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Abstract

Data-driven Approaches for Personalized Head Reconstruction

Shu Liang

Chair of the Supervisory Committee:
Professor Linda G. Shapiro
Paul G. Allen School of Computer Science & Engineering

Personalized 3D face reconstruction has produced exciting results over the past few years.
However, traditional methods usually require complicated setups or controlled environments
to get the detailed shape of a person’s face. Most methods focus solely on the face area and
mask out the hair due to the non-rigid nature and complicated layer structure of hairstyles.
In this work, we explore data-driven approaches to reconstruct a person’s 3D face or head
including the hair from the devices that can be easily accessed by everyone.

The first part of our work introduces an algorithm that takes a single frame of a person’s
face from a commercial depth camera Kinect and produces a high-resolution 3D mesh of the
input leveraging a large research dataset of 3D face meshes. We divide the input depth frame
into semantically significant regions (eyes, nose, mouth, cheeks) and search the database for
the best matching shape per region. We further combine the input depth frame with the
matched database shapes into a single mesh that results in a high-resolution shape of the
input person.

In order to free people from the capturing session, the larger portion of this thesis focuses
on reconstructing not only the face, but also the rest of the head using in-the-wild image
collections and videos. We first introduce a boundary-value growing algorithm to model a
person’s head from the person’s large collection of photo data. We target reconstruction of
the rough shape of the head. Our method is to gradually “grow” the head mesh starting from

the frontal face and extending to the rest of the views using photometric stereo constraints.



Results on photos of celebrities downloaded from the Internet are given. However, in this
algorithm, we have not reconstructed a complete head model and a specific model of the
hair is lacked.

We further utilize a person’s in-the-wild video to recover the full head model considering
the multi-view information and hairstyle consistency across video frames. Given a video of a
person’s head, e.g., a TV interview, our method automatically reconstructs a 3D hair model
leveraging a 3D hairstyle database. The resultant 3D hair model can be later deformed to
change the hair shape, to make it brighter or darker. Our head reconstruction also includes
facial modeling from the video, which is used to combine with the hair model. The method
is completely automatic and requires as input only a single video taken “in the wild”, found
as is on the web or a selfie video taken by a smart phone. We demonstrate the capability
of our method on a variety of celebrity videos and selfie videos, as well as comparing to the

state of the art.
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GLOSSARY

CNN: a class of deep, feed-forward artificial neural networks to analysize vision imagery.

FCN: fully convonlutional network, a type of neural networks that is widely applied to

semantic segmentation tasks.

VGG: a convolutional neural network for image classification tasks in computer vision.

RGB-D: a combination of RGB image and its corresponding depth image, in which each

pixel is related to the distance between the camera and the object in the RGB image.

PS: photometric stereo, a technique in computer vision for estimating the surface nor-

mals of objects by obeserving that object under different lighting conditions.

GBR: generalized bas-relief, the ambiguity in determining the scale of the 3D structure

recovered from unknown Lambertian surface.

PCA: principal component analysis, a statistical procedure that uses an orthogonal trans-
formation to convert a set of observations of possibly correlated variables into a set of
values of linearly uncorrelated variables for the purpose of feature extraction or data

compression.

3DMM: 3D morphable model, an algorithm for 3D face reconstruction from a set of face

shape or texture basis.

SIFT: scale-invariant feature transform, an algorithm in computer vision to detect and

describe local features in images.
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IOU: intersection over union, a metric for evaluating the accuracy of object detection or

segmentation.
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Chapter 1

INTRODUCTION

Reconstructing a person’s 3D face and hair is a very important topic with many applica-
tions in movies, video games and social VR/AR. Face-related products are popular among
large companies and recent startups. For example, Facebook Story and Snapchat introduce
lots of fun face masks; Oculus in Facebook creates Spaces application to allow people to
socialize in VR; iPhone X comes with Animoji, which allows users to drive the emoji with
their own faces in text messages as shown in Fig However, most of the applications use

cartoonish and generic 2D /3D avatars instead of personalized 3D heads.

