196] learn pixel-
wise appearance ow in an unsupervised way based on the photometric consistency.
[195] establishes direct supervision by tting a body model to the images. However,
the predicted warping elds is often unstructured, resulting in artifacts such as shape
distortion.

Pose-Guided Video Generation. Since the methods for pose transfer are designed
to output a single image, their application to a sequence of poses to perform pose
guided video generation can exhibit temporal inconsistency. To mitigate this problem,
many methods enforce explicit temporal constraints in their algorithm. [26] predicts
the person image in two consecutive frames. [197] conditions the temporally coherent
semantics on a generative adverserial network. Recent video generation approaches have
leveraged the optical ow prediction [198], local a ne transformation [199], body parts
transformation [200], and future frame prediction [201, 202] to enforce the temporal
smoothness. [203] learns to predict a dynamic texture map that allows rendering phys-
ical e ects, e.g., pose-dependent clothing deformation, to enhance the visual realism on
the generated person. Unfortunately, the above methods are either person-specic or
requiring the ne-tuning on unseen subjects for the best performance. While few-shot
video generation [204] addressed this generalization problem, it still requires ne-tuning
on the testing scene to achieve full performance. In contrast, our method works with a
single conditioning image in the wild and performs pose guided video synthesis without
any ne-tuning.
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Neural Rendering. As human appearances are modulated by their poses, it is pos-
sible to generate the high delity appearance by using a parametric 3D body model,
e.g., deformable template models [17]. For example, SMPLpix [205] learned a constant
appearance of a person by mapping from per-vertex RGB colors de ned on the SMPL
body to synthesized images. Textured neural avatars [206] learned a person-specic
texture map by projecting the image features to a body surface coordinate (invariant to
poses) to model human appearances. These approaches, however, are limited to statics,
i.e., the generated appearance is completely blind to pose and motion.

To model pose-dependent appearances, Liu et al. [207] implicitly learned the texture
variation over poses, which allowed them to re ne the initial appearance obtained from
texture map through a template model. On the other hand, Raj et al. [208] explicitly
learned pose-dependent neural textures. To further enhance the quality of rendering,
person-speci ¢ template models [209] were used by incorporating additional meshes
representing the garments [210]. However, none of these approaches are capable of
modeling the time-varying secondary motion. Habermann et al. [62] utilized a motion
cue to model the motion-dependent appearances while requiring a pre-learned person-
speci ¢ 3D template model. Zhang et al. [211] proposed a nheural rendering approach
to synthesize the dynamic appearance of loose garments assuming a coarse 3D garment
proxy is provided. In contrast, our method uses the 3D body prior to model the dynamic
appearance of both tight and loose garments.

To model pose-dependent appearances, Liu et al. [207] implicitly learned the texture
variation over poses, which allowed them to re ne the initial appearance obtained from
texture map through a template model. On the other hand, Raj et al. [208] explicitly
learned pose-dependent neural textures. To further enhance the quality of rendering,
person-speci ¢ template models [209] were used by incorporating additional meshes
representing the garments [210]. However, none of these approaches are capable of
modeling the time-varying secondary motion. Habermann et al. [62] utilized a motion
cue to model the motion-dependent appearances while requiring a pre-learned person-
speci ¢ 3D template model. Zhang et al. [211] proposed a neural rendering approach
to synthesize the dynamic appearance of loose garments assuming a coarse 3D garment
proxy is provided. In contrast, our method uses the 3D body prior to model the dynamic
appearance of both tight and loose garments.
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The requirement of the parametric model can be relaxed by leveraging exible neural
rendering elds. For instance, neural volumetric representations [212] have been used
to model general dynamic scenes [213, 214, 215, 216, 217] and humans [218, 219] using
deformation elds. Nonetheless, the range of generated motion is still limited. Recent
methods learned the appearance of a person in the canonical space of the coarse 3D
body template and employ skinning and volume rendering approaches to synthesize
images [220, 221, 222]. Liu et al. [223] extended such approaches by introducing pose-
dependent texture maps to model pose-dependent appearance. Modeling time-varying
appearance induced by the secondary motion with such volumetric approaches is still
the uncharted area of study.

