©Copyright 2023
Chung-Yi Weng



Reconstructing and Rendering People from Photos and Videos
in the Wild

Chung-Yi Weng

A dissertation
submitted in partial fulfillment of the

requirements for the degree of
Doctor of Philosophy

University of Washington

2023

Reading Committee:
Brian Curless, Chair
Ira Kemelmacher-Shlizerman, Chair

Richard Szeliski

Program Authorized to Offer Degree:

Computer Science & Engineering



University of Washington

Abstract

Reconstructing and Rendering People from Photos and Videos
in the Wild

Chung-Yi Weng

Co-Chairs of the Supervisory Committee:
Brian Curless
Computer Science & Engineering

Ira Kemelmacher-Shlizerman
Computer Science & Engineering

Reconstructing and producing photorealistic renderings of dynamic humans from RGB images has
long been considered a holy grail in the fields of computer vision and graphics. Such a capability
would open up a wide range of possibilities for applications in areas such as virtual and augmented
reality, teleconferencing, and the entertainment industry. Despite more than 25 years of research
and development, the problem remains challenging, primarily due to difficulties posed by inherent
3D-to-2D ambiguity, highly dynamic motions, appearance variance, and non-rigid deformation.
Moreover, the high cost of the technology has also been a major barrier to widespread adoption, as
the reconstruction pipelines often rely on calibrated multi-camera systems and are typically only
found in professional studios.

In this thesis, I address the challenge of reconstructing and rendering high-quality dynamic
humans using unstructured data in the wild, such as photos from the internet or YouTube videos.
The goal is to make this expensive technology more accessible to amateur artists and even the
general public, democratizing its use beyond just movie studios. To begin, I provide a review of
the literature on this long-established problem, starting with the seminal work of Kanade et al.
in 1997 and tracing the evolution of the technology through advances in image-based rendering,

surface reconstruction, and more recently, modern deep neural networks. Then I present three novel



approaches for tackling this problem, each designed to work with different types of source material,
including monocular videos, personal photo collections, and single photographs. Through these
approaches, my research enables a range of new applications.

My proposed first approach, Photo Wake-Up, allows for creating 3D human animations view-
able on AR devices like HoloLens using only single images. The second method, known as Hu-
manNeRF, enables free-viewpoint rendering of moving persons from a YouTube video. Finally, I
present PersonNeRF, an approach that is capable of reconstructing a person, including tennis super-
stars like Roger Federer, from photo collections, enabling rendering with arbitrary combinations
of their viewpoints, appearances, and body poses. In the final section, I discuss the open problems

that still exist in this field, as well as how this technology will potentially shape our future world.
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Chapter 1

INTRODUCTION:
UNVEILING NEW DIMENSIONS FOR VISUAL STORYTELLING

Storytelling holds a natural power that goes beyond its narrative form. Since the earliest stages
of our lives, storytelling sparks our imagination, shapes our perceptions, and teaches us valuable
life lessons. In the meantime, the format of storytelling has kept evolving, and people use different
media to share their stories. From ancient oral traditions, literature, and film, to modern digital
platforms, each format has its own unique strengths and characteristics, and storytellers choose the

medium that best suits their message, audience, and creative vision.

In particular, visual storytelling is considered one of the most impactful media, because of its
ability to cross language barriers and effectively communicate with a wide-ranging audience. This
form of visual storytelling can be demonstrated in various ways, including illustrations, artworks,
photography, films, and videos, allowing for engaging audiences from diverse cultural backgrounds

without regard to their age or level of education.

Nevertheless, when it comes to visual storytelling in its traditional forms, such as photography
or video, there exists a prevalent limitation: they are either static or constrained to two-dimensional
space. This inherent constraint hinders the ability to fully capture the narrative environments,

engage the audience in interactive ways, and ultimately deliver truly immersive experiences.

Over the years, computer scientists, particularly those in the fields of computer vision and
graphics, have played a crucial role in pushing the boundaries of visual storytelling. Their pri-
mary goal has been to remove the limitations of traditional visual storytelling by introducing new

dimensions, in particular those of time and space.

This thesis traverses a significant part of the journey toward uncovering new dimensions in

visual storytelling. Its primary objective is to reconstruct humans from traditional media used



Figure 1.1: Three projects that lift the visual storytelling to 3D. (a) “New Dimensions in Testi-
mony” [167] create an interactive 3D holographic interview experience; (b) “Starline” [83] aims to
achieve an immersive remote video communication; (c) creating the bullet-time scene [181] in the
movie “The Matrix” typically requires multiple slow-motion cameras placed around the action in

a circle. Photo credits to University of Southern California, Google, and New World Designs.

for storytelling, such as paintings, images, or videos, ultimately democratizing this technology and
making it accessible to general users. The aim is to enable the telling of stories in a fully immersive,

three-dimensional, interactive, and animated format.

1.1 Lifting to 3D

Introducing a new spatial dimension to traditional visual storytelling generally involves lifting from
a two-dimensional space to a three-dimensional world. The motivation behind this stems from
the desire to create a more engaging narrative experience. This shift opens up new possibilities
for perceiving the environment, evoking stronger emotional responses, and allowing for a more
immersive connection between the viewer and the subject.

In the project called “New Dimensions in Testimony” [167] proposed at the University of
Southern California, computer scientists have created interactive 3D holographic representations
of Holocaust survivors (Fig 1.1-(a)). It enables the survivors’ stories to be preserved and shared in a
compelling and immersive manner, creating a more personal and meaningful connection for users.

Another remarkable breakthrough in this field is the “Starline” project [83] developed by Google,



which utilizes a combination of advanced hardware and software to achieve an immersive remote
video communication experience (Fig 1.1-(b)). It involves using specialized displays, cameras, and
depth sensors arranged in a dedicated setup. The technology captures a person’s appearance from

multiple perspectives, reconstructing a 3D model of the subject in real-time.

In fact, this remarkable technological advancement can be attributed to an active field known
as “free-viewpoint rendering,” which has been actively researched in the communities of computer
vision and graphics for over 20 years. Dating back to 1999, the movie “The Matrix” used the
technology to create a slowed-down, highly stylized action sequence. It involves freezing the
action while the camera appears to move around the scene, providing a 360-degree view of a
moment frozen in time. This effect demonstrated the capability of creating highly memorable
visual experiences and became iconic and widely recognized due to its innovative and striking

visual presentation.

Yet, when we delve into the inner working flow of this technology, tremendous effort has been
required to achieve a successful showcase. Multiple slow-motion cameras were strategically placed
around the action in a circle, simultaneously capturing the scene from different angles (Fig 1.1-(c)).
During post-production, the individual frames captured by the cameras were blended together to
create a seamless, continuous shot. As a result, the technology has primarily been restricted to
professional studios, posing a significant challenge for its accessibility to amateur artists or general

users.

To overcome this challenge, I introduce HumanNeRF [178], which removes the need for dense
camera views in free-viewpoint rendering and challenges the belief that such technology is only
accessible at a high cost. This approach only takes as input a single monocular video (e.g., a
YouTube video) and empowers users to freeze the video at any given frame and generate renderings
of the subject from entirely different camera angles, including the ability to create a complete 360-

degree camera path for that specific frame and body pose.



Figure 1.2: Image animation introduces time dimension on static photographs or paintings. (a)
Chuang et al [24] animates pictures with “stochastic motion textures”; the idea was revisited by

Holynski et al. [60] with “deep textures”; (¢c) Averbuch-Elor [7] brings portraits into life.

1.2 Image Animation

On the other hand, media such as art paintings or photographs, in their static format, also have lim-
itations when it comes to storytelling. They freeze a particular scene or composition, which can re-
strict the ability to convey dynamic narratives that involve the subject movement and present a story
in an interactive format. While they can still evoke emotions and spark the viewer’s imagination,
these static formats can be further complemented and enriched by introducing a time dimension,

such as incorporating animation into their presentation.

The problem of animating static photographs has been studied in the field of computer graphics.
In 2005, Chuang et al. [24] pioneered the technique of animating pictures by breaking them down
into separate layers. They synthesized “stochastic motion textures,” which are time-varying 2D
displacement maps, and applied them to each layer to create subtle animated motions that mimic
natural forces like wind (Fig. 1.2-(a)). This idea was recently revisited by Holynski et al. [60] with
their approach called “deep textures,” which draws inspiration from modern deep neural networks
(Fig. 1.2-(b)). They trained a deep network to encode motion priors from videos of natural scenes.

When animating a photo, they encoded pixels as deep features, warped these features using the
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Figure 1.3: Time-lapse animation visualizes the change across static pictures, highlighting its tem-
poral progression. (a) By mining internet photos, Martin-Brualla et al.[101] document the evolu-
tion of locations such as the retreat of the glacier. (b) “Face Movie” introduced by Kemelmacher-

Shlizerman et al. [75] and Google animates how a person ages across tens of years.

learned motion priors, and trained another neural network to decode the deformed feature map,
resulting in a rendered animated scene. Apart from natural scenes, researchers have also developed
methods to animate animals [ | 89], portrait photos [7] (Fig. 1.2-(c)), and even human bodies [6 1, 9].

My proposed approach, Photo Wake-Up [176], extends this line of research by introducing
animation into static photographs. Different from previous methods, the approach specifically
targets the reconstruction of human subjects in full three-dimensional form. This allows for the
creation of human animations that can be experienced on AR devices such as Microsoft HoloLens.
With this technology, viewers can interact with the story or the rendered subject in the real world,

adding a new level of engagement and immersion.
1.3 Time-lapse Animation

An alternative method of storytelling through animations derived from static photographs is achieved
by visualizing the changes across photos. This approach involves presenting a series of pho-
tographs that capture different moments or stages of a subject, highlighting its temporal progression
and evolution.

Computer researchers, such as Martin-Brualla et al. [101], have successfully applied computa-



tional approaches to expand the scope of this method to a planetary scale. They create animations
that document the evolution of various locations worldwide, such as the gradual retreat of the
Briksdalsbreen Glacier in Norway, by mining images on the Internet (Fig. 1.3-(a)). Furthermore,
Kemelmacher-Shlizerman et al. introduced “Exploring Photobios” [75], which leverages personal
photo collections to generate engaging face movies that illustrate how a person ages across tens of
years (Fig. 1.3-(b)).

PersonNeRF [179], my solution for personalized human reconstructions, draws inspiration
from these previous works. It reconstructs people, including iconic athletes like Roger Federer,
from photos spanning many years and enables rendering with arbitrary combinations of their view-
points, appearances, and body pose. Our approach not only lifts the subjects into 3D by rendering
them from arbitrary viewing angles with their distinct body poses, but also allows for time-lapse

animation by visualizing their appearance change over time.

1.4 Overview

In the rest of the thesis, Chapter 2 begins with an in-depth exploration of human reconstructions
from RGB images. This research area has been an active topic in the fields of computer vision and
graphics since the seminal work of ”Virtualized Reality” by Kanade et al. in 1997. I delve into
the rich history of this problem, highlighting a variety of approaches that have paved the way for
further advancements. Furthermore, I explain how my own approaches have been influenced by
these previous works, as well as discuss the challenges that need to be addressed.

In Chapter 3, I present my approach, Photo Wake-Up, which allows for creating 3D human
animations on AR devices like HoloLens using only single images. Chapter 4 is all about Human-
NeREF, a free-viewpoint rendering method that enables the rendering of moving persons viewed
from arbitrary cameras, taking only a YouTube video as input. PersonNeRF, the follow-up work of
HumanNeREF, is detailed in Chapter 4. It is an approach that is capable of reconstructing subjects
from their photo collections across the years, enabling rendering with arbitrary combinations of
their viewpoints, appearances, and body poses.

HumanNeRF breaks free from the constraints of monocular videos, granting users the freedom



to select any desired camera perspective and lifting storytelling to immersive three-dimensional ex-
periences, which typically only existed in professional studios previously. Photo Wake-Up brings
life into human characters from single photographs, seamlessly integrating them into the real world
with the help of AR devices and presenting a brave new way for the audience to interact and engage
with art paintings. PersonNeRF takes as input photo collections, and enables not only personalized
reconstructions but also time-lapse animations, allowing for rendering the subjects from arbitrary
viewpoints while also showcasing their transformations throughout the years.

Finally, I conclude in Chapter 6 by highlighting the open problems that remain and offering

insights into the potential impact of these technologies on our future world.



Chapter 2

25 YEARS ON:
A SURVEY OF RENDERING DYNAMIC HUMANS FROM RGB IMAGES

2.1 Introduction

Over more than the last two decades, rendering dynamic scenes with continuous viewpoint controls
from limited view observations has been a central challenge in computer vision and graphics.
Reconstructing moving humans is of particular interest due to its diverse range of applications in
telepresence [83, ], movie production [181], and sports game broadcasting [63]. Solving the
problem involves the tasks of capturing, representing, and rendering dynamic subjects.

In the early days, a huge amount of effort was devoted to building capture studios and recon-
structing scenes from multiple viewpoints with calibrated cameras. The early exploration had a
strong connection in the literature with scene reconstruction [ 142, 82] and image-based rendering
[84, 46]. The proposed approaches were purely data-driven [69, , ], model-based [ 18], or a
combination of both [171].

Recently, researchers have investigated using deep neural networks to improve rendering qual-
ity and reduce the necessity of dense view observations. The approaches were initially based in
the 2D image space, directly learning a mapping function between 2D body poses and synthesized
images, similar to image-to-image translation [64]; later operated in the 3D domain, leveraging the
ideas of neural renderer and/or neural representation to guarantee view consistency and enhance
visual quality, named after “neural rendering” [162, ].

In this chapter, I will survey the progress in the area of rendering dynamic humans, beginning
from the early works on surface reconstruction (Sec. 2.2) to the modern techniques of neural
rendering (Sec. 2.3). Lastly, I will explain how my proposed methods draw inspiration from prior

works and discuss the specific challenges I have overcome in order to build particular applications



(Sec. 2.4).

2.2 The Early Years

Generating novel views from observed viewpoints plays a central role in the applications of free-
viewpoint rendering. Most of the early works involve rendering static scenes. The seminal works,
Light Field Rendering [84] and the Lumigraph [46], achieved photorealistic results by utilizing a
vast number of images captured from densely sampled viewpoints. However, the requirement of
dense sampling within the viewing space poses a challenge for these methods when attempting to
extend them to dynamic scenes.

In order to address this issue, early attempts at modeling dynamic humans employed data-
driven approaches that utilized purposefully-designed 3D representations to reduce the need for
densely-sampled cameras. Alternatively, model-based methods employed a person-specific rigged
mesh to track body motions and rebuild texture accordingly, effectively leveraging human priors.
Furthermore, a combination of both approaches was developed to take advantage of the strengths
of these two paradigms. In addition, the recently introduced parametric statistical human model,
SMPL, [95] inspired a large number of works in the field of 3D human pose and shape estimation,

demonstrating an alternative perspective to capture humans from monocular images.

2.2.1 Data-driven Approach

The earliest attempt at capturing moving persons was proposed in 1997 by Kanade et al. [69] who
introduced the term “‘virtualized reality” and popularized capturing people from multiple points
of view to the community. They built a 5-meter dome that was equipped with 51 cameras with
5912 x 512 resolution. To reconstruct the subject, they generated a dense depth map for each camera
and converted it into a 3D triangle mesh that passed through all the points on that map. In order
to account for occlusion, they first eliminated triangles that contained large depth discontinuities
along any of their edges, and then filled in the resulting “holes” with the meshes rendered from
the other observed camera views. While the result is promising, the visual quality of the output

was still limited by factors such as low resolution, incorrect depth estimations, and the presence of
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Figure 2.1: (a) The proposed two-layer representation in [198]; (b) The rendering process: (b)-1 rendered
main layer from one view; (b)-2 rendered boundary layer; (b)-3 rendered main layer from the other view;

(b)-4 final blended result. Photo credits to [195]

artifacts around object boundaries.