To acquire a personalized 3D head of a subject is challenging due to the highly non-rigid
nature of human faces and varying hairstyles. High-detailed face reconstruction methods
currently require the subject to come to a lab equipped with a calibrated set of cameras
and/or lights, e.g., multi-view stereo approaches [13| 14 19], structured light [160], and light
stages [4, [l 56]. Traditional hair modeling algorithms are also developed in lab settings.
Considering the complicated structures and specular reflections of hair, multi-view camera
rigs, controlled lighting to reveal hair details and manual assistance to clean the hair volumes
are usually necessary to get strand-level hair models with high fidelity [106, 66, 118 117,
148]. However, we want to enable personalized 3D head reconstruction anywhere with easy

inputs to allow more people to communicate in the digital world.

The development of commercial RGB-D cameras such as Kinect, extend the potiential of
3D shape capturing even in the comforts of one’s home. KinectFusion [I14] and Dynamic-
Fusion [115] works from Newcombe et al. allowed both the static and dynamic capture of a
subject’s face to be real-time. RGB-D cameras even made the capture of more complicated
hairstyles such as braids possible [6§].

With the development of movie, video games and healthcare industry, a lot of digital 3D

shape databases become available to the public, providing high-quality shape priors for 3D



(a) Oculus Facebook Spaces VR Application (b) Iphone X Animoji

Figure 1.1: Face-related application examples.

people. Paysan et al. [119] introduces the 3D Basel Face Model (BFM) including the high-
resolution 3D face scans of 100 males and 100 females, which leads to the very traditional 3D
face morphable model for face reconstruction from uncontrolled 2D photo inputs. The 3D
Facial Norms Database [149] collects the 3D facial meshes of thousands of normal Caucasian
individuals spanning a wide age range. Although hairstyles are hard to capture directly, a
synthetic 3D hairstyle database of 343 hair models is collected from online game charactors
for hair reconstruction, simulation and rendering purposes [67], which paves the way for

serials of hair reconstruction work from in-the-wild photos [34] 161, 69].

In addition to the shape databases, large amounts of photo and video data are available
on the Internet [104] [I05]. For a celebrity, we can easily search for his/her photos in different
poses and expressions on Google image search. YouTube videos of a celebrity’s speechs or
interviews are also available, containing the multi-view information for head reconstruction.
For other people, photo collections and videos from Facebook albums or mobile storages
could serve as a vast source of personalized information to produce a more realistic head

model.

Our work focuses on freeing people from the complicated 3D head capturing session,
better ultilizing the 3D shape databases and digital photos or videos available to for per-

sonalized 3D head reconstruction.



1.1 Thesis Outline

The rest of his thesis is organized as follows:

Chapter [2| summerizes the related work in face, hair and full head reconstruction and
also reviews the work about hair segmentation and hair morphing for completeness. In
Chapter [3] we utilize a RGB-D camera and demonstrates the algorithm to recover a high-
quality face shape from a single depth view with the help of the 3D Facial Norms Database.
We divide the face into 5 semantical regions and search the database for the best matching
shape per region. The matched shapes are further combined with the input depth map to
a high-resolution face shape of the input subject. In Chapter [4] we start to aim not only
reconstructing the face, but also the rest of the head using in-the-wild 2D photo collections.
We divide all the photos into 7 different pose clusters and gradually “grow” the head mesh
from the frontal pose cluster to the side views to get a rough shape of the head. Chapter
tries to complete the unsolved problem in Chapter [4] to reconstruct a full head model with
a personalized hairstyle. We use a person’s in-the-wild video for the reconstruction, taking
advantage of the multi-view information and hairstyle consistancy across video frames. We
extract the hair directional information from all the views and retrieve for the best matching
hairstyle from a synthetic hairstyle database. We further combine the hair model with the
facial model fitted from the video. We provide qualitative, quantitative, and Mechanical
Turk human studies that support the proposed system, and show results on a diverse variety
of videos (8 different celebrity videos, 9 selfie mobile videos, spanning age, gender, hair

length, type, and styling). Chapter |§| concludes the thesis.



Chapter 2

RELATED WORK

We describe related work in calibrated and uncalibrated settings for each of face, hair and
head reconstruction. In addition, we also reviewed the relate work about hair segmentation

and hair morphing for completeness.

2.1 Face Reconstruction

Calibrated face modeling has achieved great results over the last decade. Researchers were
able to get a high-detailed head geometry with a stereo capturing system [13, [41], 4]. From
their capture, they were able to create a photorealistic digital human character, which
could be seen from any viewpoint, and could perform realistically. RGBD-based methods
like DynamicFusion [115] and non-rigid reconstruction methods [138, [165] allowed capture to
be real-time and much easier with an off-the-shelf device. However, all calibrated methods
require a person to participate in a capturing session to achieve good results.