Generative Human Image Synthesis. Generative adversarial learning enforces a
generator to synthesize photorealistic images that are almost indistinguishable from the
real images. For example, image-to-image translation can synthesize pose-conditioned
appearance of a person by using various pose representations such as 2D keypoints [179,
182, 183, 181, 199, 224, 196], semantic labels [188, 189, 190, 193, 197, 195, 225], or dense
surface coordinate parametrizations [186, 226, 18, 227]. Despite remarkable delity,
these were built upon the 2D synthesis of static images at every frame, in general,
failing to generate physically plausible secondary motion. To address this challenge,
several works have utilized temporal cues either in training time [26] to enable tempo-
rally smooth results or as input signals [198, 204] to model motion-dependent appear-
ances. Kappel et al. [28] modeled the pose-dependent appearances of loose garments
conditioned on 2D keypoints by learning temporal coherence using a recurrent network.
However, due to the nature of 2D pose representations, the physicality of the generated
motion is limited, e.g., our experiments show that the method works well mostly for
planar motions but is limited in expressing 3D rotations. Wang et al. [4] is the closest to
our work, which maps a sequence of dense surface parameterization to motion features
that are used to synthesize dynamic appearances using StyleGAN [228]. In contrast,
our method is built on a new 3D motion representation which shows superior discrimi-
native power, consistently outperforming [4] in terms of generalizing to unseen poses as
demonstrated in our experiments.
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Chapter 3

Multiview Human Visual Dataset

Humans possess a quintessential sensitivity to e ortlessly read invisible internal states
of others, e.g., intent, emotion, and attention, through every nuance of their body
expressions, including gaze, face, and gestures. It is impossible, therefore, to enable
authentic social presence in a virtual space without conveying photorealistic models
of such body expressions. This is, however, extremely challenging because it requires
decoding complex physical interactions between texture, geometry, illumination, and
viewpoint (e.g., translucent skins, tiny wrinkles, and re ective fabric) from an image

of a subject.

Recently, pose- and view-speci ¢ models by making use of a copious capacity of
neural encoding [60, 229] substantially extend the expressibility of existing linear mod-
els [127]. So far, these models have been constructed by a sequence of the detailed
scans of a target subject using dedicated camera infrastructureg(g.., multi-camera sys-
tems [121, 230, 231])j.e., they are subject-speci ¢ which is not generalizable to other
subjects. Looking ahead, we would expect a new versatile model that is applicable to
the general appearance of assorted people by eliminating the requirement of the massive
scans for every target subject.

Among many factors, what are the core resources to build such a generalizable
model? We argue that the data that can span an extensive range of appearances from
numerous shapes and identities are prerequisites. To validate our conjecture, we present
a new dataset of human body expressions calleddUMBI (HUman Multiview Behavioral
Imaging) that pushes to two extremes: views and subjects. As shown in Figure 3.1,

23
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Figure 3.1. We present HUMBI that pushes towards two extremes: views and subjects.

Comparing to existing datasets such as CMU Panoptic Studio [7, 8], MPII [9, 10], and

INRIA [11], HUMBI presents the unprecedented scale visual data measured by 107
HD cameras that can be used to learn the detailed appearance and geometry of ve
elementary human body expressions for 772 distinctive subjects.

HUMBI is composed of 772 distinctive subjects with natural clothing across diverse
age, gender, ethnicity, and style captured by 107 HD synchronized cameras (68 cameras
facing at frontal body). This poses unprecedented diversity of visual data that are ideal
for modeling generalizable geometry and appearance, which is not presented in existing
datasets including CMU [7, 8] and MPII [9, 10] as shown in Figure 3.1.