The follow-up work by Zitnick et al. [198] provided a more cost-effective solution but en-
abled more realistic rendering. They used 8 high-resolution cameras (1024 x 768) arranged along
a 1D arc spanning about 30 degrees, with the goal of achieving high-quality view interpolation be-
tween these views. To this end, they first utilized a segmentation-based method to recover smooth
and high-quality depth maps. They then proposed a two-layer representation (Fig. 2.1-(a)) that
included a main layer and a boundary layer, with the matte of boundary regions automatically ex-
tracted to enhance the quality around object boundaries. At rendering time, they warped all layers
from the reference views and blended them with the opacity values from the extracted matte (Fig.
2.1-(b)).

Instead of relying on depth maps, Starck et al. [153] reconstructed a subject’s surface from a
3D volume. In their studio, they spaced 8 cameras with 1920 x 1080 resolution around a circle of 8
meters in diameter. To capture a subject’s surface, they first used silhouettes from multiple camera
views to derive the visual hull, which identifies infeasible space. They then determined contours
on the surface by performing feature matching between the cameras. Once this was completed,
they extracted the surface by applying GraphCut on a discrete volumetric graph. In this graph, the
source nodes corresponded to the infeasible regions, the sink nodes corresponded to the extracted
surface contours, and the edges represented appearance consistency between the camera views.

To recover texture, they composited image colors from different cameras and applied multiple-
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Figure 2.2: [171] starts with multi-view silhouettes and a rigged template mesh. At every frame, it fits
the skeleton to the visual hull, deforms the template via LBS, and adjusts the deformed template to fit the

silhouettes. Photo credits to [171].

resolution blending on the surface to construct a single seamless texture.

2.2.2 Model-based Method

Model-based techniques, on the other hand, leverage the model prior, fitting a humanoid model to
multiple-view images. To this end, Carranza et al. [18] employed a manually designed paramet-
ric body model, with shape determined by an initialization pose, to track a subject’s motion via
maximizing the overlap between projected model silhouettes and camera silhouettes. They rebuilt
the texture by back-projecting image colors on the mesh vertices, determining vertex visibility,
and blending color values with vertex weights calculated based on the angle between the surface

normal and the viewing direction.

2.2.3 A Combination of Model-free and Model-based Algorithm

While data-driven approaches without prior allow capturing arbitrary deforming surfaces, they
do not always reconstruct the correct topology and may fail to maintain vertex correspondence
between frames. On the other hand, model-based techniques ensure the correct topology for human

subjects but may not be able to capture fine details. Vlastic et al. [171] combined both methods
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to extract a mesh animation with full correspondence from multi-view video recordings while
enabling the recovery of detailed surface deformations. Specifically, the process began with a
rigged template mesh that contains a skeleton. At every frame, they fitted the skeleton to the
visual hull computed from multi-view silhouettes, reposed the template via LBS (linear blending
skinning), and finally, deformed the reposed template to fit the silhouettes. We refer the readers to
Fig. 2.2 for the pipeline illustration.

Most follow-up works, particularly those that focus solely on surface reconstruction [31, 43,

, 50, 511, typically adhered to this paradigm, which involved first using a pre-rigged personal-
ized body model, followed by motion tracking and surface deformation that align with the image

observations.

2.2.4 SMPL-based Reconstruction

Another notable research direction in reconstructing humans is those methods built upon SMPL
[95], a 3D human model with pose and shape controls learned from 3D scans. Although there
existed relevant statistical models [5] such as SCAPE [6] when SMPL was introduced, SMPL
quickly drew people’s attention because it is open-source, easy to operate, and compatible with
existing rendering pipelines.

The essence of this line of work is to regress an input image to SMPL body pose and shape
coefficient via numeric optimization [ 4] or deep neural networks [70, 80]. By enforcing temporal
consistency in an autoregressive manner, they can be further extended to videos [72, 79]. Most
methods do not reconstruct appearances, hence not suitable for novel view synthesis.

In particular, the work presented by Alldieck et al. [3] describes a method to obtain a 3D human
avatar from a single monocular video. It shares similarities with the work proposed by Vlasic et
al. [171] that uses a template body model to track human motions and deforms the human mesh to
align with observed subject silhouettes. They took SMPL as the template model and tracked human
motions using the method proposed in [ 14]. To create texture, they back-projected image colors to
the deformed mesh via orthographic projection and computed approximated median values. The

result is a deformed SMPL model equipped with a texture map ready for pose controls. This
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method requires the subject moves in A-pose, though, and can not capture appearance dynamics

as the person is moving.

2.2.5 Reconstruction from RGBD images

Another area of research involves the integration of RGB cameras and depth sensors to capture
and reconstruct humans in motion, a technique often referred to as volumetric capture. The
cutting-edge systems in this field [26] leverage a combination of RGB stereo, IR stereo, and Shape
from Silhouette methodologies to achieve exceptional reconstruction quality. Furthermore, Guo et
al. [48] have gone a step further by showcasing the re-illumination capabilities of reconstructed
body meshes, utilizing programmable LED lights to generate spherical color gradient illumination
patterns that enable the reconstruction of full reflectance maps. However, these advancements are
typically limited to high-end studios equipped with an array of expensive equipment, including
dense RGB cameras, depth sensors, and LED lights.

In addition to relying on large capture systems, researchers have also explored the use of readily
available commodity RGBD cameras for human reconstruction. Notably, Newcombe et al. intro-
duced DynamicFusion [! 3], a groundbreaking approach that progressively constructs the surface
of the human body by establishing correspondence from depth maps to a canonical model, all with
the use of just a single RGBD camera. This pioneering work has inspired subsequent studies,
such as DoubleFusion [191], which additionally incorporates the SMPL model as a human prior
to enhance reconstruction quality, or Fushion4D [36], which utilizes sparse RGBD cameras but
achieves comparable quality to that obtained from large capture systems. However, this line of
methods typically operates within indoor environments and relies on depth sensor data as input,

which limits their scalability to images or videos captured in more diverse or uncontrolled settings.
2.3 The Era of Deep Neural Networks

The recent paradigm shift in computer science is a result of the new renaissance of deep neural
networks. The area of human rendering has no exceptions. The early exploration is around condi-

tioning a neural network with 2D body poses and synthesizing the corresponding images. These
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approaches found their limits in maintaining view consistency when rendering in 3D due to the
lack of 3D reasoning. People get around the issue in primarily two ways: (1) utilizing traditional
3D capture pipelines to model 3D scenes and render the scene to create 2D feature maps or images
(with artifacts, most likely), and further using neural networks as a “re-renderer” to decode the
features, remove artifacts, or enhance details; (2) directly representing 3D scenes using neural net-
works and, combined with a differentiable renderer, optimizing the visual quality in an end-to-end

manner.

2.3.1 2D Mapping Function

Inspired by the success of deep neural networks on the image-to-image translation task [64], people
formulate the problem of human synthesis in a similar way. It began with an application of re-
posing persons from a single image [97] where it took as input an image of a subject and a target
2D body pose map and trained a network to synthesize the subject wearing the clothing in the input
image but being retargeted using the target pose. Balakrishnan et al. [9] enhanced the quality by
introducing a modular pipeline where they separated a scene into different body parts and layers
and trained a UNet to refine each layer individually. Moreover, the image translation techniques
were further extended to human video synthesis by enforcing temporal consistency [ 173, 20].
However, since these approaches are operated directly within the 2D image domain, they are
unable to maintain view consistency when utilized for novel view synthesis due to insufficient 3D

reasoning.

2.3.2 Neural Renderer

The neural renderer, or “neural rerendering” [108] utilizes established 3D representations such as
sprites, point clouds, meshes, and so on to model a scene in the 3D domain. When projected
on two-dimensional image planes, the outcome often contains visual distortions due to imperfect
reconstructions. A deep neural network is learned as a “re-renderer” to enhance the final out-
come. The process usually involves capturing the scene in a classical pipeline. In the paper titled

”LookinGood [102]”, the authors demonstrate an example where they utilize a volumetric capture
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UV-Map

Sampled Texture Neural Renderer
5] om [ ] E—

Neural Texture

Figure 2.3: An overview of Deferred Neural Rendering [164]. Given an object with a valid UV-map, they
associated optimizable features to the map, and used the standard graphics pipeline to render a screen-space
feature map. They then trained a UNet to convert the feature map to an output that is visually similar to the

target image. Photo credits to [164].

system to reconstruct point clouds of performers. They then employ a UNet to remove any visual

distortions or artifacts and to elevate the overall quality of the renderings in 2D image space.

As a variant of this concept, Thies et al. proposed a method known as “Deferred Neural Ren-
dering” [164], where they employ a mesh with a valid UV map as the 3D representation, optimize
the associated features on the texture map, and train a neural network to decode the rendered fea-
ture map (Fig. 2.3). This approach of reinterpreting 2D features can be extended beyond the use of
a texture map as a proxy. In the paper Neural Body, Peng and co-authors [126] attach optimizable
features to the SMPL mesh vertices and train an MLLP-based neural renderer to produce images for

unseen views.

In this scenario, the process of 3D reasoning is accomplished through the application of the
chosen scene representations that operate in 3D space. The neural networks, on the other hand, are
solely responsible for refining or decoding the projected outcome. This approach not only simpli-
fies the task complexity for the networks but also ensures that the resulting views are approximately

consistent.
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Figure 2.4: An overview of NeRF [110]. NeRF represents a view-dependent volume as a MLP and syn-
thesizes images by sampling and querying from the MLP 5D coordinates (location and viewing direction)
along camera rays. The MLP produces a color and volume density. The method then involves volume
rendering techniques to composite these values into an image. This rendering function is differentiable, so
it can optimize the neural scene representation end-to-end by minimizing the residual between synthesized

and ground truth. Photo credits to [110)].

2.3.3 Neural Representation

Representing a scene with neural networks has emerged to be a powerful tool for solving the
problem of novel view synthesis due to the fact that it is robust to arbitrary topologies and, when
combined with a differentiable renderer, it can directly optimize the visual quality in an end-to-
end manner, avoiding the pitfall of accumulated errors of individual components in a traditional
pipeline.

Lombardi et al. in their work “Neural Volumes” [94] directly optimized a RG Ba volume in
order to reconstruct dynamic scenes from multiple viewpoints. This approach proves to be effective
when optimizing visual quality end-to-end. However, their results are not of the highest quality
due to limitations in volume resolution. This issue was subsequently addressed by Mildenhall and
colleagues in their groundbreaking work known as NeRF [ 1 10]. They utilized an MLP to represent
the volume. When combined with positional encoding, NeRF was capable of producing nearly

photorealistic results that accurately capture view-dependent effects in the context of novel view
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synthesis for static scenes (Fig. 2.4).

Neural representations, particularly those based on MLPs, have also proven to be effective in
describing scene geometry. In DeepSDF [120] Park et al. optimized an MLP for approximating
a signed distance function that implicitly encodes an object’s surface. The idea was leveraged by
Saito et al. in their work PIFu [136] to predict a textured 3D human mesh from a single image. They
used a UNet to extract from image pixel-aligned features, which are subsequently fed into MLPs
to predict a subject’s geometry as well as appearance. They trained on synthetic 3D human data
but applied the learned model to real images. PiFU has sparked a series of research breakthroughs,
with the goal of reconstructing a highly detailed human mesh from a single image [137, 62, 53,

, , 4]. In addition, PIFu was further extended to the application of monocular performance
capture [86] but the visual quality still remains limited due to the inherited domain gap that leads

to quality degradation.
2.4 Inspirations and Challenges

My proposed methods take inspiration from the aforementioned previous works, and in the mean-
time they also address the unique challenges that arise when reconstructing from unstructured data
captured in real-world settings.

The work of Photo Wake-Up [176] utilized the SMPL model [95] to approximate the surface
geometry and skinning weights, which were then deformed to accurately fit the subject. This
approach allowed for the creation of 3D animatable body meshes from a single image, resulting
in realistic and convincing animations. HumanNeRF [178] and PersonNeRF [179] build upon
Neural Radiance Fields [110], specifically adapting it to accommodate dynamic human scenes and
eliminating the need for dense camera view observations to only single monocular videos or just a
handful of images. These advancements have significantly broadened the scope of possibilities in
capturing and reconstructing human subjects in a more flexible and accurate manner and enabled

a variety of applications.
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Chapter 3

PHOTO WAKE-UP:
3D CHARACTER ANIMATION FROM A SINGLE PHOTO

Input Photo

Augmented Reality

Figure 3.1: Given a single photo as input (far left), we create a 3D animatable version of the
subject, which can now walk towards the viewer (middle). The 3D result can be experienced
in augmented reality (right); in the result above the user has virtually hung the artwork with a
HoloLens headset and can watch the character run out of the painting from different views. Photo

credits to wikiart.org

This chapter presents the collaborative research project with Brian Curless and Ira Kemelmacher-
Shlizerman. The findings from this work were initially published in CVPR 2019 [176]. The
subsequent analysis and comparisons to related studies in this chapter are based on the prevailing

state-of-the-art during that time.

3.1 Introduction

We propose to “wake up a photo” by bringing the foreground character to life, so that it can be

animated in 3D and emerge from the photo. Related to our application are cinemagraphs and
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GIFs! where a small motion is introduced to a photo to visualize dominant dynamic areas. Unlike
a cinemagraph, which is a 2D experience created from video, our method takes a single photo as
input and results in a fully 3D experience. The output animation can be played as a video, viewed
interactively on a monitor, and as an augmented or virtual reality experience, where a user with a

headset can enjoy the central figure of a photo coming out into the real world.

A central challenge in delivering a compelling experience is to have the reconstructed subject
closely match the silhouette of the clothed person in the photo, including self-occlusion of, e.g.,
the subject’s arm against the torso. Our approach begins with existing methods for segmenting a
person from an image, 2D skeleton estimation, and fitting a (semi-nude) morphable, posable 3D
model. The result of this first stage, while animatable, does not conform to the silhouette and does

not look natural.

Our key technical contribution, then, 1s a method for constructing an animatable 3D model that
matches the silhouette in a single photo and handles self-occlusion. Rather than deforming the 3D
mesh from the first stage — a difficult problem for intricate regions such as fingers and for scenarios
like abstract artwork — we map the problem to 2D, perform a silhouette-aligning warp in image
space, and then lift the result back into 3D. This 2D warping approach works well for handling
complex silhouettes. Further, by introducing label maps that delineate the boundaries between

body parts, we extend our method to handle certain self-occlusions.

Our operating range on input and output is as follows. The person should be shown in a whole
(full body photo) as a fairly frontal view. We support partial occlusion, specifically of arms in
front of the body. While we aim for a mesh that is sufficient for convincing animation, we do not
guarantee a metrically correct 3D mesh, due to the inherent ambiguity in reconstructing a 3D model
from 2D input. Finally, as existing methods for automatic detection, segmentation, and skeleton
fitting are not yet fully reliable (especially for abstract artwork), and hallucinating the appearance
of the back of a person is an open research problem, we provide a user interface so that a small

amount of input can correct errors and guide texturing when needed or desired.

! Artistic cinemagraphs: http://cinemagraphs.com/
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To the best of our knowledge, our system is the first to enable 3D animation of a clothed subject
from a single image. The closest related work either does not fully recover 3D models [61] or is
built on monocular video input [3]. We compare to these prior approaches, and finally show results

for a wide variety of examples such as 3D animations and AR experiences.

3.2 Related Work

Animation from photos or videos General animation from video has led to many creative ef-
fects over the years. The seminal “Video Textures” [143] work shows how to create a video of
infinite length starting from a single video. Human-specific video textures were produced from
motion capture videos via motion graphs [40]. [186] explore multi-view captures for human mo-
tion animation, and [ 1 97] demonstrate that clothing can be deformed in user videos guided by body
skeleton and videos of models wearing the same clothing. Cinemagraphs [166, 8] or Cliplets [68]
create a still with small motion in some part of the still, by segmenting part of a given video in time

and space.

Animation from big data Relevant also are animations created from big data sets of images,
e.g., personal photo collections of a person where the animation shows a transformation of a face
through years [75], or Internet photos to animate transformation of a location in the world through
years [101], e.g., how flowers grow on Lombard street in San Francisco, or the change of glaciers

over a decade.