One way to solve the uncalibrated head reconstruction problem is to use the morphable
model method introduced by Blanz and Vetter [I7]. They proposed a principal component
analysis basis to represent faces and used a linear combination of the bases to align and
fit the input 2D image. Recently, CNN-based methods from Richardson et al. [123, [124]
and Tran et al. [I39] were also proposed to learn the face geometry directly from an input
image, without relying on sparse facial features or accurate pose alignment.

Since a single 2D photo cannot fully reveal the true geometry of a person’s face, Kemelmacher-
Shlizerman et al. [84] raised the idea of using large photo collections of faces from the
Internet by leveraging multi-image shading, but the shading-based method has the problem
of scale ambiguity. Later, Roth et al. [126] 127] combined the shading information together
with a prior 3D shape to achieve scale-correct and more robust results even with a smaller

numbers of photos.



2.2 Hair Reconstruction

The hairstyle is an important characteristic and will dramatically change the appearance of
a person. However, detailed hair modeling is highly complicated due to the high non-rigidity
and variety of hairstyles. In the past decades, hair modeling also made great progress from
reconstruction in a controlled lab setting to modeling from images in the wild.

With a well-controlled capturing environment, complicated hardware setups such as
multi-view camera rigs and manual assistance, Paris et al. [118| [I17], Luo et al. [106] and
Hu et al. [66] were able to reconstruct strand-level hair models with high fidelity. More
complicated hairstyles such as braids could even be reconstructed using a consumer RGB-D
camera from Hu et al. [68]. Chai et al. [36] [35] explored detailed hair reconstruction from
single-view images, but high-resolution inputs were required to recover the strands from
per-pixel gradients. Later, Hu et al. [67] collected a database of synthetic hairstyles and
proposed a data-driven approach to fit the hairstyle of a single photo to get a more natural-
looking result. Although those methods produced high-quality results, human interactions
such as hair segmentation and directional strokes are required. A fully automatic approach
was proposed by Chai et al. [34] with CNN-based methods for hair segmentation, direction
classification and a larger database for retrieving the best match for a single-view input.
To utilize the information from more views, Vanakittistien et al. [I142] used a hand-held
phone camera to take photos from 8 views of the head to recover the hair strands. Zhang et
al. [I61] proposed a method to reconstruct the hair from four-view images starting from a
rough shape retrieved from a database and synthesized hair textures to provide hair-growing
directions to create detailed strands. However, their methods need human interactions for

hair segmentation and pose alignment.

2.3 Full Head Reconstruction

Chai et al. [33] was the first to create a 2.5D portrait that combined face with hair using head
shape priors and shading information from a frontal image. However, manual segmentation
and directional strokes are required for portrait parsing. Utilizing deep learning models for

portrait parsing, Hu et al. [69] later proposed an automatic framework to reconstruct a



full-head digital avatar ready for real-time animations with hair represented by polystrips

from a single frontal image.

Cao et al. [30] extended the single-view portrait reconstruction work of Chai et al. [33]
to reconstruct a full 3D head and showed that a complete head model with a rough but
morphable hair model can be reconstructed from a set of captured images of one subject
with hair depth estimated from each image and then fused together. With multi-view head
images captured in an uncontrolled environment, Maninchedda et al. [109] used volumetric
shape priors to reconstruct the geometry of a human head starting from structure-from-
motion dense stereo matching. The shape volume was then semantically segmented into
skin, hair, beard and eyebrow regions. However, both of these two previous methods created

just a rough shape of the hair volume. Hair details were not recovered.

2.4 Hair Segmentation

Hair segmentation is an important part of face parsing and full head reconstruction. Yacoob
et al. [I57] detected hair based on the position relationship between face and hair and a
simple color model. Wang et al. [146] proposed a coarse-to-fine hair segmentation method
that starts from a coarse candidate region and performs graph-cuts to segment the hair.
A CNN-based face parsing method from Luo et al. [107] hierarchically combined several
detectors to detect face components. Liu et al. [100} 99] proposed multi-objective learning
frameworks that could parse facial components as well as hair regions, but this model
requires facial landmarks as prior inputs and can only handle simple hairstyles. To allow
robust hair segmentation on various hairstyles, Chai et al. [34] trained a deep network
specifically for the hair regions. However, their method requires pre-alignment of the face
to detect the hair region. In recent years, fully convolutional networks (FCN) from Long et
al. [I02] have been widely used for pixel-level segmentation. We adopted the FCN model
for robust hair segmentation and trained a network to segment hair regions across various

poses.