Owing to these properties, HUMBI is an ideal dataset to evaluate the ability of mod-
eling human appearance and geometry as shown in Figure 3.2. To measure such ability,
we formulate a novel benchmark challenge on a pose-guided appearance rendering task:
given a single view image of a person, render the person appearance from other views
and poses. HUMBI o ers the ground truth of this challenging task where the perfor-
mance of the approaches can be precisely characterized. We validate the feasibility of the
benchmark challenge using the state-of-the-art rendering methods [179, 181, 184, 196].

3.1 Multi-Camera Imaging System

We design a re-con gurable multi-camera system that was deployed in public events
including Minnesota State Fair and James Ford Bell Museum of Natural History at the
University of Minnesota.
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Figure 3.2. The existing datasets (Deepfashion [1] and Market-1501 [12]) are designed for the
task of person re-identi cation and fashion retrieval, which includes the images captured from
limited viewpoints. On the other hand, HUMBI provides images captured from dense camera
array, which is ideal to develop and evaluate a human rendering model. The body surface
visibility for each dataset is visualized [13]. The colormap describes the number of cameras
visible at each pixel.

Hardware The stage is made of a re-con gurable dodecagon frame with 4.2 m diameter
and 2.5 m height using T-slot structural framing (80/20 Inc.) where the baseline between
adjacent cameras is approximately 10 (22 cm) as shown in Figure 3.3. The stage is
encircled by 107 GoPro HD cameras (38 HERO 5 BLACK Edition and 69 HERO 3+
Silver Edition), one LED display for an instructional video, eight LED displays for
video synchronization, and additional lightings. Among 107 cameras, 69 cameras are
uniformly placed along the two levels of the dodecagon arc (0.8 m and 1.6 m) for body
and clothing, and 38 cameras are place over the frontal hemisphere for face and gaze.
Instructional Performance Guidance To guide the movements of the participants,
we create four instructional videos ( 2.5 minutes). Each video is composed of four
sessions. (1) Gaze: subjects were asked to nd and look at the requested number
tag posted on the camera stage; (2) Face: subjects were asked to follow 20 distinctive
dynamic facial expressions €.g., eye rolling, frowning, and jaw opening); (3) Hand:
subjects were asked to follow a series of American sign languages.d., counting one
to ten, greeting, and daily used words); (4) Body and garment: subjects were asked to
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Figure 3.3. Re-con gurable dodecagon design and its dimension of the multi-camera
system.

follow range of motion, which allows them to move their full body and to follow slow
and full speed dance performances curated by a professional choreographer.
Synchronization and Calibration We manually synchronize 107 cameras using LED
displays. The maximum synchronization error is up to 15 ms. We use the COLMAP [76]
software to calibrate camera intrinsics and extrinsics parameters and upgrade the ex-
trinsic parameters to a metric space: the scale is corrected using physical distance
between cameras, the origin is translated to the center of the stage, and the orientation
is mapped such that its y-axis is aligned with the surface normal of the ground plane.

3.2 HUMBI

HUMBI is composed of 772 distinctive subjects, where each subject includes ve el-
ementary body expressions: gaze, face, hand, body, and garment. Notable subject
statistics includes: evenly distributed gender (50.7% female; 49.3% male); a wide range
of age groups (26% of teenagers, 29% of 20s, and 11% of 30s); diverse skin colors (black,
dark brown, light brown, and white); various styles of clothing (dress, short-/long-sleeve
t-shirt, jacket, hat, and short-/long-pants) as shown in Figure 3.4.

Notation We denote our representation of human body expressions as follows:

3D keypoints: K.
3D vertices: V.

3D occupancy map:O : R3 ! f 0;1g that takes as input 3D voxel coordinate and
outputs binary occupancy.
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Figure 3.4. (Top and bottom) HUMBI includes 772 distinctive subjects across gender,
ethnicity, age, clothing style, and physical condition, which generates diverse appearance
of human expressions. (Middle) For each subject, 107 HD cameras capture her/his
expressions including gaze, face, hand, body, and garment.

Appearance map:A : R2! [0; 1] that takes as input atlas coordinate (UV) and
outputs normalized RGB values.