Animation from single photographs Animating from a single photo, rather than videos or photo
collections, also resulted in fascinating effects. [24] animate segmented regions to create an effect
of water ripples or swaying flowers. [189] predict motion cycles of animals from a still photo of
a group of animals, e.g., a group of birds where each bird has a different wing pose. [76] show
that it’s possible to modify the 3D viewpoint of an object in a still by matching to a database of 3D
shapes, e.g., rotating a car on in a street photo. [7] showed how to use a video of an actor making

facial expressions and moving their head to create a similar motion in a still photo. Specific to
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body shapes, [196] showed that it’s possible to change the body weight and height from a single
image and in a full video [65]. [61] presented a user-intensive, as-rigid-as-possible 2D animation

of a human character in a photo, while ours is 3D.

Human body estimation from single photos For 3D body shape estimation from single photo,
[14] provided the SMPL model which captures diverse body shapes and proved highly useful for
3D pose and shape estimation applications. Further, using deep networks and the SMPL model,
[170, 70, , | 17] present end-to-end frameworks for single view body pose and shape estimation.
[169] directly infer a volumetric body shape. [47] finds dense correspondence between human
subjects and UV texture maps. For multi-view, [96, 34] reconstruct a 3D mesh from sketches
or silhouettes. [3] applied SMPL model fitting to a video of a subject rotating in front of a static
camera, and is further extended in [2] to improve mesh and texture quality with shape from shading.
Recently, the idea of parametric model has further been extended to animals [ 199, 71].

Most single-image person animation has focused on primarily 2D or pseudo-3D animation
(e.g., [61]) while we aim to provide a fully 3D experience. Most methods for 3D body shape
estimation focus on semi-nude body reconstruction and not necessarily ready for animation, while
we take cloth into account and look for an animatable solution. The most similar 3D reconstruction

work is [3] although they take a video as input. We compare our results to [61] and [3] in Sec. 3.5.

3.3 Overview

Given a single photo, we propose to animate the human subject in the photo. The overall system
works as follows (Fig. 3.2): We first apply state-of-the-art algorithms to perform person detection,
segmentation, and 2D pose estimation. From the results, we devise a method to construct a rigged
mesh (Section 3.4). Any 3D motion sequence can then be used to animate the rigged mesh.

To be more specific, we use Mask R-CNN [52] for person detection and segmentation (imple-
mentation by [104]). 2D body pose is estimated using [175], and person segmentation is refined
using Dense CRF [81]. Once the person is segmented out of the photo, we apply PatchMatch [10]

to fill in the regions where the person used to be.
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Figure 3.2: Overview of our method. Given a photo, person detection, 2D pose estimation, and
person segmentation, is performed using off-the-shelf algorithms. Then, A SMPL template model
is fit to the 2D pose and projected into the image as a normal map and a skinning map. The
core of our system is: find a mapping between person’s silhouette and the SMPL silhouette, warp
the SMPL normal/skinning maps to the output, and build a depth map by integrating the warped
normal map. This process is repeated to simulate the model’s back view and combine depth and
skinning maps to create a complete, rigged 3D mesh. The mesh is further textured, and animated

using motion capture sequences on an inpainted background. Photo credits to Getty Images
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3.4 Mesh Construction and Rigging

The key technical idea of this work is how to recover an animatable, textured 3D mesh from a
single photo to fit the proposed application.

We begin by fitting the SMPL morphable body model [95] to a photo, including the follow-on
method for fitting a shape in 3D to the 2D skeleton [!4]. The recovered SMPL model provides an
excellent starting point, but it is semi-nude, does not conform to the underlying body shape of the
person and, importantly, does not match the clothed silhouette of the person.

One way is to force the SMPL model to fit the silhouettes by optimizing vertex locations on
the SMPL mesh, taking care to respect silhouette boundaries, avoid pinching, and self-intersection.
This is challenging especially around intricate regions such as fingers. This was indeed explored
by [3], and we compare to those results in the experiments.

Instead, we take a 2D approach: warp the SMPL silhouette to match the person silhouette in
the original image and then apply that warp to projected SMPL normal maps and skinning maps.
The resulting normal and skinning maps can be constructed for both front and (imputed) back
views and then lifted into 3D, along with the fitted 3D skeleton, to recover a rigged body mesh that
exactly agrees with the silhouettes, ready for animation. The center box in Figure 3.2 illustrates
our approach.

In the following, we describe how we construct a rigged mesh using 2D warping (Section

3.4.1), then present how to handle arm-over-body self-occlusion (Section 3.4.2).

3.4.1 Mesh Warping, Rigging, & Skinning

In this section, we describe the process for constructing a rigged mesh for a subject without self-
occlusion.

We start with the 2D pose of the person and the person’s silhouette mask S. For simplicity, we
refer to S both as a set and as a function, i.e., as the set of all pixels within the silhouette, and as a
binary function S(x) = 1 for pixel z inside the silhouette or S(x) = 0 for x outside the silhouette.

To construct a 3D mesh with skeletal rigging, we first fit a SMPL model to the 2D input pose
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using the method proposed by [!4], which additionally recovers camera parameters. We then
project this mesh into the camera view to form a silhouette mask Ssypr,. The projection addition-
ally gives us a depth map Zgypr, (), a normal map Ngypr, () and a skinning map Wgypr, () for
pixels x € Ssypr- The skinning map is derived from the per-vertex skinning weights in the SMPL
model and is thus vector-valued at each pixel (one skinning weight per bone).

Guided by Ssypr, and the input photo’s silhouette mask S, we then warp Zsypr,, Nsmpr, and
WsmpL to construct an output depth map (at the silhouette only) Zys(x € 9S), normal map N (x),
and skinning map W (x), respectively, for pixels z € S. N(x) is then integrated to recover the final
depth map Z(z), subject to matching Zss(x) at the silhouette boundary 0.S. More concretely, we

solve for a smooth inverse warp, f(x), such that:

S(x) = Ssmpr(f()) (3.1)

and then apply this warp to the depth and skinning maps:

Zps(z € 0S) = Zswpr(f(z)) (3.2)
N(x) = Nsmpr(f(2)) (3.3)
Z(z) = Integrate[N; Zys] (3.4)
W (z) = Wanpr(f(2)) (3.5)

We experimented with setting Z(x) = Zsypr(f(z)), but the resulting meshes were usually
too flat in the z direction (See Fig. 3.3b). The warping procedure typically stretches the geometry
in the plane (the SMPL model is usually thinner than the clothed subject, often thinner than even
the unclothed subject), without similarly stretching (typically inflating) the depth. We address this
problem by instead warping the normals to arrive at N(z) and then integrating them to produce
Z(x). In particular, following [12], we solve a sparse linear system to produce a Z(x) that agrees
closely with the warped normals N () subject to the boundary constraint that Z(x) = Zyg(x) for

pixels x € 0S. Fig. 3.3 shows the difference between the two methods we experimented with.
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(a) Reference SMPL (b) Warping depth (c) Warping normal

Figure 3.3: Comparison of different depth map constructions, after stitching front and back depth
maps together (Section 3.4.1). Given (a) a reference SMPL model, we can reconstruct a mesh (b)
by warping the SMPL depth maps or (c) by warping the SMPL normal maps and then integrating.

Notice the flattening evident in (b), particularly around the head.

To construct the inverse warp, f(x), many smooth warping functions are possible; we choose
one based on mean-value coordinates [4 1] because it is well defined over the entire plane for
arbitrary planar polygons without self-intersections, which fits our cases very well. In particular,
given the ordered set of points (vertices) on the closed polygonal boundary of the input silhouette,

pi € 0S = (po, p1, - - -, Pm—1), We can represent any point inside of S as:

m—1
=Y X(z)p; (3.6)
=0
where (A\g(x), A\1(x),..., \_1(x)) are the mean-value coordinates of any = € S with respect to

the boundary vertices p;.
Suppose we have a correspondence function ¢ that identifies p; on the input silhouette boundary

dS with points on the SMPL silhouette boundary pi™MFL € 9Sgypr, = (p§MPE, pPMPL ... pSMPL):
pi = P 3.7)
Then, using the same mean-value coordinates from Eq. 3.6, we define the warp function to be:
m—1
fl@) =" N(=)wi™. (3.8)
=0

Next, we describe how we compute the correspondence function ¢, fill holes in the normal and

skinning maps, and then construct a complete mesh with texture.
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Boundary matching We now seek a mapping ¢ that provides correspondence between points

pi € 95 and points pSM* € OSgypr. We would like each point p; to be close to its corresponding

SMPL

point p o , and, to encourage smoothness, we would like the mapping to be monotonic without

large jumps in the indexing. To this end, we solve for ¢[i] to satisfy:

arg min ZD i, P imPL + T(oli], p[i + 1]) (3.9)
O[0],lm—1] “
where
D(pi,pa ™) = llpi — pagiy -2 (3.10)
and
. L if0<oli+1]—gli] <w
T(li, oli +1]) = (3.11)
0, otherwise
D(p;, pil[\ﬁPL) is designed to encourage closeness of corresponding points, and T'(¢[i], #[i + 1])

avoids generating an out-of-order sequence with big jumps. Because we are indexing over closed
polygons, we actually use ¢[i%m]|%n in the objective, where m and n are the numbers of elements

of 0S and 0Ssypr, respectively. With k = 32, we solve for ¢ with dynamic programming.

Hole-filling In practice, holes may arise when warping by f(x), i.e., small regions in which
f(x) ¢ Ssmpr, due to non-bijective mapping between 0S5 and 0Ssypr,. We smoothly fill these
holes in the warped normal and skinning weight maps. Please refer to the appendix A for more

detail and an illustration of the results of this step.

Constructing the complete mesh The method described so far recovers depth and skinning
maps for the front of a person. To recover the back of the person, we virtually render back view
of the fitted SMPL model, mirror the person mask, and then apply the warping method described

previously.
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(a) Front mesh (b) Combined mesh (c) Back mesh
(side view)

Figure 3.4: Reconstructed mesh results. We reconstruct the front mesh (a) and the back mesh (c)

separately and then combine them into one mesh, viewed from the side in (b).

We reconstruct front and back meshes in the standard way: back-project depths into 3D and
construct two triangles for each 2x2 neighborhood. We assign corresponding skinning weights to
each vertex. Stitching the front and back meshes together is straightforward as they correspond at

the boundary. Fig. 3.4 illustrates the front and back meshes and the stitched model.

3.4.2 Self-occlusion

When the subject self-occludes — one body part over another — reconstructing a single depth map
(e.g., for the front) from a binary silhouette will not be sufficient. To handle self-occlusion, we
segment the body into parts via body label map, complete the partially occluded segments, and
then reconstruct each part using the method described in Section 3.4.1. Fig. 3.5 illustrates our

approach.
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(a) image (b)initial  (c)occlusion  (d)body  (e) original ((?C T’ (g) redrawn (h) body (i) final

label map mask label map boundary f— by SMPL part meshes mesh

OCCLUDED REGION CONSTRUCTION

Figure 3.5: Starting from the input image (a) and its corresponding silhouette and projected SMPL
body part model, we recover an initial body part label map (b). After identifying points at occlusion
boundaries, we construction an occlusion mask (lighter areas in (c)) and then refine it to construct
the final body label map (d). The body part regions near occlusions have spurious boundaries,
shown in red in (e). We remove these spurious boundaries (f) and replace them with transformed
versions of the SMPL boundaries (g). We then rebuild the body part-by-part (h) and assemble into
the final mesh (1). Photo Credits to Getty Images

We focus on self-occlusion when the arms partially cross other body parts such that the covered
parts are each still a single connected component. Our method does not handle all self-occlusion
scenarios, but does significantly extend the operating range and show a path toward handling more

cases.

Body label map The projected SMPL model provides a reference body label map Lgypy, that
does not conform closely to the image. We use this label map to construct a final label map L in
two stages: (1) estimate an initial label map L;,;; for each pixel € S to be as similar as possible to
Lsyvipr, then (2) refine Liy;, at occlusion boundaries where the label discontinuities should coincide

with edges in the input image.
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Initial Body Labeling We solve for the initial (rough) body label map L;,;; by minimizing a
Markov Random Field (MRF) objective:

minimize > U(Linie(p)) + 1DV (Linie (), Linie(0)) (3.12)
peS peS,qeN (p)NS
where
U(Liy; = minimize —r 3.13
(Lanie(P)) 7| Lsmpr (r)=L(p) Ip I ( )

1 if Lini 7£ Lini
V (Linit(p), Linit(q)) = ) 9 (3.14)

0 otherwise
N (p) is the 8-neighborhood of p. U(.) scores a label according to the distance to the nearest point
in Lgypr, with the same label, thus encouraging Liy;; to be similar in shape to Lsypr,, while V(.)
encourages spatially coherent labels.
We use a-expansion [ 6] to approximately solve for Li,;;, with v = 16. Fig. 3.5(b) illustrates
the initial label map produced by this step.
Refined Body Labeling Next, we refine the body label map to more cleanly separate occlusion

boundaries.

Occlusion boundaries occur when two pixels with different part labels are neighbors in the im-
age, but are not neighbors on the 3D body surface. To identify these pixels, we first compute warp
functions f, that map each body part L;,;; = ¢ to the corresponding body part Lgypr, = ¢, using the
mean-value coordinate approach described in Section 3.4.1, performed part-by-part. Then, along
the boundaries of arm parts of L;,;;, for each pair of neighboring pixels (p, ¢) with different labels,
we determine the corresponding projected SMPL locations (fz,.., () (D), friu (e (2)), back-project
them onto the SMPL mesh, and check if they are near each other on the surface. If not, these pixels
are identified as occlusion pixels. Finally, we dilate around these occlusion pixels to generate an

occlusion mask O. The result is shown in Fig. 3.5(c).

We now refine the labels within O to better follow color discontinuities in the image /, giving
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us the final body label map L. For this, we define another MRF:

minimize > U(Lp) + 7> _V(L(p), L(q)) (3.15)
peO p€0,geN (p)
where
U(L(p)) = —log(GMM(L(p), 1(p))) (3.16)
V(L(p), L(q)) = C(L(p), L(g))e NN ~1@I* (3.17)
C(L(). L{q)) = llp =l if L(p) # L(q) G5.18)
0 otherwise

where GMM(L(p), I(p)) is the probability of p with color /(p) labeled as L(p), modeled using a

Gaussian Mixture Model. We set v = 8, and, following [134], we set (3 to be:

8= Ip) - gl (3.19)

where (.) averages over all pairs of neighboring pixels in O.
The problem is solved by iteratively applying a-expansions [!6], where in each iteration we
re-estimate GMM(.) using the latest approximated L initizlied as L;,;;. Fig 3.5(d) illustrates the

final body map.

Occluded region construction We now have the shapes of the unoccluded segments; the next
challenge is to recover the shapes of the partially occluded parts.

We first combine the labels of the head, torso, and legs together into one region B. Then we
extract the boundary 0B and identify the occlusion boundaries, 9B°? € 9B N O (shown in red
in Fig. 3.5(e)). Next, for a contiguous set of points 9B € 9B°? (e.g., one of the three separate
red curves in Fig. 3.5(e)), we find the corresponding boundary 0BSip; € OBsypr, using the
boundary matching algorithm from Section 3.4.1, where Bgypy, is the region formed by projecting
the SMPL head, torso, and legs to the image plane. We then replace B¢ with OB p; by a

similarity transform defined by the end points of 9B and I B p;., as shown in Fig.3.5-(f) and
(2.
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Mesh construction Once we have completed body labeling and recovered occluded shapes, we
project the SMPL model part-by-part to get per-part SMPL depth, normal, and skinning weight
maps, then follow the approach in Section 3.4.1 to build part meshes (Fig.3.5-(h)), and assemble
them together to get our final body mesh (Fig.3.5-(1)). Finally, we apply Laplacian smoothing to

reduce jagged artifacts along the mesh boundaries due to binary silhouette segmentation.

3.4.3 Final Steps

Head pose correction Accuracy in head pose is important for good animation, while the SMPL
head pose is often incorrect. Thus, as in [77, 74], we detect facial fiducials in the image and solve
for the 3D head pose that best aligns the corresponding, projected 3D fiducials with the detected
ones. After reconstructing the depth map for the head as before, we apply a smooth warp that
exactly aligns the projected 3D fiducials to the image fiducials. Whenever the face or fiducials are

not detected, this step is skipped.