2.5 Hair Morphing

While physical-based hair simulation, such as the mass-spring system [125], has been widely
studied, hair morphing for achieving new looks of a subject was not the focus. Weng et al.
[152] studied the problem of hair morphing to generate a set of intermediate hair models
from one hairstyle to another from frontal hair reconstructions. In our work, we utilized our

hair model for hairstyle morphing by interpolating by one-to-one strand correspondence.



Chapter 3

3D FACE HALLUCINATION FROM A SINGLE DEPTH MAP

3.1 Introduction

In this chapter, we demonstrate that a high quality face shape can be captured from a single
depth view. The depth view is usually noisy and lacks details. So, we choose a single best
database mesh per facial part, and then merge the individual parts, rather than assuming
that the shape is spanned by a database. This enables high-detail shape reconstructions.

The key idea of this work is that while a single depth frame of a person’s face is extremely
noisy and low resolution, it still encodes metric information about the person’s underlying
facial features. Our approach is to leverage a large dataset of 3D face scans (1204 meshes
of distinct Caucasian individuals, with age ranging from 3 to 40) for hallucination of a new
3D shape. We were inspired by the texture synthesis approach from Hays et al. [64] that
leverage a large number of photos to fill in missing parts in a new photo. However, instead
of working with photos, we propose an approach that finds similarities between a depth
image and high-resolution 3D scans. Our task is similar to image super-resolution problems
[116, [44]. While the related work is in shape matching approaches such as [122], [89], our
goal is different. Rather than searching for corresponding semantic parts, we search for best
matches for a particular part. Specifically, we match small parts from the depth frame to
parts of the dataset faces, copy the matched parts from the corresponding dataset meshes
and finally combine them together. This approach works remarkably well and can even
reconstruct shapes of people who fall outside of the dataset span, such as, for people of
older age and Asian ethnicity.

Our complete approach takes as input a single RGBD frame of a person’s face and
outputs a high-resolution 3D mesh of the input face. We are given a large dataset of high-
resolution 3D face meshes (just the mesh, without texture), captured in a neutral expression.

Examples of high-resolution meshes are shown in Fig. All the meshes in the dataset
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Figure 3.1: Our Pipeline.

have been put into dense correspondence using the deformable registration method [6].
Further, the aligned database meshes are averaged to produce the generic mesh G. Finally,
we define five facial areas on G and, using the dense correspondence, propagate the areas
to the database meshes.
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Figure 3.2: Example high-resolution face meshes. The database includes meshes (no texture)

of 652 females and 552 males, ages 3 to 40, captured in a neutral expression.

Our approach is as follows. We first align the input RGBD frame to the generic mesh G.
Then the input depth is divided into five facial parts via the alignment, and each facial part
is matched independently to the dataset resulting in five high-resolution meshes. Finally,
the matched meshes are combined with the input into a single mesh to produce the output.

Fig. illustrates all these steps. Below, we describe each of the steps in detail.
3.2 Aligning a single depth frame to the database

Given a single RGBD frame of a person’s face in neutral facial expression, we first detect

the face and 83 fiducial points. Any facial landmark detection method can be applied on
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the RGB [48], B1] or depth image [49]. We use the software of Face++ [73]. Out of the
83 points, 19 are on the silhouette of the face, and the rest are on the internal part of the
face. We use the internal facial points for rigid pose alignment via Procrustes analysis [58]
and then all 83 points for dense alignment to the generic mesh G [6]. We obtain point-to-
point correspondence between the depth frame and the generic shape, producing a deformed
generic mesh G’ which minimizes the difference to the depth frame. With the 83 points, all
the faces in our data set are warped using [120] so that their global shapes are deformed to
match the input depth image better. We define five facial parts on the input depth image
based on the correspondence to the generic mesh. The five facial parts correspond to eyes,

nose, mouth, left cheek, and right cheek as illustrated in Fig.
3.3 Part-based matching to the database

The next step is to match each of the five facial parts in the input frame to the database.
Prior to the matching process, we apply a curvature flow smoothing method [42] that
preserves the low-frequency shape while smoothing out the noise.