3.2.1 Body

HUMBI Body contains 26M images (315 frames 107 views per subject). We present
body geometry using a 3D linear blend shape model [17] with 4,129 vertices and 7,999
faces without hand and head parts:

V(3 )=WN+T(; )K() W), (3.1)

where V 2 R2® P is the vertices of the posed 3D body D = 4;129), and W is the
skinning function [17] that takes the mean body shape in the rest pos&/, pose and
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Figure 3.5. Body and clothing reconstruction results.

shape blending shapesl', 3D keypoints K, and blending weights W. This skinning
function is parameterized by the shape 2 RC and pose coe cients 2 R?* 3 with
axis-angle representation, where ; 2 R! 2 represents the root orientation and others
the relative angles with respect to the root joint.

We reconstruct the body model by minimizing the following cost:

E(; ;t;s)= EP+ SE®+ 'E'; (3.2)

where S and ' control the importance of each measurement, and 2 R3® and s 2 R*
represent the global translation and scale, respectively.

Given the correspondences between the reconstructed keypoints €., Kyoqy in Fig-
ure 3.5) and the body mesh, we recover the posed body model by minimizing the
keypoints error:

X 2
EP(; ;t;s)= kKi Vik“: (3.3)
[
We recover the shape of the body model by aligning the model to the surface of the
3D reconstruction (i.e., @nogy in Figure 3.5). We use Chamfer distance to measure

their alignment:

ESC 5 5 t;8) = dehamfer(@D;V); (3.4)
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Figure 3.6. We reconstruct the body occupancy map and its outer surface using
shape-from-silhouette and associate the point cloud with body semantics (head, body,
arms, and legs).

where dchamfer measures Chamfer distance between two sets of point cloud@ 2 R3 N
is a set of the 3D points on the outer surface of the occupancy map, an is the number
of the 3D points. We use Shape-from-silhouetté [232] to reconstruct the occupancy
map O with human body parts segmentation [233]. As a by-product, the semantics
(i.e., head, torso, upper arm, lower arm, upper leg, and lower leg) can be labeled at
each location in the occupancy map by associating with the projected body label [66]
as shown in Figure 3.6.

E" penalizes the di erence between the estimated shape and the subject-specic
mean shape P as follows:

Er( : prior)= prior 2: (3.5)

This prevents unrealistic shape tting due to the estimation noise/error, e.g.., erroneous
surface reconstruction of the body parts due to the occlusion by hands. To obtain the
shape prior P we solve the Eq. (3.2) without E" and take the median over time.

IMultiView stereo reconstruction [76] is complementary to the shape-from-silhouette.
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Figure 3.7. The view-speci c body appearance rendered from multiview images with
its median and variance.

Given the reconstructed body mesh model, we construct a view-speci c appearance
map A (1024 1024 pixels) by projecting the pixels in an image onto the canonical
atlas coordinate. Figure 3.7 illustrates view-speci c appearance across views with its
median and variance of appearance. The variance map shows that the appearance is
dependent on viewpoints.

To reconstruct 3D Body Keypoint (Kpoay 2 R® 2°), we detect 2D keypoints of body
(including feet) [25] given a set of synchronized and undistorted multiview images.
Using these keypoints, we triangulate 3D keypoints with RANSAC [234] followed by
the non-linear re nement by minimizing reprojection error [235]2.

3.2.2 Garment

Similar to HUMBI Body, HUMBI Garment includes 26M images. Given the body
reconstruction, we represent the garment geometry using an in-house garment mesh

2When multiple persons are detected, we use a geometric veri cation to identify each subject.
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modef V 2 R3 P, where D is the number of 3D points. Unlike parametric models
used in face, hand, and body, there exists no shape model that can express diverse
topology, style, and type of garments. Instead, we represent the dynamic garment
shape with per-vertex 3D warping elds [236] that map the garment mesh vertices at
the rest poseV to the deformed garment:

Vi=RiVj+tj; (3.6)

where Rj;t;) 2 SE(3) is the 6D transformation. We optimize this warping eld by
minimizing the following objective:

E(R;t)= EC+ °E°+ 'E'; (3.7)

where °and ' are weight parameters.