Texturing For the front of the subject, we project the image onto the geometry. Occluded, frontal
body part regions are filled using PatchMatch [10]. Hallucinating the back texture is an open
research problem [97, 38, 98]. We provide two options: (1) paste a mirrored copy of the front
texture onto the back, (2) inpaint with optional user guidance. For the second option, inpainting of
the back is guided by the body label maps, drawing texture from regions with the same body labels.
The user can easily alter these label maps to, e.g., encourage filling in the back of the head with
hair texture rather than face texture. Finally the front and back textures are stitched with poisson
blending [127].

Please refer to the appendix A for more details and illustrations of head pose correction and

texturing.
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3.5 Results

Figure 3.6: Examples of body label maps and meshes (input photos are put on top right corner).

Photo credits to [45, 27, 128, 157, 37]

Below we describe our user interface, results, and comparisons to related methods. We have tested
our method on 70 photos downloaded from the Internet (spanning art, posters, and graffiti that
satisfied our photo specifications—full body, mostly frontal). Figs. 3.11 and 3.10 show our typical
animation and augmented reality results. With our Ul, the user can change the viewpoint during
animation, and edit the human pose. With an AR headset, the user can place the artwork on the
wall and walk around the animation while it is playing. Please refer to the supplementary video?

for dynamic versions of the results.

User interface We have created a user interface where the user can interactively: (1) Modify
the animation: the default animation is “running”, where the user can keep some body parts fixed,
change the sequence (e.g., choose any sequence from [25]), modify pose and have the model per-
form an action starting from the modified pose. (2) Improve the automatic detection box, skeleton,
segmentation, and body label map if they wish. (3) Choose to use mirrored textures for the back
or make adjustments via editing of the body label map. The user interaction time for (2) and (3) is

seconds, when needed.

https://youtu.be/G63goXc5MyU


https://youtu.be/G63goXc5MyU
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Fig. 3.7 shows an example of the pose editing process. In our UI the mesh becomes transparent
to reveal the body skeleton. By selecting and dragging the joints the user can change the orientation

of the corresponding bones. A new image where the pose is edited can be then easily generated.

“®d@rra DR LPOP P

(a) Input image (b) User interface to drag joints (c) Results

Figure 3.7: Our pose editing Ul: (a) Input photo. (b) Editing pose by dragging joints. (c) Result.

Photo credits to Getty Images

The underlying reconstructed geometry for several examples is shown in Fig. 3.6. The resulting
meshes do not necessarily represent the exact 3D geometry of the underlying subject, but they are
sufficient for animation in this application and outperform state of the art as shown below.

Comparison with Bogo et al. [14]: As shown in Fig. 3.8(b), the fitted, semi-nude SMPL
model [ 4] does not correctly handle subject silhouettes.

Comparison with Alldieck et al. [3]: In [3], a SMPL mesh is optimized to approximately
match silhouettes of a rotating human subject in a monocular video sequence. Their posted code
uses 120 input frames, with objective weights tuned accordingly; we thus provide their method
with 120 copies of the input image, in addition to the same 2D person pose and segmentation we
use. The results are shown in Fig. 3.8(c). Their method does not fit the silhouette well; e.g., smooth
SMPL parts don’t become complex (bald head mapped to big, jagged hair) and the detailed fingers
are not warped well to the closed fists or abstract art hands. These failures are mostly due to a
strong human shape prior, which is not suited to tackling cases like cartoon characters or abstract

paintings.
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(a) Input image (b) Bogo et al. (c) Alldieck et al. (d) Our method

Figure 3.8: Comparison with [14, 3]. (a) Input photo. (b) A fitted SMPL model [14]. (c) A
deformed mesh using [3]. The mesh fails to deform hair and shoes (green arrows) and fingers

(blue box). (d) Our mesh. Photo credits to [30, 37].

Comparison with [61]: We have run our method on the only example in [6 ] that demonstrated
substantial out-of-plane motion rather than primarily in-plane 2D motion (see Fig. 3.9). Our result
appears much less distorted in still frames (due to actual 3D modeling) and enables 3D experiences
(e.g., AR) not possible in [61]. We verified our qualitative observation with a user study on MTurk,
asking users to decide which animation is “more realistic.” 103 participants responded, and 86%

preferred ours.
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(a) Input image (b) Hornung et al. (c) Our 3D demonstration

Figure 3.9: Comparison result with [61]: (a) input photo; (b) animation method proposed in [61];
(c) 3D demonstration using our method, which is not possible in [61]. Photo credits to Hornung et

al.

Figure 3.10: AR results of our method for different environments (input photos inset). The floor

(left) and couch (right) are real, while the people are augmented. Photo credits to [159, 28]
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Figure 3.11: Six animation results. The input is always on left. Photo credits to [45, 180, 30, 28,
37,157]
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3.6 Discussion

Limitations We note the following limitations (see also Fig. 3.12): (1) Shadows and reflections
are currently not modeled by our method and thus won’t move with the animation. (2) Since the
reconstructed mesh must fit the silhouette, the shape may look unrealistic, e.g., wrong shape of
shoes; on the other hand this enables handling abstract art. (3) Our method accounts for self-
occlusions when arms partially occlude the head, torso, or legs. It remains future work to handle
other occlusions, e.g., legs crossed when sitting. (4) Person detection and segmentation, pose
detection and body labeling can fail, requiring manual corrections. (5) We have opted for simple
texture inpainting for occluded body parts, with some user interaction if needed. Using deep
learning to synthesize, e.g., the appearance of the back of a person given the front, is a promising

research area, but current methods that we have tested [97, 38, 98] give very blurry results.

(a) Unmodeled shadows (b) Distorted mesh (c) Segmentation errors

Figure 3.12: Examples of limitations (inputs in blue boxes). (a) Shadows not modeled. (b) Unre-

alistic mesh. (¢) manually correcting segmentation errors. Photo credits to [ 150, 26, Ji

Summary We have presented a method to create a 3D animation of a person in a single image.

Our method works with large variety of of whole-body, fairly frontal photos, ranging from sports
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photos, to art, and posters. In addition, the user is given the ability to edit the human in the image,
view the reconstruction in 3D, and explore it in AR.

The proposed application enables new ways for people to enjoy and interact with photos. More-
over, it suggests a pathway to reconstructing a virtual avatar from a single image while providing

insight into the state of the art of human modeling from a single photo.



39

Chapter 4

HUMANNEREF:
FREE-VIEWPOINT RENDERING OF MOVING PEOPLE FROM
MONOCULAR VIDEO

(a) monocular video (b) free-viewpoint rendering

Figure 4.1: Our method takes as input a monocular video of a human performing complex move-
ment, e.g., dancing (left), and creates a free-viewpoint rendering for any frame in the sequence
(right). We construct a canonical subject appearance volume, and a motion field mapping from
observation to canonical space, trained on the video. At test time, we take just the pose from the

source frame (red square) and synthesize all output views, including the target view.

This chapter presents a joint work with Brian Curless, Pratul P. Srinivasan, Jonathan T. Barron,
and Ira Kemelmacher-Shlizerman. The work was published in CVPR 2022 [178]. The discussion

of and comparisons to related work are based on the state-of-the-art at the time.

4.1 Introduction

Given a single video of a human performing an activity, e.g., a YouTube or TikTok video of a

dancer, we would like the ability to pause at any frame and rotate 360 degrees around the performer
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to view them from any angle at that moment in time (Figure 1). This problem — free-viwepoint
rendering of a moving subject — is a longstanding research challenge, as it involves synthesizing
previously unseen camera views while accounting for cloth folds, hair movement, and complex
body poses [69, , 18, , , 48, 19, 40]. The problem is particularly hard for the case of
“in-the-wild” videos taken with a single camera (monocular video), the case we address in this

chapter.

Previous neural rendering methods [102, 93, , , , , 1 1] typically assume multi-
view input, careful lab capture, or do not perform well on humans due to non-rigid body motion.
Human-specific methods typically assume a SMPL template [95] as a prior, which helps constrain
the motion space but also introduces artifacts in clothing and complex motions that are not captured
by the SMPL model [126, ]. Recently deformable NeRF methods [121, , , ] perform

well for small deformations, but not for large, full body motions like dancing.

We introduce a method, called HumanNeRF, that takes as input a single video of a moving
person and, after per-frame, off-the-shelf segmentation (with some manual clean-up) and auto-
matic 3D pose estimation, optimizes for a canonical, volumetric T-pose of the human together
with motion field that maps the estimated canonical volume to each video frame via a backward
warping. The motion field combines skeletal rigid motion with non-rigid motion, each represented
volumetrically. Our solution is data-driven, with the canonical volume and motion fields derived
from the video itself and optimized for large body deformations, trained end-to-end, including 3D
pose refinement, without template models. At test time, we can pause at any frame in the video
and, conditioned on the pose in that frame, render the resulting volumetric representation from any
viewpoint.

We show results on a variety of examples: existing lab datasets, videos we captured outside the
lab, and downloads from YouTube (with creator permission). Our method outperforms the state-
of-the-art numerically and produces significantly higher visual quality. Please refer to the project

page' to see the results in motion.

'https://grail.cs.washington.edu/projects/humannerf/


https://grail.cs.washington.edu/projects/humannerf/
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4.2 Related Work

The physics of free-viewpoint rendering involves modeling geometry and surface properties and
then rendering from new camera views. However, it remains difficult to recreate complex geometry
and subtle lighting effects. Alternatively, image-based rendering [ 149, ] offers to render novel
views based on given set of views in the image domain with a large corpus of research over the last

couple decades [84, 40, 32, 55, 54, 21, 22, 198].

Human specific rendering The work of Kanade et al. [69] is one of the earliest investigations
into free-viewpoint rendering of humans. It introduced a dome equipped with cameras to recover
depth maps and meshes, enabling novel views to be rendered by reprojecting and blending different
views to account for mesh holes due to occlusions. Later, Matusik et al. [105] reconstructed a
visual hull from silhouettes of the subject and rendered it by carefully selecting pixels without an
auxiliary geometric representation. Carranza et al. [18] used a parameterized body model as a prior
and combined marker-less motion capture and view-dependent texturing [32]. Follow-on work
introduced non-rigid deformation [171], texture warping [186, 19], and various representations
based on volumes [31] or spheres [154]. Collet et al. [26] and Guo et al. [48] build a system as
well as pipeline that produces high-quality streamable [26] or even relightable [48] free-viewpoint

videos of moving people.

Most of these methods rely on multi-view videos — typically expensive studio setups — while

we are interested in a simple monocular camera configuration.

Neural radiance fields NeRF [110] and its extensions [192, 11, , , 56, , ] enable
high quality rendering of novel views of static scenes. NeRF has recently been extended to dynamic
scenes [121, , , 44, 88, , ], though these approaches generally assume that motion
is small. We compare our method to these dynamic and deformable NeRF works in our results

section.
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Human-specific neural rendering The work of Liu et al. [93] starts from a pre-captured body
model and learns to model time-dependent dynamic textures and enforce temporal coherence.
Martin-Brualla et al. [102] trained a UNet to improve the artifacts introduced by volumetric cap-
ture. The follow-up work of Pandey et al. [ 19] reduced the number of required input frames to as
few as a single RGBD image via semi-parametric learning. Wu et al. [182] and Peng et al. [126]
explored the use of learned structured latent codes embedded for point clouds (from MVS [145]) or
reposed mesh vertices (from SMPL [95]) and learn an accompanying UNet- or NeRF-based neural
renderer. Zhang et al. [66] decomposed a scene into background and individual performers, and
represented them with separated NeRFs thus enabling scene editing. Other than free-viewpoint
rendering, there is another related active research field that focus on human motion retargeting ei-
ther in 2D [173, 20, , 9, , 97, Jor3D [177, 92, , 49, , , 62, 53]. In addition,
a few concurrent works attempt to solve the problem using monocular videos. Xu et al. [187]
co-learn implicit geometry as well as appearance from images. They largely focus on multi-view
setups with a few examples on monocular videos where the human motion is simple (A-pose). Su
et al. [155] use an over-parameterized NeRF to rigidly transform NeRF features for refining body
pose and thus final rendering. The non-rigid motion is not explicitly modeled and the rendering
quality is not high. A similar approach is discovered by Noguchi et al. [1 16] as well but still shows
results of limited visual quality.

The main difference between our method and those works is that we take as input monocular
video that contains complex human motions and enable high-fidelity full 3D rendering. More-
over, our formulation of skeletal motion draws inspiration from Vid2Actor proposed by Weng et
al. [177], a method intended for rigidly animatable characters. Instead, we focus on the free-
viewpoint application and recovering pose-dependent, non-rigid deformation and outperform them

significantly for this application.
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Figure 4.2: Our method takes a video frame as input and optimizes for canonical appearance,
represented as a continuous field, as well as a motion field mapping from observation to canonical
space. The motion field is decomposed into skeletal rigid and non-rigid motion, represented as
a discrete grid and a continuous field respectively. We additionally refine body pose initialized
with an off-the-shelf body pose estimator, leading to better alignment. A loss is imposed between
the volume rendering in observation space and the input image, directing optimization towards a

solution.

4.3 Representing a Human as a Neural Field

We represent a moving person with a canonical appearance volume F. warped to an observed pose

to produce output appearance volume F:

Fo(Xa p) - Fc(T(X> p))> “4.1)

where F,. : x — (c,0) maps position x to color ¢ and density o, and T : (X,,p) — X. defines
a motion field mapping points from observed space back to canonical space, guided by observed
pose p = (J,2), where J includes K standard 3D joint locations, and €2 = {w;} are local joint
rotations represented as axis-angle vectors w;.

We handle complex human movement with complex deformation by decomposing the motion



44

field into two parts:

T(X> p) = Tskel(xa p) + TNR<Tskel(X7 p)> p)> (42)

where Ty represents skeleton-driven deformation, essentially inverse (volumetric) linear-blend
skinning, and Tyg starts from the skeleton-driven deformation and produces an offset Ax to it. In
effect, Ty provides the coarse deformation driven by standard skinning, and 7ygr provides the
more non-rigid effects, e.g., due to deformation of clothing.

For “in-the-wild” imagery, we use an off-the-shelf 3D body+camera pose estimator. Due to
inaccuracy in pose estimation, we also solve for a pose correction function P,..(p) that better
explains the observations, and apply this improvement to the skeleton-driven deformation, i.e., we
replace Tiel (X, p) With Ty (X, Poose(P)) in Eq. 4.2.

Figure 4.2 gives an overview of the components of our system. In the following sections, we

describe these components in detail.

Canonical volume We represent the canonical volume £ as a continuous field with an MLP that

outputs color ¢ and density o given a point x:

Fe(x) = MLPy, ((x)), (4.3)

where 1 is a sinusoidal positional encoding defined as (x, sin(2°7x), cos(2°7x), ..., sin(2E71rx),

cos(2F717x)) and L is a hyper-parameter that determines the number of frequency bands [110].

Skeletal motion Following Weng et al. [177], we compute the skeletal deformation Ty as a
kind of inverse, linear blend skinning that maps points in the observation space to the canonical

space:
K

T (,p) = > wi(x)(Rix +t;), (4.4)

i=1
where wf) is the blend weight for the i-th bone and R;, t; are the rotation and translation, respec-
tively, that map the bone’s coordinates from observation to canonical space; ?; and t; can be

explicitly computed from p (see Appendix B). We then aim to optimize for w!.
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In practice, we solve for w’ defined in canonical space by storing K blend weights as a set of
volumes {w’(x)}, from which the observation weights are derived as:

Zszzl wh(Rpx + t) .

w' (x) 4.5)

Solving for a single set of weight volumes {w’(x)} in canonical space, instead of N sets of
{w!(x)} in observation space (corresponding to N input images), can lead to better generalization
as it avoids over-fitting [ 177, 23].

We pack the set of {w’(x)} into a single volume W,(x) with K channels. Rather than en-
code W, with an MLP, we choose an explicit volume representation for two reasons: (1) Eq. 4.5
shows that K MLP evaluations would be needed to compute each w’(x), infeasible for optimiza-
tion (KX = 24 in our work); (2) an explicit volume with limited resolution resampled via trilinear
interpolation provides smoothness that can help regularize the optimization later. In practice, dur-
ing optimization, rather than directly solve for volume W, we solve for parameters . of a CNN

that generates the volume from a random (constant) latent code z:
W.(x) = CNNy,, (x;2). (4.6)

We also add one more channel, a background class, and represent IV, as a volume with K + 1
channels. We then apply channel-wise softmax to the output of the CNN, enforcing a partition of
unity across the channels. The denominator of Eq. 4.5 can then be used to approximate likelihood
f(x) of being part of the subject, where f(x) = Z,I::l w¥(Rpx + t;,). When f(x) is close to zero,
we are likely in free space away from the subject, which we will use during volume rendering.

The idea of optimizing blend weights (or skinning field) is not new. Similar approaches have
been applied to human modeling [33, 62, 23, , , , , , 13]. Our formulation follows
Weng et al. [177], but also shares similarities with Tiwari et al. [165]; the latter learns from 3D

scans while we learn from 2D images, like the former.

Non-rigid motion We represent non-rigid motion 7nr as an offset Ax to the skeleton-driven

motion, conditioned on that motion, i.e., Ax(x,p) = Tnr(Tike (X, P), P)). To capture detail, we
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represent 7ng with an MLP:

TNR(X7 p) = MLP@NR (7(}()’ Q)a (47)

where again we use the standard positional encoding v and condition the MLP on €2, the joint

angles of body pose p.

Pose correction The body pose p = (//,(2) estimated from an image is often inaccurate. To

address this, we solve for an update to the pose:

Ppose(p> - (Ju AQ(I’) X Q)’ (48)

where we hold the joints J fixed and optimize for a relative update to the joint angles, Aqg =
(Awy, ..., Aw ) which is then applied to €2 to get updated rotation vectors.
Empirically we found, instead of directly optimizing for Ag, solving for the parameters 6osc

of an MLP that generates A, conditioned on 2 leads to faster convergence:

Aa(p) = MLPy,,.,(Q). (4.9)

pose

With this pose correction, we can re-write the equation that warps from observation space to

canonical space as:

T(Xa p) = Tskel(xa Ppose(p>) + TNR<Tskel(X7 Ppose<p))7 p) (410)

4.4 Optimizing a HumanNeRF

In this section, we describe the overall objective function we minimize, our volume rendering
procedure, how we regularize the optimization process, specific loss function details, and the ray

sampling method.

HumanNeRF objective Given input frames {Iy, I, ..., Iy}, body poses {p1, p2,...,pn}, and

cameras {ej, e, ..., ey }, we are solving the problem:

N
minimize > L{T[F.(T(x,p:)), e, I}, (4.11)

i=1
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where £{-} is the loss function and I'[-] is a volume renderer, and we minimize the loss with
respect to all network parameters © = {6, Owel, ONr; Opose }- As we have seen, F.. is determined
by parameters 6., while the transformation 7" from observation space to canonical space relies on

parameters g, Onr, and Opose.

4.4.1 Volume rendering

We render a neural field using the volume rendering equation [107] as described by Mildenhall et
al. [110]. The expected color C(r) of a ray r with D samples can be written as:

D -1

C(r) = 1 — o ))ae(x;),
(r) ;(g( ))eic(x;) @i

a; = 1 —exp(—o(x;)At;),

where At; is the interval between sample 7 and 7 + 1.
We further augment the definition of «; to be small when approximate foreground probability

f(x) is low:

a; = f(x;)(1 — exp(—o(x;)At;)), (4.13)

We apply the stratified sampling approach proposed by NeRF [ 10]. We do not use hierarchical
sampling since the bounding box of a subject can be estimated from their 3D body pose. We then

only sample points inside the box.

4.4.2 Delayed optimization of non-rigid motion field

When solving for all the network parameters in Eq. 4.11 at once, we find that the the optimized
skeleton-driven and non-rigid motions are not decoupled — a portion of the subject’s skeletal mo-
tions is modeled by the non-rigid motion field — due to over-fitting of non-rigid motions to the input
images. As a result, the quality degrades when rendering unseen views.

We manage the optimization process to solve the problem. Specifically, we disable non-rigid

motions at the beginning of optimization, and then bring them back in a coarse-to-fine manner [ 121,
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]. To achieve this, for the non-rigid motion MLP, we apply a truncated Hann window to its
frequency bands of positional encoding, to prevent overfitting to the data [161], increasing the
window size as the optimization proceeds. Following Park et al. [121], we define the weight for

each frequency band j of positional encoding:

w(r) = 1-— cos(clamp2(7 - 7,0, 1)7r)7 4.14)

where 7 € [0, L) determines the width of a truncated Hann window, and L is the total number
of frequency bands in positional encoding. We then define 7 as a function of the optimization

iteration:
max(0,t — Ty)

rt)=1L T (4.15)

where ¢ is the current iteration, and 7’ and 7, are hyper-parameters that determine when to enable
non-rigid motion optimization and when to use full frequency bands of positional encoding. We
remove position identity from positional encoding without affecting performance [11]. By doing

so, we can completely disable non-rigid motion optimization by setting 7 = 0 [122].

4.4.3 Loss function and ray sampling method

Loss function We employ both an MSE loss to match pixel-wise appearance and a perceptual
loss, LPIPS [193], to provide robustness to slight misalignments and shading variation and to
improve detail in the reconstruction. Our final loss function is £ = Lipps + Alyse. We use

A = 0.2 and choose VGG as the backbone of LPIPS.

Patch-based ray sampling Training on random ray samples, as done in NeRF [110], does not
work for minimizing our loss because LPIPS uses convolutions to extract features. Instead, we
sample GG patches with size H x H on an image, and render a total of G x H x H rays in each
batch. The rendered patch is compared against the patch with the same position on the input image.
We use GG = 6 and H = 32 in our experiments. Similar approaches were also used in NeRF-based

generative models [ 146].
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4.44 Implementation details

There are several small but important implementation details that contribute to best results. We

describe them below.

Optimizing AW _.: Our method solves for W, to determine skeletal rigid motion. In practice,
we ask a deep network to generate AW, instead, the difference between W, and the logarithm of
W,. W, consists of an ellipsoidal Gaussian around each body bone, given by the canonical T-pose,

that specifies approximate body part regions in the canonical space. 11, is then computed as:

W, = softmaz (AW, + log(Wy)), (4.16)

where the background weight in W, is set to one minus the sum of all the bone weights. We apply

the logarithm to W, to compensate the exponential function in softmax.

Representation of global body orientation: Global subject orientation can be represented as
body rotation or, equivalently, camera rotation. We choose to rotate the camera in order to keep
the estimated bounding box when subject orientation changes. Specifically, we uses axis-aligned
bounding boxes because for ease of implementation; however, the box will be different for the
same pose but rotated global body orientation. This undesirable effect can be avoided if we instead

describe changes of global body orientation as camera rotations.

Random background: During optimization, we randomly assign a solid background color to

the rendering and to the input image to facilitate separation of foreground and background.

MLP initialization: We initialize the weights of the last layer of the non-rigid motion MLP
and pose correction MLP to small values, U/ (—10_5, 10_5), i.e., initializing the offset to be close

to zero and the pose refinement rotation matrices each near the identity.

Importance ray sampling: We sample more rays for the foreground subject, indicated by
the segmentation masks. Specifically, we enforce random ray sampling with probability 0.8 for

foreground subject pixels and 0.2 for the background region.
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4.5 Results

4.5.1 Evaluation dataset

We evaluate our method on the ZJU-MoCap dataset [126], self-captured data (rugby, hoodie), and
YouTube videos downloaded from Internet (story*, way2sexy?, invisible*). All subjects in these
videos provided consent to use their data. For ZJU-MoCap, we select 6 subjects (377, 386, 387,
392, 393, 394) with diverse motions and use images captured by “camera I” as input and the
other 22 cameras for evaluation. We directly apply camera matrices, body pose, and segmentation
provided by the dataset. For videos “in the wild” (self-captured and YouTube videos), we run
SPIN [80] to get approximate camera and body pose, automatically segment the foreground sub-
ject, and then manually correct errors in the segmentation. (High quality segmentation is necessary
for best results; purely automatic segmenters were not accurate enough, and improving on them
was outside the scope of this work, an area of future work.) We additionally resize video frames to

keep the height of subject at approximately 500 pixels.

4.5.2 Optimization details

We optimize Eq. 4.11 using the Adam optimizer [78] with hyperparameters 5; = 0.9 and (B =
0.99. We set the learning rate to 5 x 10~* for 6, (the canonical MLP), and 5 x 10~° for all the
others. We use 128 samples per ray. The optimization takes 400K iterations (about 72 hours) on
4 GeForce RTX 2080 Ti GPUs. We apply delayed optimization with 7y = 10K and 7, = 50K to
ZJU-MoCap data, and with 7y = 100K and 7, = 200K to the others. In addition, we postpone

pose refinement until after 20K iterations for in-the-wild videos.

’https://youtu.be/00RaAnJIYROG
3https://youtu.be/gEpJDES8ZbhU

*https://youtu.be/ANwEiICt7BM


https://youtu.be/0ORaAnJYROg
https://youtu.be/gEpJDE8ZbhU
https://youtu.be/ANwEiICt7BM
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4.5.3 Evaluation method

We compare our method with Neural Body [126] (typically used with multiple cameras) and Hy-
perNeRF [122] (single moving camera around the subject), state-of-the-art methods for modeling
humans and general scenes for novel view synthesis. Our method works with a single camera
which can be static or moving; we focus on results with a static camera and moving subjects, a

natural way to capture a person’s performance. The method differences are listed in Table 4.1.

Neural Body [126] HyperNeRF [122] HumanNeRF
Setup multi-camera single camera single camera
Subject dynamic human quasi-static general scene | dynamic human
Priors body pose, rigidity body pose (approx.)
SMPL vertices (reposed)

Table 4.1: Differences between the compared methods.

4.5.4 Comparisons

We found HyperNeRF does not produce meaningful output for novel view synthesis in our exper-
iments, as shown in Fig. 4.3, likely because it relies on multiple views (moving camera) to build a
coherent 3D model. For the static camera case with moving subject, it fails to recover a meaning-
ful depth map and appears to memorizes the input images rather than generalize from them. Note

dynamic human motions are more extreme than the examples shown to work with HyperNeRF.

—— Novel view synthesis —

(d) Learned depth
(a) Input " (b) HyperNeRF  (c) Our method & (HyperNeRF)

Figure 4.3: Qualitative comparison to HyperNeRF [122]
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Quantitatively, We report PSNR, SSIM, and LPIPS* (LPIPS x10?%) metrics. As shown in Ta-
ble 4.2, HumanNeRF outperforms Neural Body for all subjects and under all metrics, except for
subject 393 on PSNR (a metric known to favor smooth results [193]). The gain is particularly sig-
nificant with perceptual metric LPIPS, nearly 40% improvement on average. Fig. 4.4 shows that
HumanNeRF’s visual quality is substantially better then Neural Body for this dataset. Our method
is capable of producing high fidelity details similar to the ground truth even on completely unob-
served views, while Neural Body tends to produce blurrier results. The results for self-captured

and YouTube videos, shown in Fig. 4.5, also show consistently higher quality reconstructions with

HumanNeRF.

Subject 377 Subject 386
PSNR 1 | SSIM 1 | LPIPS* | || PSNR 1 | SSIM 1 | LPIPS* |
Neural Body [126] || 29.11 | 0.9674 40.95 30.54 | 0.9678 46.43
Ours 30.41 | 0.9743 24.06 33.20 | 0.9752 28.99
Subject 387 Subject 392
PSNR 1 | SSIM 1 | LPIPS* | || PSNR 1 | SSIM 1 | LPIPS* |
Neural Body[126] 27.00 | 0.9518 59.47 30.10 | 0.9642 53.27
Ours 28.18 | 0.9632 35.58 31.04 | 0.9705 32.12
Subject 393 Subject 394
PSNR 1 | SSIM 1 | LPIPS* | || PSNR 1 | SSIM 1 | LPIPS* |
Neural Body[!26] 28.61 | 0.9590 59.05 29.10 | 0.9593 54.55
Ours 28.31 | 0.9603 36.72 30.31 | 0.9642 32.89

Table 4.2: Quantitative comparison on ZJU-MoCap dataset. We color cells that have the best metric value.
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Figure 4.4: Qualitative comparison on ZJU-MoCap dataset.
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(bottom three).
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4.5.5 Ablation studies

Non-rigid motion & pose correction Fig. 4.6 shows visually, for in-the-wild data, the impor-

tance of including non-rigid motion and, additionally, pose correction for an unseen view.

(Vg

(a) mput (b) w/o pose correction (c) w/o non-rigid motion (d) full model
w/0 non-rigid motion

Figure 4.6: Pose correction and non-rigid motion improve novel view synthesis. Pose correction
straightens the right arm and adds details (red arrows in (b) vs (c)) and non-rigid deformation

improves clothing alignment and shape (green arrows in (c) vs. (d)).

PSNR 1 | SSIM 1 | LPIPS* |

Neural Body [126] 29.08 | 0.9616 52.27

Ours (w/o non-rigid) | 29.81 0.9657 34.17

Ours (full model) 30.24 | 0.9679 31.73

Table 4.3: Ablation study on ZJU-MoCap. We compute averages over 6 sequences. We color cells

with best best and second best metric values. LPIPS* = LPIPS x103.

Table 4.3 illustrates that skeletal deformation alone is enough for significant improvement over
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Neural Body for the ZJU-MoCap data. Adding non-rigid deformation provides further gains. (Ac-
curate poses were provided for this dataset, thus we did not perform an ablation for the pose

optimizer here.)

w/o delayed optimization with delayed optimization

i

(a) input (b) skeletal only  (c) full motion

(d) skeletal only  (e) full motion

Figure 4.7: Delayed optimization (d, e) leads to better motion decoupling than the result without
it (b, ¢). The skeletal-only deformation result without delayed optimization is poor, which can be

“corrected” by the non-rigid deformation, but leads to poor view generalization (see Fig. 4.8).

Delayed optimization Fig. 4.7 shows the importance of delayed optimization for decoupling
skeletal deformation and non-rigid deformation. When not decoupled well, generalization to new

views is much poorer, as shown in Fig. 4.8.
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(a) input (b) w/o delayed (c) with delayed
optimization optimization

Figure 4.8: Without delayed optimization and strong decoupling of skeletal and non-rigid defor-
mations, generalization to unseen views is poor (b). With delayed optimization, the decoupling

leads to good generalization (c).

Sequence Length To understand how our method performs on different sequence lengths, we
evaluate it on the sequences that vary in the number of frames but are sampled from the same

video.

PSNR 4 | SSIM 1 | LPIPS* |

556 frames 31.04 0.9705 32.12

228 frames | 30.84 | 0.9701 31.78

112 frames | 31.01 | 0.9703 32.75

56 frames 30.90 0.9693 35.45

19 frames 30.51 0.9655 45.17

Table 4.4: Ablation study on sequence length. We color cells with best metric values. LPIPS* =
LPIPS x103.
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Specifically, we take subject 392 from ZJU-MoCap dataset and use images captured from
“camera 1” temporally sub-sampled at rates of 1, 2, 5, 10, and 30, yielding five training sequences
containing 556, 228, 112, 56, and 19 frames respectively. For evaluation, we use the same mo-
tion sequence temporally sub-sampled by 30 but captured from the other 22 cameras not seen in
the training. We use the same hyperparameters and training iterations throughout. The results are

shown in Table 4.4.

As expected, using more frames leads to better quality; however the improvement is not obvious
when the frame number is over a threshold (in this case, 112 frames). We speculate that diversity

of body poses is a more significant factor in reconstruction quality than number of frames.

4.5.6 Optimized Canonical Appearance

Figure 4.9: Optimized canonical appearance on ZJU-MoCap dataset.

Fig. 4.9 shows the recovered appearance for the pre-defined T-pose on the ZJU-MoCap [126]

dataset; the results for self-captured and YouTube videos are shown in Fig. 4.10.
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Figure 4.10: Optimized canonical appearance for self-captured videos (first two columns) and

YouTube videos (right three).