We prede ne a set of ducial correspondences between the garment and body meshes,
which are the control points to deform the garment mesh. E¢ measures the correspon-
dence error:

X
ESR;t)= kPP b2 (3.8)
|
where 9 and VP are the corresponding vertices between the garment and body model,
respectively.

E° measures Chamfer distance to align the garment mesh model with the 3D points
on the outer surface of the occupancy map@ 2 R® N where N is the number of the
correspondences:

E°(R;t) = dchamfer(@D;V): (3.9)

E' is a spatial regularization based on Laplacian mesh deformation [237] that en-
forces as-rigid-as-possible deformation by penalizing a non-smooth and non-rigid vertex
with respect to its neighboring vertices:

E'(R;t)=r 2V: (3.10)

3A similar approach was used to reconstruct garment from 4D scanner [10].
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raining H36M MI3D
H36M | MI3D HUMBI

Testing +HUMBI +HUMBI

H36M 0.562 | 0.362 0.434 0.551 0.437

MI3D 0.317 | 0.377 0.354 0.375 0.425

HUMBI 0.248 | 0.267 0.409 0.372 0.377

Average H 0.376 ‘ 0.335 ‘ 0.399 ‘ 0.433 0.413

Table 3.1. The cross-data evaluation of 3D body keypoint prediction. AUC of PCK
is used for a metric over an error range of 0-150 mm.

We use three garment topologies,i.e., tops: sleeveless shirts (3,763 vertices and
7,261 faces), T-shirts (6,533 vertices, 13,074 faces), and long-sleeve shirts (8,269 vertices
and 16,374 faces), and bottoms: short (3,975 vertices and 7,842 faces), medium (5,872
vertices and 11,618 faces), and long pants (11,238 vertices and 22,342 meshes), which
are manually matched to each subject.

3.3 Validation

We evaluate HUMBI in terms of generalizability and accuracy. For generalizability, we
conduct the cross-data evaluation on the tasks of single view human reconstruction,
e.g., monocular 3D face mesh prediction. For accuracy, we measure the silhouette
similarity between the human annotation and the reprojection of the reconstructed 3D
model.

3.3.1 Body

Baseline Dataset = We use four baseline datasets: (1) Human3.6M [14] contains nu-
merous 3D human poses of 11 actors/actresses measured by motion capture system with
corresponding images from 4 cameras. (2) MPI-INF-3DHP [238] is a 3D human pose
estimation dataset which is composed of images with 2D and 3D pose labels captured
in both indoor and outdoor scenes. We use its test set containing 2,929 valid images
from 6 subjects. (3) UP-3D [82] is a 3D body mesh dataset including 9K images with
3D body meshes. We use Human3.6M and MPI-INF-3DHP for body pose evaluation
and UP-3D for body mesh evaluation.
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Figure 3.8. The comparison of the dataset distribution between Human3.6M
(H36M) [14] and HUMBI Body. (a) The distribution of the 3D poses per subjectin
each dataset. We visualize the rst and second principal components of the normalized
3D poses where each joint is represented by unit vectors. (b) The number of subjects
in each dataset. (c) The number of camera viewpoints in each dataset.

Monocular 3D Body Pose Prediction We conduct a cross-data evaluation for the
task of estimating 3D human pose from a single view image. We use the 3D body
pose detector [239] as a base network. We train the model on each dataset alone as
well as a mix of HUMBI Body and each of the other two datasets. We evaluate the
resulting models on each of those 3 datasets. We use 2D landmark labels from MPII
dataset [240] as a weak supervision similar to the training scheme of [239]. The results
are summarized in Table 3.1. We use the area under PCK curve (AUC) in an error range
of 0-150 mm as the metric. HUMBI shows superior performance on predicting 3D body
pose comparing to Human3.6M and MPI-INF-3DHP with a margin of 0.023 and 0.064
AUC. Moreover, HUMBI is complementary to each dataset, i.e., the performance of
the model trained by another dataset is increased (by a margin of 0.057 and 0.078
AUC, respectively. We further demonstrate the complementary nature of HUMBI by
comparing the pose distribution of HUMBI and Human3.6M (H36M) [14] as shown
in Figure 3.8. H36M provides assorted 3D poses per subject, e.g., HUMBI does not
include sitting poses, while HUMBI provides the appearance of diverse subjects seen
from a number of viewpoints.