4.6 Discussion

Limitations Our method has artifacts when part of the body is not shown in the video. Pose
correction improves image alignment but may fail if the initial pose estimate is poor or if the image
contains strong artifacts such as motion blur. In addition, we observed the frame-by-frame body
poses are still not temporally smooth even after pose correction. We assume non-rigid motion is
pose-dependent, but this is not always true (e.g., clothes shifting due to wind or due to follow-
through after dynamic subject motion). We also assume fairly diffuse lighting, so that appearance
does not change dramatically as the points on the subject rotate around. Finally, for in-the-wild
videos, we rely on manual intervention to correct segmentation errors. These limitations point to a
range of interesting avenues for future work.

We provide two visual examples of our method’s limitations in Fig. 4.11. Pose correction may
fail if the video frame contains artifacts, e.g., strong motion blur, as shown in (a) and (b). Non-
rigid motion was not fully recovered in (c) and (d), as the movement of the jacket depended on the

temporal dynamics of subject motion.
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Figure 4.11: Visual examples of limitations. Pose correction may fail (a and b) and non-rigid

clothes motion was not able to be fully recovered (c and d).

Societal Impact In this work we aim to faithfully reproduce motion sequences performed by a
person with the capability of rendering unseen views. Therefore applying the technology to create
false depictions, e.g., re-animating the subject in novel poses, was not considered as a potential
application. Nevertheless, the public deployment of the technology should still be done with care,
e.g., by reminding audiences that imagery is computer-generated when adjusting the viewpoint. In
addition, the high computation requirement of the algorithm may lead to increased carbon emis-
sions. We hope the methods that accelerate training of neural graphics primitives (e.g., [111]) will
help reduce computation and thus the environmental impact. Finally, our method will be made

available to the public for counter-measure analysis and computation reduction.

Conclusion We have presented HumanNeRF, producing state-of-the-art results for free-viewpoint
renderings of moving people from monocular video. We demonstrate high fidelity results for this
challenging scenario by carefully modeling body pose and motion as well as regularizing the op-
timization process. We hope the result points in a promising direction toward modeling humans
in motion and, eventually, achieving fully photorealistic, free-viewpoint rendering of people from

casual captures.
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Chapter 5

PERSONNEREF:
PERSONALIZED RECONSTRUCTION FROM PHOTO COLLECTIONS

¥

appearance

body pose camera view » \ =
/,4 ,.l ) ) r “) -/4 ) ' ‘ ;4 )
(b) Federer’s personalized space (c) Our rendering across each axis (camera view, body pose, and appearance)

Figure 5.1: Given a photo collection of a subject (e.g., Roger Federer) (a), our method PersonNeRF
builds a space of the subject spanned by camera view, body pose, and appearance (b). PersonNeRF
enables traversing this space and exploring unobserved combinations of these attributes (c). Here
we render novel views (top row), various body poses (middle row), and different appearances (bot-
tom row) by traversing the corresponding axes. Among all of the renderings shown here, only the
central images of rows correspond to a photo actually observed in the training data (corresponding

input photo marked with a red square). Photo credits to Getty Images.
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In this chapter, I present a collaborative research project involving Pratul P. Srinivasan, Brian

Curless, and Ira Kemelmacher-Shlizerman. The work will be published in CVPR 2023 [179].
5.1 Introduction

We present a method for transforming an unstructured personal photo collection, containing images
spanning multiple years with different outfits, appearances, and body poses, into a 3D representa-
tion of the subject. Our system, which we call PersonNeRF, enables us to render the subject under
novel unobserved combinations of camera viewpoint, body pose, and appearance.

Free-viewpoint rendering from unstructured photos is a particularly challenging task because a
photo collection can contain images at different times where the subject has different clothing and
appearance. Furthermore, we only have access to a handful of images for each appearance, so it is
unlikely that all regions of the body would be well-observed for any given appearance. In addition,
any given body pose is likely observed from just a single or very few camera viewpoints.

We address this challenging scenario of sparse viewpoint and pose observations with changing
appearance by modeling a single canonical-pose neural volumetric representation that uses a shared
motion weight field to describe how the canonical volume deforms with changes in body pose, all
conditioned on appearance-dependent latent vectors. Our key insight is that although the observed
body poses have different appearances across the photo collection, they should all be explained by
a common motion model since they all come from the same person. Furthermore, although the
appearances of a subject can vary across the photo collection, they all share common properties
such as symmetry so embedding appearance in a shared latent space can help the model learn
useful priors.

To this end, we build our work on top of HumanNeRF [178], which is a state-of-the-art free-
viewpoint human rendering approach that requires hundreds of images of a subject without clothing
or appearance changes. Along with regularization, we extend HumanNeRF to account for sparse
observations as well as enable modeling diverse appearances. Finally, we build an entire personal-
ized space spanned by camera view, body pose, and appearance that allows intuitive exploration of

arbitrary novel combinations of these attributes (as shown in Fig. 5.1). Please refer to the project
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page' for video demonstrations and interactive demos.
5.2 Related Work

3D reconstruction from unstructured photos Reconstructing static scenes from unstructured
photo collections is a longstanding research problem in the fields of computer vision and graphics.
The seminal Photo Tourism system [ |5 1] applies large-scale structure-from-motion [ 144] to tourist
photos of famous sites, enabling interactive navigation of the 3D scene. Subsequent works lever-
aged multi-view stereo [147, 42] to increase the 3D reconstruction quality [148, 1]. Recently, this
problem has been revisited with neural rendering [162, , , 89, ]. In particular, Neural
Radiance Fields (NeRFs) [110] have enabled photorealistic view synthesis results of challenging
scenes, including tourist sites [103] and even city-scale scenes [160]. In addition to static scenes,
unstructured photo collections have been also used to model human faces [73, 90] or even visualize
scene changes through time [ 100, , ].

Our method builds on top of NeRF’s neural volumetric representation of static scenes, and

extends it to model dynamic human bodies from unstructured photo collections.

3D reconstruction of humans Many early works in image-based rendering [ 1 58] have addressed
the task of rendering novel views of human bodies. These techniques are largely based on view-
dependent texture mapping [32], which reprojects observed images into each novel viewpoint using
a proxy geometry. The image-based rendering community has explored many geometry proxies
for rendering humans, including depth maps [198, 69], visual hulls [105], and parametric human
models [18]. An alternative technique for 3D reconstruction and rendering of humans is to use 3D
scanning techniques to recover a signed distance field representation [29, 36], and then extract and
texture a polygon mesh [48, 26, ]. Recently, neural field representations [!84], have become
popular for modeling humans since they are suited for representing surfaces with arbitrary topol-
ogy. Methods have reconstructed neural field representations of humans from a variety of different

inputs, including 3D scans[165, 23, 99, , ], multi-view RGB observations[126, 85, 92],

'https://grail.cs.washington.edu/projects/personnerf/
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RGB-D sequences[35], or monocular videos [178, 67]. Our work is most closely related to Hu-
manNeRF [178], which reconstructs a volumetric neural field from a monocular video of a moving
human. We build upon this representation and extend it to enable reconstructing a neural volumet-

ric model from unstructured photo collections with diverse poses and appearances.

5.3 Method

In this section, we first review HumanNeRF [178] (Sec. 5.3.1), explain how we regularize it to
improve reconstruction from sparse inputs (Sec. 5.3.2), and then describe how we model diverse
appearances (Sec. 5.3.3 and 5.3.4). Finally, we describe how we build a personalized space to

support intuitive exploration (Sec. 5.3.5).

5.3.1 Background

HumanNeRF The recently-introduced HumanNeRF method represents a moving person as a

canonical volume F. warped to a body pose p to produce a volume F), in observed space:

Fy(x,p) = F.(T'(x,p)), (5.1)

where 7' : (x,,p) — X, defines a motion field mapping points from observed space back to
canonical space, and F, : x — (c,0) maps position x to color ¢ and density o, represented by
MLPy, (v(x)) taking y(x), a sinusoidal positional encoding of x, as input, with parameters 0...

The motion field 7' is further decomposed into skeletal motion 7§, and non-rigid motion 7Tng:

T(X, p) = Tskel(X7 Ppose<p)) + TNR(Xskela p), (52)

where Xgel = Tikel (X, Poose(P)), T represented by MLPy . predicts a non-rigid offset Ax, and
P, ose(p) corrects the body pose p = (J,€2) with the residual of joint angles A predicted by
MLPy,..(€2) taking joint angles €2 as input.

The skeletal motion 7., maps an observed position to the canonical space, computed as a

weighted sum of K motion bases (R;, t;):
K

T (3, P) = D> wi(x)(Rix + t;), (5.3)

i=1
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where (R;,t;), explicitly computed from p, indicates the rotation and translation that maps i-th
bone from observation to canonical space and w/ is the corresponding weight in observed space.
Each w! is approximated using weights w’ defined in canonical space:
= —% )
D 1 WE (R + )

w' (x) (5.4)

HumanNeRF stores the set of {w’(x)} and a background class into a single volume grid W.(x)
with K + 1 channels, generated by a convolution network CNNy_  that takes as input a random

(constant) latent code z.

Volume Rendering The observed volume F;, that produces color ¢ and density o is rendered
using the volume rendering equation [110]. The expected color C(r) of a ray r(¢) = o + td with
G samples is computed as:

G -1

C(r) = I —aj))ae(x;),
(r) ;(jl:[l( ))aic(x;) 55)

a; = f(x;)(1 — exp(—o(x;)Aty)),

where At; = t;,,—t; is sample interval, and f(x) = S| w¥(Ryx + t;) is foreground likelihood.
Finally, HumanNeRF optimizes for network parameters © = {0., Oy, ONR, Opose } through MSE

loss, Lysg, and LPIPS [193] loss, Lprps, by comparing renderings with inputs.

Our method Built upon HumanNeRF, our method addresses the difficulties of insufficient ob-
servations and a variety of subject appearances. In the following sections, we detail our approaches

to overcoming these challenges. The overview of our method is shown in Fig. 5.2.
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Figure 5.2: Given an input personal photo collection, our method optimizes for a canonical volume
that can render diverse appearances. We represent the canonical volume with an MLP conditioned
on an appearance embedding, and use a shared pose-dependent motion field that maps from ob-
servation to canonical space. Additionally, we use a pose correction MLP that takes the estimated
body pose and a pose embedding and outputs appearance-dependent pose residuals. Finally, to
improve rendering quality from sparse observations, we regularize the volumetric representation
to have smooth and opaque geometry with Lgeom and Lopacity, Which we apply to renderings from

uniformly-sampled unobserved camera viewpoints. Photo credits to Getty Images.

5.3.2 Unseen view regularization

Although HumanNeRF [178] works well given monocular videos, we observe it produces poor
results on unstructured photo collections due to insufficient observations: we usually only have
a handful of photos of a subject’s outfit (< 25 images in our case) while HumanNeRF relies on
videos with a large number of video frames (> 300 frames).

We find HumanNeRF’s struggles in our setting for two reasons: (1) its non-rigid motion does
not generalize well to novel viewpoints since there are too few pose observations to sufficiently
constrain this pose-dependent effect; (2) the reconstructed canonical-pose human body geome-
try is incorrect due to insufficient viewpoint observations, resulting in inconsistent appearance in

rendered novel viewpoints.
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We address the first limitation by simply removing the non-rigid component and only use skele-

tal motion:

T(Xv p) = Tskel(X7 Ppose(p)) (5.6)

We address the second limitation by regularizing the body geometry as rendered in novel views.
Specifically, inspired by RegNeRF [114], we encourage the geometry to be smooth by enforcing a
depth smoothness loss on rendered depth maps. We generate novel camera poses by first sampling
an angle ¢ from a uniform distribution, ¢ ~ U(0, 27), and rotate the input camera with ¢ around
the up vector with respect to the body center.

We render a pixel’s depth value by calculating the expected ray termination position, using the

same volume rendering weights used to compute the pixel’s color (Eq. 5.5):

G i—1

Dr) =3 (110 = a)ast: (5.7)

Ar) = (JJ = a5)es (5.8)

Our proposed depth smoothness loss is formulated as:

H-1
Loeom = ) (Alrs ) Alrig) (D) = D(rizi1)))’
ig=1 (5.9)

+ (A(rig) A(ri ) (D(rig) = D(rigiy))’

where the loss is evaluated over patches of size H, as we use patch-based ray sampling similar to
HumanNeRF. Note that this loss only penalizes depth discontinuities when the alphas of neighbor-
ing points are high, which effectively constrains the loss to points on the surface.

In practice, we find the depth smoothness term improves geometry and rendering but introduces
“haze” artifacts around the subject. This problem arises because the loss encourages small alphas

— all zero alpha would in fact minimize this term — biasing toward transparent geometry.
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To address this problem, we use an opacity loss inspired by Neural Volumes [94] that encour-

ages binary alphas:

Lopacity = Y log(A(rij) +€) +log(1 — A(r; ;) +€) = C, (5.10)
Y]
where C' = log(e) + log(1 + €) to ensure non-negativity.

5.3.3 Appearance modeling

We take as input photos of a subject taken at different times; these photos are subdivided into
appearance sets corresponding to photos taken around the same time, i.e., with the same clothing,
etc.

When modeling diverse appearances of a subject, we want to achieve two goals: (1) appear-
ance consistency: synthesizing consistent texture in unobserved regions in one appearance set
with the help of the others; (2) pose consistency: a motion model that keeps the rendered pose
consistent when switching the subject’s appearance.

A naive approach is to train a separate network on each appearance set. This approach does not
perform well: (1) the canonical MLP sees very few images in the training, resulting in artifacts in
unobserved regions, thus degrading appearance consistency (Fig. 5.5-(a)); (2) the learned motion
weight volume overfits body poses in each (small) appearance set and does not generalize well to
the other sets, leading to poor pose consistency (Fig. 5.5-(b)).

Instead, we propose to train all photos with different appearances into a single network. Specif-
ically, we enforce the shared canonical appearance MLPy_ to be appearance-dependent but opti-
mize for a single, universal motion weight volume W, across all images. The shared, appearance-
conditioned canonical MLP synthesizes consistent textures by generalizing over the full set of
images seen in training, while the universal motion weight volume significantly improves pose
consistency, as it is trained on the full set of body poses.

To condition the canonical MLP, inspired by Martin-Brualla et al. [ 103], we adopt the approach
of Generative Latent Optimization [!5], where each appearance set (with index ) is bound to a

single real-valued appearance embedding vector E?Sp . This vector is concatenated with v(x) as
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input to the canonical MLP,_. As a result, the canonical volume F, is appearance-dependent:

Fo(x, €37) = MLPg, (v(x), £3F)- (5.11)

Similarly, we introduce pose embedding vector Elggse to condition the pose correction module

on each appearance set and concatenate this vector with €2 as input to MLP, By doing so, we

pose *
can differentiate between instances where two bodies have an identical pose but different clothing.
The appearance embeddings L*PP = {E?gp}iszl as well as pose embeddings LP** = {{7™ o

are optimized alongside other network parameters, where S is the number of appearance sets.

5.3.4 Optimization

Loss function Our total loss is a combination of the previously-discussed losses:
L = Lrprps + A Lyse + A2Lgeom + A3Lopacity - (5.12)

Objective Given input images {[1, I, ..., Iy }, appearance set indices {s1, $2, ..., S }, body poses

{p1, P2, .-, Pn }, and cameras {ey, s, ..., ey }, we optimize the objective:

N
minimize D LT[FT(x, pi, €055), £59), €], 1), (5.13)
=1

where L(-) is the loss function and I'[] is a volume renderer, and we minimize the loss with respect
to all network parameters and embedding vectors © = {0, Osel, Opose, L*PP, LP**°}.

We shoot rays toward both seen and unseen cameras. Ly pips and Lysg are computed from the
output of seen cameras, while Lgeom and Lopacity are applied to renderings of unseen ones. We use
A = 0.2, Ay = 1.0, and A3 = 10.0. Additionally, we stop the gradient flow through the pose MLP

when backpropagating Lgeom, as we found it can lead to degenerate pose correction.

5.3.5 Building a personalized space

Once the optimization converges, we use its result to build a personalized space of the subject

spanned by camera view, body pose, and appearance. We allow continuous variation in viewpoint,
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but restrict body pose and appearance to those that were observed in the set. Every point in the
space has a corresponding rendering.

In practice, the space is defined as a cube with size 1 where the coordinate value ranges from 0
to 1. Our goal is to map a point in that cube to the inputs of the network from which we render the
subject.

Specifically, assuming the subject has N body poses and S appearances, we need to perform
mapping on coordinates (a, b, ¢) corresponding to position along the axes of appearance, body
pose, and camera view, respectively:

(1) Appearances: we map the value a to the index of S appearances: ia = | a.S|, which was
used to retrieve the appearance embedding K?f;‘; for canonical MLPy,_.

(2) Body pose: we map the value b to the index of N body poses: ib = | bV |. We get the ib -th
body pose p, corresponding to appearance index s;,. We then take pose embedding 61();)?3 as input
for pose MLPy,...

(3) Camera view: we rotate the camera e;, by ¢ = 2mc around up vector with respect to the
body center to get a viewing camera e,.

Finally, we generate a subject rendering corresponding to the position (a, b, ¢) by feeding the
appearance embedding K?f:f)’, pose embedding EE’SOZQ , and body pose p to the network and producing

a volume in observation space rendered by the viewing camera e,,.

5.4 Results

54.1 Dataset

In this section, we include the results of experiments using a photo collection of Roger Federer.
The results on more subjects, including Rafael Nadal, Noval Djokovic, and Serena Willaims, are
shown in Sec. 5.6.

The Roger Federer dataset contains 10 appearance sets spanning 12 years. We collect photos
by searching for a specific game in a particular year (e.g., “2019 Australian Open Final”). We

collected 19 to 24 photos for each game, one per year, and label each set according to the year
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(2009, 2012, ..., 2020).

Following HumanNeRF [178], we run SPIN [80] to estimate body pose and camera pose,
automatically segment the subject, and manually correct segmentation errors and 3D body poses
with obvious errors. Additionally, for images where the subject is occluded by balls or rackets, we

label the regions of occluded objects and omit them during optimization.

5.4.2 Implementation details

We optimize Eq. 4.11 using the Adam optimizer [78] with hyperparameters 5; = 0.9 and 3, =
0.99. We set the learning rate to 5 x 10~ for 6, (the canonical MLP), L**?, and LP°*® (embedding
vectors), and 5 x 1075 for all the others. We sample 128 points along each ray for rendering. The
size of embedding vectors of /*PP and ¢P°*° are 256 and 16. We use patch-based ray sampling with
6 patches with size 32x32 for seen cameras and 16 patches with size 8x8 for unseen ones. The
optimization takes 200K iterations to converge when training each game with individual networks
and takes 600K iterations for all games into a single network. Additionally, we delay pose refine-
ment, geometry regularization, and opacity constraint until after 1K, 1K, and 50K iterations for

separate-networks training, and 1K, 10K, and 200K iterations for single-network optimization.

5.4.3 Comparison

We compare our method with HumanNeRF [178], the state-of-the-art free-viewpoint method on
monocular videos. We run experiments on individual datasets (2009, 2012, ..., 2020). We use the
official HumanNeRF implementation with hyperparameters 75 = 2.5K and 7, = 5K to accom-
modate the much smaller input dataset size. Because HumanNeRF only can optimize for a single
appearance, we do the same in our method. Finally, we train HumanNeRF with 200K iterations,
the same number used in our method.

Evaluation protocol As we lack ground truth when evaluating results rendered from unseen
views, we adopt Frechet inception distance (FID) [58] for quantitative comparison. For each input
image, we rotate the camera in 10-degree increments around the “up” vector w.r.t the body center

and use these renderings for evaluation.
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2009 | 2012 | 2013 | 2014 | 2015 | 2016 | 2017 | 2018 | 2019 | 2020

HumanNeRF || 70.64 | 80.62 | 75.09 | 73.00 | 93.89 | 83.35 | 82.19 | 69.40 | 67.47 | 73.01

Our method || 59.28 | 63.92| 68.92| 63.39 | 77.36 | 71.99 | 71.98 | 58.38 | 58.21 | 61.77

Table 5.1: Comparison to HumanNeRF [178]: FID is computed per dataset (per year). Lower
FID score is better. We color cells that have the best metric value. Our method outperforms

HumanNeRF with significant margins.

Results Quantitatively, as shown in Table 5.1, our method outperforms HumanNeRF on all
datasets by comfortable margins. The performance gain is particularly significant when visualizing
the results, as shown in Fig. 5.3. Our method is able to create consistent geometry, sharp details,
and nice renderings, while HumanNeRF tends to produce irregular shapes, distorted textures, and
noisy images, due to insufficient inputs.

Visualization of Roger Federer’s space In Fig. 5.6, we visualize the rebuilt Federer space by
keeping the body pose fixed and rendering dense samples in the camera-appearance plane starting
from one photo. In this case, only a single image (the one with a red square) is directly observed,
showing how sparse observations we have to rebuild the space. The renderings are sharp and with
few artifacts, and the appearance and pose consistency are well-maintained. More visualizations
of personalized space on Roger Federer and other subjects are shown in Sec. 5.6.

Ablation studies Fig. 5.4 shows visually how we outperform HumanNeRF by modifying the
model and introducing new losses. By removing non-rigid motion, we get a significant quality
boost. We further enhance the shape and texture reconstruction with the geometry and opacity
losses. Table 5.2 quantifies the importance of each element. We get the best performance when

including all the refinements.
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Figure 5.3: Our method produces more convincing renderings with fewer artifacts than those from
HumanNeRF [178]. Note how HumanNeRF produces errors in regions occluded from the input

view, while our method produces plausible geometry. Photo credits to Getty Images.
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Figure 5.4: Ablation study. Removing the non-rigid motion component from HumanNeRF signif-

icantly improves reconstruction quality. Adding our geometry loss further refines the shape (green

arrow) but introduces “haze” artifacts (red arrow), which we address with the opacity loss.

+ geometry, opacity

FID |
HumanNeRF [178] 76.87
Ours  — non-rigid 71.75
Ours — non-rigid
76.84
+ geometry
Ours  — non-rigid
67.01
+ opacity
Ours  + geometry, opacity 65.91
Ours — non-rigid
65.52

Table 5.2: Ablation: average FID (lower is better) over 10 datasets. We color cells with best and

second best metric values.
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Figure 5.5: (a) Appearance consistency: training all appearance sets with a single network synthe-
sizes higher quality texture for unobserved regions while training with separate networks produces
incompatible colors (green arrow). (b) Pose consistency: In comparison to the source pose recon-
struction (i.e., the combination of pose and appearance is observed in training), separate-networks
training produces unsatisfied results when combining the pose with unseen appearances; the head
orientations are different from the input (red arrow) and the bodies are unnaturally distorted (blue

arrow). In contrast, single-network optimization enables consistent output.

Appearance and pose consistency Fig. 5.5 illustrates the benefit of training all images with a
single network. In contrast to individually trained networks, Fig. 5.5-(a) illustrates it can synthesize
compatible textures for unobserved regions as a result of better generalization, thus maintaining
appearance consistency; Fig. 5.5-(b) demonstrates the unified network is able to keep the rendered
body pose persistent across different appearances, thanks to the shared motion weight volume,

hence guaranteeing pose consistency.
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Figure 5.6: The visualization of the (appearance, camera view) plane of the reconstructed Federer

space. Note that only the image in the red square was directly observed in the input data.
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5.5 Discussion

Limitations Our work builds upon HumanNeRF to account for sparse inputs and diverse appear-
ance. While it is effective in this challenging scenario, it inherits some of HumanNeRF’s limita-
tions such as its reliance on the initialized poses, its assumption of relatively diffuse lighting, and
its requirement for manual human segmentation. Additionally, since human body pose estimators
typically fail on images with heavily-occluded bodies, we can only use input photos that view the
full body.

Societal impact In this work, we aim to faithfully produce images of a person with the capa-
bility of just rendering unseen views and switching appearance within their own set of appearances.
The work does not intend to create motions and animations that didn’t happen. While we show
examples of our results on a variety of persons with different genders and skin tones, it is important
to validate in future work that the method scales to a wide range of subjects.

Conclusion We have presented PersonNeRF, allowing rendering a human subject with arbi-
trary novel combinations of body pose, camera view, and appearance from an unstructured photo
collection. Our method enables exploring these combinations by traversing a reconstructed space
spanned by these attributes and demonstrates high-quality and consistent results across novel views

and unobserved appearances.
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5.6 More Results

In this section, other than Roger Federer, we demonstrate our method on a wide variety of subjects
that cover different genders and skin tones. In particular, we show results on three tennis athletes,
Novak Djokovic, Serena Williams, and Rafael Nadal where each has three appearance sets in the
datasets we collected. We present quantitative results in FID in Table 5.3 and visually compare
them with HumanNeRF [178] in Fig. 5.7. The quality improvement over the related work is

similar to the case of Roger Federer.

Novak Djokovic Serena Willams Rafael Nadal
2013 | 2016 | 2019 2009 2010 2011 2014 | 2019 | 2022
HumanNeRF || 87.07 | 62.01 | 64.17 | 104.23 | 100.52 | 113.41 || 90.04 | 64.95 | 76.68
Our method 81.38 | 57.14 | 58.74 || 87.81 | 90.70 | 85.17 | 80.95 | 62.75 | 61.71

Table 5.3: Comparison to HumanNeRF [178]: FID is computed per subject per year. Lower FID

score is better.

More visualizations of personalized space In Sec. 5.4, we show a visualization of (appearance,
camera view) plane of the reconstructed space of Roger Federer. Here we show the other two
planes, (appearance, body pose) plane in Fig. 5.8 and (body pose, camera view) plane in Fig. 5.9
where we keep the camera view and appearance fixed, respectively.

Additionally, we show visualizations of the rebuilt personalized spaces of the other 3 persons,
Novak Djokovic in Fig. 5.10, 5.11 and 5.12, Serena Willams in Fig. 5.13, 5.14 and 5.15, and
Rafael Nadal in Fig. 5.16, 5.17 and 5.18.
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Figure 5.7: Visual comparisons to HumanNeRF [178] on the tennis athletes: Novak Djokovic,

Serena Willams, and Rafael Nadal. Photo credits to Getty Images.
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Camera view

Figure 5.10: Visualization of the (appearance, camera view) plane of the reconstructed space of

Novak Djokovic.

douereaddy

T o Y4 4 < F
A A T N

M \ /S o
% g 'S =

Body pose

Figure 5.11: Visualization of the (appearance, body pose) plane of the reconstructed space of

Novak Djokovic.
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Figure 5.12: Visualization of the (body pose, camera view) plane of the reconstructed space of

Novak Djokovic.



84

N & A 8
% % j « L §

Camera view
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Figure 5.15: Visualization of the (body pose, camera view) plane of the reconstructed space of

Serena Willaims.
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Figure 5.17: Visualization of the (appearance, body pose) plane of the reconstructed space of

Rafael Nadal.
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Figure 5.18: Visualization of the (body pose, camera view) plane of the reconstructed space of

Rafael Nadal.
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Chapter 6
DISCUSSIONS AND CONCLUSION

In this chapter, I wrap up this thesis by sharing my thoughts on storytelling (Sec. 6.1), the
process of selecting research problems (Sec. 6.2), and the societal impact of synthesized contents
(Sec. 6.3). Following that, I discuss potential directions for future research (Sec. 6.4), and finally,

I conclude the thesis with my reflections. (Sec. 6.5).

6.1 Story First

Essentially, the “story first” principle is all about reminding storytellers and technicians such as
computer scientists to keep their eyes on the main goal: telling a good story. In this thesis, |
show how to introduce new dimensions such as space and time into visual storytelling. However,
the decision of whether and how to utilize these techniques will ultimately depend on the specific
requirements and demands of the narrative.

A good example is the movie “The Matrix.” In its most iconic scene, the incorporation of
free-viewpoint rendering, commonly known as the bullet-time effect, goes beyond its visually
stunning moments. It serves to visually depict the characters’ power to manipulate space and time,
effectively highlighting the contrast between the real world and the simulated reality. This effect
not only reinforces the film’s themes of challenging what is reality but also pushes the limits of
human perception.

It’s very likely that within the next 3 to 5 years, the approaches I've proposed for human render-
ing and reconstruction could be replaced by even more advanced techniques that offer significantly
better quality, especially given the rapid advancement of artificial intelligence. However, having
access to the most advanced technology doesn’t necessarily guarantee the ability to tell a better

story. Telling a good story relies heavily on close collaboration between storytellers, artists, and
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computer scientists.

6.2 Research Problem Selection

Regarding the development of technology, there are generally two types of strategies: the bottom-
up approach and the top-down approach. The bottom-up approach involves examining the existing
technology available to us and building upon it to discover new applications and capabilities. In
contrast, the top-down approach focuses on developing technologies specifically tailored to meet
the requirements of telling a compelling story. Both strategies hold equal significance: the former
aims to push the boundaries of technology, while the latter ensures the delivery of a convincing
narrative.

The same principle also applies to the selection of research problems. One can either focus on
enhancing existing methods or approach the problem with a specific application in mind, figuring
out the steps necessary to achieve that particular goal. In my thesis, I was primarily motivated by
applications and developing related approaches. However, throughout the process, the bottom-up
approach plays a crucial role as we must first improve the existing methods to determine their suit-
ability for tailored application towards a specific goal. The line separating these two approaches
turns out to be unclear. However, the fact itself reconfirms that both strategies hold equal impor-

tance in achieving substantial progress in either the field of science or art.

6.3 Synthesis and Reality

The rapid advancement of technology in image, video, and 3D synthesis blurs the line between
synthesized reality and actual facts. It has a dual impact. On one hand, it offers tremendous po-
tential to enhance storytelling, elevate visual experiences, and enable seamless remote communi-
cations. These advancements can contribute to more immersive narratives, improved visual effects
in movies, and bridge the gap between people across distances.

On the other hand, there are concerns regarding the misuse of such technology. It opens the
door for the creation and dissemination of fake messages, offensive content, and the potential

violation of personal privacy. The ability to manipulate media with advanced Al technologies raises
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ethical, legal, and social challenges. Deepfakes, for example, can be used to deceive, misinform,
or damage reputations, leading to significant consequences in personal and public domains.
Indeed, the issue of blurred reality has been present for quite some time, because of the
widespread use of digital visual effects in films and the availability of powerful video and photo
editing tools such as Adobe Photoshop. However, its significance has grown exponentially with the
advance of cutting-edge technologies such as diffusion models [131, 59, ]. Striking a balance
between creative and positive applications while addressing the risks is challenging but essential.
Addressing the problem requires a multidisciplinary approach involving technology, policy, edu-

cation, and public awareness.

6.4 Future Works

Reconstructing in full detail My proposed approaches on human reconstruction have primarily
concentrated on modeling body movement while disregarding facial expressions or hand motions.
With the help of existing head [87], hand [133], or even full-body parametric models such as
SMPL-X [123], proposing a pipeline that effectively captures an individual that includes all of

these subtle details in the application of free-viewpoint rendering represents a promising direction.

Generating photorealistic images The hallmark of rendering is producing photorealistic im-
ages. While current results are high-quality, there remains much room for further improvement.
This could entail recovering high-detail surfaces, reconstructing environmental lighting, and es-
timating material properties (i.e., BRDF functions) from sparse or even single viewpoints. Re-
cently, diffusion models have demonstrated success in generating images [131, , ], videos
[59, ], and 3D models [129, 91], with realistic details, offering a promising alternative to ad-

dressing the issue.

Casual capture Cao et al. [17] have showcased a fascinating technique for reconstructing a 3D
head avatar using photos taken with mobile phones. While the results are encouraging, creating

a full-body avatar, not only the head, from casual captures remains difficult. HumanNeRF and
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PersonNeRF, presented in this thesis, demonstrate promising approaches toward this goal, with
HumanNeRF focusing on videos and PersonNeRF centered around photo collections as their re-
spective inputs. Another possible solution could involve integrating a generative model for human
avatars, trained on a wide range of data including both realistic and synthetic images. A personal-
ized avatar can be generated by fine-tuning this model with personal photo scans. Exploring how
to effectively combine images, videos, and synthetic data to develop such a powerful generative

model presents an exciting problem that warrants further investigation.
6.5 Conclusion

In my thesis, I have explored the problem of reconstructing and rendering humans from unstruc-
tured data like internet images or YouTube videos. The primary goal is to enhance the visual
storytelling experience by introducing new dimensions such as time and space. I have reviewed
the literature in this domain and have proposed three approaches that lead to different applications:
Photo Wake-Up [176] allows for creating 3D human animations on AR devices like HoloLens us-
ing only single images; HumanNeRF [178] enables free-viewpoint rendering of moving persons
from a YouTube video; PersonNeRF [179] is capable of reconstructing a subject such as Roger
Federer from internet photo collections, enabling three-dimensional rendering and time-lapse an-
imations. These advancements push the boundaries of technology for storytelling and remote
communication while making it accessible to a wider audience beyond professional studios.