	Acknowledgements
	Abstract
	List of Tables
	List of Figures
	Introduction
	Challenge: Lack of 3D Ground Truth Data
	Our Approach
	Part I: Learning to Reconstruct 3D Avatars from a Single Camera
	Part II: Learning to Adapt the Learned 3D Avatars to General Unconstrained Scenes
	Part III: Learning to Render Fine-Grained Appearance of 3D Avatars of Diverse People

	Validation
	Contributions
	Publications


	Related Work
	Learning to Reconstruct 3D Avatar
	Capturing Human Visual Dataset
	Measuring 3D Human Behavior
	Representation Learning for Single View 3D Human Prediction

	Learning to Adapt Visual Representation to General Unconstrained Scenes
	Domain Adaptation of High Fidelity 3D Face Models
	Scene-Agnostic Single View Depth Prediction

	Learning to Render Fine-Grained Appearance with Generative Models

	I Learning to Reconstruct 3D Avatars from a Single Camera
	Multiview Human Visual Dataset
	Multi-Camera Imaging System
	HUMBI
	Body
	Garment

	Validation
	Body
	Garment
	Benchmark Challenge
	Summary


	3D Semantic Trajectory Reconstruction
	System Overview
	Notation
	Semantic Trajectory Labeling
	3D Semantic Map
	3D Trajectory Affinity
	Trajectory Label Inference

	3D Trajectory Reconstruction
	Validation
	Human Interaction Dataset
	Quantitative Evaluation
	Qualitative Evaluation

	Summary

	Learning to Reconstruct 3D Face Model from a Single Image
	3D Face Model Reconstruction from a Single Image
	I2ZNet
	Inputs and Outputs
	Domain Invariant Multi-level Unified Features
	Latent Parameter Regression

	Validation
	Ablation Study on I2ZNet Structure
	Robustness to Visual Perturbation

	Summary


	II Learning to Adapt the Learned 3D Avatars to General Unconstrained Scenes
	Self-Supervised Adaptation of High-Fidelity 3D Face Model
	Handling Domain Mismatch
	Testing Phase

	Validation
	Results on In-the-wild Dataset
	Effect of Image Resolution
	Limitations

	Summary

	Self-Supervised Depth Estimation for Novel View Synthesis of Dynamic Scenes
	Approach
	Globally Coherent Depth from Dynamic Scenes
	Dynamic Scene View Synthesis

	Implementation Details
	Experiments
	Dynamic Scene Dataset
	Quantitative Evaluation Metric
	Baselines and Ablation Study
	Dynamic Scene Depth Estimation
	Dynamic Scene Novel View Synthesis

	Summary


	III Learning to Render Fine-Grained Appearance of 3D Avatars of Diverse People
	Pose-Guided Human Animation from a Single Image in the Wild
	Methodology
	Compositional Pose Transfer
	Dataset and Notation
	Silhouette Prediction
	Garment Label Prediction
	Foreground Rendering
	Consistent Human Animation Creation

	Implementation Details
	Experiments
	Comparisons
	Ablation Study
	User Study
	Limitations

	Summary

	Learning Motion-Dependent Appearance for High-Fidelity Rendering of Dynamic Humans from a Single Camera
	Method
	Equivariant 3D Motion Descriptor
	Multitask Compositional Decoder
	Model-based Monocular 3D Pose Tracking

	Network Designs
	Experiments
	Evaluation
	Applications
	Evaluation for Monocular 3D Pose Tracking

	Conclusion

	Conclusion
	Summary
	Limitation and Future Works

	References