As computer scientists, we are often fascinated by those exciting “Aha!” moments when ev-
erything suddenly works and we are always amazed by the rapid progress in artificial intelligence,
which consistently delivers astonishing results. However, it is equally crucial for us to acknowl-
edge the potential risks and the possible misuse of this powerful tool. Just like telling a fascinating
story relies on the dynamic collaboration among storytellers, artists, and computer scientists, build-
ing a brighter future requires the collective effort of everyone involved. Technology alone is not
sufficient to create a compelling narrative, and the same principle holds true for constructing a

better world as well. After all, we all aspire to tell a beautiful story for ourselves, don’t we?
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Appendix A
PHOTO WAKE-UP ADDITIONAL DETAILS

A.1 Mesh Hole-filling

In practice, holes may arise when warping by f(z), i.e., small regions in which f(z) ¢ SsypL.
An example mesh rebuilt from an ouput depth map with holes is illustrated in Fig. A.1(a). To fill
these holes, we again apply mean value coordinates, now for smooth inpainting of normals and
skinning weights. For each hole H in normal map /N, we collect the points on the hole boundary
OH, compute mean-value coordinates of the points x € H in terms of the boundary points, and
then interpolate the boundary normals using these coordinates. We do the same for the skinning
map W, interpolating the vector skinning weights around 0H. A mesh result before and after

hole-filling is shown in Fig. A.1.

2 " \,}
(a) w/o hole filling (b) with hole filling

Figure A.1: Hole-filling results. Holes result can arise when warping between silhouettes. Here

we visualize the result of holes in the depth map (a), which we then smoothly fill (b).
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(a) Input image (b) Before correction (c) After correction

Figure A.2: In the result of SMPL optimization the head pose is usually incorrect (b), thus we
further align the head to detected face fiducials and estimate head pose. The correction result is

shown in (c).

A.2 Facial Region Alignment

The generic body shape model includes a head model which is fitted during the process just like the
body, but typically the optimization fails to predict correct head pose. Incorrect head pose creates
strong artifacts when the shape is textured and viewed from the sides. We found aligning the head
with face-specific techniques improves our animation results significantly. We begin by estimating
the head pose and then warp the transformed head mesh according to the image, as explained as
follows.

A head pose is estimated as in [74]. Specifically, 2D fiducial points ¢ are first detected using
[77] on the photo. Then predefined 3D fiducial points () on the SMPL mesh are used to recover
the head pose by solving ¢ = sR(Q) + T, where s is a scale value, R is a rotation matrix, and 7" is a
translation vector. To recover R, we first subtract the centroid from both point sets to getp = ¢ — ¢
and P = Q — (, estimate a 2 x 3 linear transformation A such that p = AP, let the third row of
A as the cross product of the first two rows to get A’, and apply SVD, A’ = UDVT | to estimate R
as UVT. An example result after head correction is shown in Fig. A.2(c).

Given the corrected head pose, we generate the full depth map Z as before. We warp Z in the
head part to match the fiducials to ensure good texturing. We treat 7 fiducial points /' (corners

of two eyes, nose, and corners of mouth) in the image and boundary points 0B of the head as
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anchors. We then project the corresponding 3D fiducial points () on the SMPL mesh into the
depth map Zg\ipr, and apply mean-value coordinates to find their corresponding locations, F”, in
the output. Finally, we warp the depth map Z within the head part to map F” to F' while keeping
the boundary 0B fixed, via moving least squares transform [141]. We chose MLS due to its good
global smoothness property, no need for triangulation, and closed-form solution. In case of abstract
art or other types of photos where the face and fiducials are not detected, the face-specific treatment
process is skipped, and the projected generic mesh is warped to the silhouette just as in the body

case.

(a) w/o texture refinement (b) with texture refinement

Figure A.3: (a) When texturing a mesh, errors arise around the silhouette boundary. (b) We reduce

the artifacts by replacing them with the colors nearest neighbor pixels well within the silhouette.

A.3 Texturing

Our final step is to texture the reconstructed 3D model. To texture the front mesh (before stitch-
ing to the back mesh), we can simply assign colors from the input image to the corresponding
vertices back-projected depth map. Due to small errors in person segmentation as well as mixed

foreground-background pixels at the silhouette, discolorations may appear on a narrow band near
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the boundary of the mesh (Fig. A.3(a)). These errors may be addressable with more sophisticated
segmentation refinement and matting. Instead, we simply erode S to form S’ and then replace the
color of each pixel in S\ S” with the color of the nearest pixel in S” (Fig. A.3(b)).

If a frontal region is occluded — e.g., hand in front of the torso — we apply the patch-match
algorithm [10] to inpaint the region. Texturing the back of the body is more difficult, as we have
no direct observation of it. One approach is to simply mirror the front texture onto the back. This
mirrored-texturing produces reasonable results in some cases (e.g., arms), but undesirable results
in others (face appears on the back of the head).

To address this problem, we allow the user to choose between mirrored texturing or label-
driven texture synthesis — “texture-by-numbers” — on a part-by-part basis. Fig. A.4 illustrates the
latter approach. Starting from the original body part label map, the user can apply new color labels
to the source (frontal) image, and optionally to the back image. We then synthesize texture for
the back, restricted to draw from regions with the same label. When texture synthesis does not
produce a satisfactory result, the user can opt instead to revert to mirrored-texturing. Finally, we

apply Poisson blending[39] to back texture when stitching it with the front texture.

Figure A.4: We transform the back texture construction into a “texture-by-numbers” problem. In
the example, we take the estimated body label map to describe both the body front and back.
However, for the front part, we roughly paint the regions of the face and the t-shirt logo with new

colors, hence excluding the textures of these regions from the body back appearance synthesis.
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Appendix B
HUMANNERF ADDITIONAL DETAILS

B.1 Derivation of Motion Bases

We describe how we derive the rotation and translation, { R;, t;}, to map from bone coordinates in
observation space to coordinates in canonical space (Section 3 on “skeletal motion™).

We define body pose p = (/,2), where J = {j;} includes K joint locations and Q = {w;}
defines local joint rotations using axis-angle representations € s0(3). Given a predefined canonical
pose p. = (J¢, Q°) and an observed pose p = (., §2), the observation-to-canonical transformation

M of body part £ is:

Mk(pcvp)
: . -1
B H exp(wf)  jf { H exp(w;)  Ji } (B.1)
ier (k) 0 1 ier(k) 0 1

where exp(w) € SO(3) is a 3 x 3 rotation matrix computed by taking the exponential of w (i.e.,
applying Rodrigues’ rotation formula), and 7(k) is the ordered set of parents of joint K in the
kinematic tree.
The rotation and translation, R, and ¢, for body part k& is can then be extracted from M}:
Rty

= My,(pe, P)- (B.2)
0 1

B.2 Network Architecture

Figures B.1 - B.4 show the network design for the canonical MLP, the non-rigid motion MLP, the

pose correction MLP, and the deep network generating the canonical motion weight volume.
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Figure B.1: Canonical MLP visualization. Following NeRF [110], we use an 8-layer MLP with
width=256, taking as input positional encoding ~ of position x and producing color ¢ and density
o. A skip connection that concatenates 7y(x) to the fifth layer is applied. We adopt ReLU activation

after each fully connected layer, except for the one generating color ¢ where we use sigmoid.

Figure B.2: Non-rigid motion MLP visualization. We choose a 6-layer MLP (width=128) that
takes as input the body pose, specifically, joint rotations €2, and positional encoding, v(x), and
predicts the offset Ax. We use a skip connection for the positional encoding at the fifth layer.
Additionally, we remove the rotation vector of global orientation from joint angles €2 and only uses

the remainder as MLP input.
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Figure B.3: Pose correction MLP visualization. A 4-layer MLP with width 256 that takes joint
angles (2 is used for refining initial poses. Like the non-rigid motion MLP, we take all joints except

for root joint (i.e., body orientation) into account and optimize them accordingly.

16x16x16x64

4x4x4x256

1x1x1x1024

2X2x2x512

8x8x8x128

32x32x32x25

Figure B.4: Network for generating the motion weight volume. The network begins with a fully-
connected layer that transforms the (random, constant) latent code z and reshapesittoa 1 x 1 x 1 x
1024 grid. Subsequently, it is concatenated with 5 transposed convolutions, increasing volume size
while decreasing the number of channels, and finally, produces a volume of size 32 x 32 x 32 x 25.
LeakyReLU is applied after MLP and transposed convolution layers. The size of the latent code z
is 256.
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(a) Design 1 (b) Design 2 (c) Design 3

Figure B.5: The three proposed designs of motion decomposition. We choose design 3 (c) as a

result of best quality of novel view synthesis, shown in Fig. B.6.

B.3 Motion Field Decomposition

We decompose a motion field into skeletal rigid motion and non-rigid motion. We tested several
different formulations for the decomposition. Specifically, starting from a point x in observation
space, we considered three potential decompositions. (To simplify notation and improve readabil-
ity below, we omit body pose p, which would otherwise always appear as the second argument to
each of T', Tye1, TNR.)

(1) Both T and Tyg conditioned on an observed point position X, illustrated in Fig. B.5-(a):

T(X) = Tskel(x) + TNR(X) (B3)

(2) Ingr conditioned on x, but 7y conditioned on position adjusted by non-rigid motion,

X + Tnr(x), illustrated in Fig. B.5-(b):

T(x) = Tyker(x + Tnr(X)) (B.4)

(3) Tkl conditioned on x and Txg conditioned on the position Ty (x) warped by skeletal rigid

motion 7§, illustrated in Fig. B.5-(c):

T'(x) = Tyker(x) + TNr(Tikel (X)) (B.5)

We conducted experiments on the PeopleSnapshot dataset [3], and used 64 samples per ray for
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quick evaluation. As shown in Fig. B.6, deforming x by 7. and then conditioning 7ng on that
motion (design 3, or Eq. B.5) produces the best quality for novel view synthesis. The result of this

experiment explains our final choice of motion decomposition.

Input (a) Design 1 (b) Design 2 (c) Design 3

Figure B.6: The experimental result of novel view synthesis on the three proposed motion decom-
positions, illustrated in Fig. B.5. Design 3 (c) leads to best alignment, the approach we ultimately
adopted. In this experiment, we used 64 samples per ray for quick evaluation, introducing color

artifacts on the arms not present when using the sampling described in the paper.
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Appendix C
PERSONNERF ADDITIONAL DETAILS

C.1 Network Architecture

Fig. C.1 and Fig. C.2 show the network design of our canonical MLP and pose correction MLP.
Specifically, we provide the details of how we incorporate appearance embedding ¢*PP as well as

pose embedding ¢P°*® vectors into the corresponding networks.

v(x)

Figure C.1: Canonical MLP netwrok. We use an 8-layer MLP with width=256 that takes as input
positional encoding ~ of position x and appearance embedding vector ¢*PP with dimension=256.
The network outputs color ¢ and density o. There is a skip connection that concatenates (x) to
the fifth layer. We use ReLLU activations after each fully connected layer. For the output layer, we
use a ReLLU activation for the density value ¢ to ensure non-negativity and a sigmoid activation for

the color c to constrain values between 0 and 1.
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Figure C.2: Pose correction MLP network. We use a 4-layer MLP with width=256 that takes as
input joint angles €2 and a pose embedding vector ¢P°*¢ with dimension=16. The network produces

the residuals of joint angles that are added back to the input pose to refine the body pose prediction.

C.2 Experiments on ZJU-MoCap dataset

C.2.1 Experimental Setup

We additionally performed experiments on the ZJU-MoCap dataset [126], which provides ground-
truth unseen views that enable computation of metrics and analysis of performance on sparse/dense
data inputs. We selected subjects 377, 392, and 393—the same individual in different clothing. We
evenly selected 10 frames from camera-1 videos to represent “sparse data” (ZJU-Sparse). For

“dense data”, we used the entire video (ZJU-Dense). The remaining 22 camera views were used

for evaluation. We report PSNR, SSIM, and LPIPS* (LPIPS x 10%) metrics and highlight the best

Subject 377 Subject 392 Subject 393
PSNR 1 | SSIM 1 | LPIPS* | || PSNR 1 | SSIM 1 | LPIPS* | || PSNR 1 | SSIM 1 | LPIPS* |
HumanNeRF 29.59 | 0.9721 33.53 30.38 | 0.9626 51.03 27.56 | 0.9535 55.69
Ours (Separate) 29.61 0.9734 27.66 29.48 0.9640 42.65 27.28 0.9537 47.53
Ours (Single) 29.55 0.9737 26.62 30.03 0.9665 38.79 27.59 0.9558 46.16

Table C.1: Comparison on ZJU-Sparse dataset (10 images per subject).
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and second-best values.

C.2.2 Results on ZJU-Sparse dataset

Table C.1 shows comparisons on the ZJU-Sparse dataset. Our method, Ours (Single), outperforms
HumanNeRF and the separate-network version of our approach, Ours (Separate), in SSIM and

LPIPS, with the largest margins in LPIPS, a better measure of visual quality as seen in Fig. C.3).

(a) HumanNeRF (b) Ours (Separate Nets) (c) Ours (Single Net)

Figure C.3: Our approach enhances details in the face and clothing (green). Single network training

further improves shape and appearance consistency (red).

C.2.3 Results on ZJU-Dense dataset

PSNR 1 | SSIM1 | LPIPS* |

HumanNeRF 29.92 0.9684 30.97
Ours 29.81 0.9692 30.40
Ours w/o reg. 29.98 0.9700 28.47

Table C.2: Our method outperforms HumanNeRF on the ZJU-Dense dataset (an entire video per

subject). The best quality is achieved when the regularization designed for sparse input is removed

We conducted an analysis on the ZJU-Dense dataset. As shown in Table C.2, our method,

which was designed for sparse inputs, still demonstrates improvement. The improvement is par-



120

ticularly noticeable when we remove the regularization designed for handling sparse observations,

indicating that the shared latent space is a promising area for exploration even for dense video.

C.2.4 Ablation Study of Photo Numbers

In addition, we analyzed how the performance is affected by the number of training images. We
do see improvement with more photos on ZJU-MoCap dataset, though with diminishing returns.

Table C.3 shows numerical results.

# of images per subject | PSNR 1 | SSIM 1 | LPIPS* |
a video (~ 600 frames) | 29.81 | 0.9692 30.40
20 images 29.45 | 0.9679 32.38
10 images 29.06 | 0.9653 37.19

Table C.3: The ablation study of photo numbers run on ZJU-MoCap.

C.2.5 Novel Pose Evaluation

PSNR 1 | SSIM 1 | LPIPS* |
Separate Nets 29.08 0.9691 31.05
Single Net 30.06 0.9727 27.75

Table C.4: We achieve better performance for unseen poses when training all photos with different

appearances in a single network.

Our focus was on maintaining original poses, not re-posable avatar creation, avoiding, e.g.,
making a famous tennis player perform actions they never did. That said, experiments suggest

that our method is capable of handling poses that have not been previously encountered, especially
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when all photos are trained within a single network. We performed an analysis on ZJU-Sparse
dataset (10 frames per subject) where we applied the learned model to body poses from the unseen
frames (~600 frames per subject). As presented in Table C.4, single-network training achieves
better performance in all metrics. This is because the optimized single, universal motion weight
volume can be constrained by a much larger number of poses compared to the separate ones,

resulting in a better solution. Fig. C.4 shows the visual comparison.

(a) Separate Nets (b) Single Net

Figure C.4: Single-network training improves appearance consistency (green) and maintains body

shapes (red) for unseen poses.
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