Each of the five facial parts is then matched to the database using our distance function.
The distance is a weighted combination of pseudo-landmarks and histograms of azimuth and
elevation components of the surface normals, following Mercan et al. [I10Jand Atmosukarto
et al. [§]. The distance function is described in detail in Sec. The matching process
results in five high-resolution meshes that are retrieved from the database. Each mesh

matches to a different part of the input face.
3.4 DMerging the matches

Once we get the five matches, the vertex normals are copied to replace the original normals
of deformed generic shape G’, part by part. Our query mesh can have hair while the
high-resolution 3D head models do not. For each vertex V in the face region, using the
nearest triangle AABC in G’, the normal vector of V can be interpolated as the weighted
combination of the normal directions of AABV, AV BC and AV CA. For the hair region,
the original normals are kept. After we compute new normals for each vertex in the face

region, we fuse the depth from the Kinect frame and the new normals together using the
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method from Nehab et al.[I13]. Then fine details on the facial part are transferred to the

input face, but the hair style is kept.

3.5 [Facial expressions

The above process produces a high-resolution mesh of the input face from a single noisy
Kinect frame. While the focus of this work is on neutral faces, we further show that it is
possible to produce high-resolution meshes of facial expressions using the same approach. It
is challenging to acquire a database of high-resolution meshes of many distinct individuals
making a large number of facial expressions. Instead, we show that given a single RGBD
frame of a person in neutral expression and another frame that captures a facial expression,

our approach can output a high-resolution expression mesh.

Specifically, we retrieve five matches from the database using the neutral input as de-
scribed in [3.2] and and then include the expression depth frame in the merging process.
Each of the five database meshes are deformed towards the expression frame as in and

then we execute exactly the same merging process as in [3.4]

3.6 Similarity function

Our similarity function is used to match each of the five facial parts of the input depth frame
to the corresponding parts of the database meshes. The similarity function is a weighted
combination of pseudo-landmarks and histograms of azimuth-elevation components of the

surface normals.

Pseudo-landmarks. To obtain pseudo-landmarks we sample the Kinect shape and
each of the database meshes (which are at that stage in dense correspondence) following
[110]. First, two anatomical landmarks (the sellion and chin tip), are computed and two
base horizontal planes are computed through these points. Then, m parallel planes are
computed between the two base planes, each sampled by n points. We chose m = 33 and
n = 35 for a total of 1,225 points, for mesh size of 19,033 vertices. Additional details are

described in the evaluation part below. Once pseudo-landmarks are estimated, the distance



12

per database mesh j is defined as

(m+2)n
Diye= Y |IB/ =P (3.1)
i=1

where P is an xyz-coordinate of a pseudo-landmark.

Histograms of azimuth-elevation. We also compute distances between surface nor-
mals, as follows. Given the surface normal 7 = (ns,ny,7.) at a point, the azimuth angle 0
is defined as the angle between the positive z-axis and the projection of 7 to the xy plane.

The elevation angle ¢ is the angle between the x-axis and 7:

Ty

) (3.2)

Ny
0 = arctan(—), ¢ = arctan(—————
(nx) ( (ng? + n,?)

with fe[—m, 7], ¢pc[-7,F]. Histograms are useful to determine the “flatness” and the

dominant orientation of a surface patch. We calculate a 32x32 histogram for each facial

component, and define the distance as the y?-distance between the histograms
Dhormals = X*(H’, H™"). (3.3)
Combined distance. The combined distance for a single facial part is then defined as
D = Dys + aDhpormals (3.4)

The parameter « is chosen per facial part according to our evaluation experiment in Section
The cheek area typically has less variation in surface normals across points and thus
has a small @ = 1; the mouth has higher normal variation and thus « will be larger (a = 10).

We chose o = 4 for the eye area and a = 2 for the nose area.
3.7 Experiments

Below we describe the details of our data, our implementation, and our results.

3.7.1 Implementation and data details

We used a Microsoft Kinect to capture the inputs in resolution 640 x 480; the face part of

the frame was about 100 x 100. The database includes meshes of 1204 distinct Caucasian
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individuals, ages 3-40 obtained by a 3dMD digital stereophotogrammetry system. The
database does not include texture or color information due to privacy. Each mesh includes
15K-20K vertices. Subjects all face forward, have a neutral expression, and wear caps to
remove hair occlusions. Meshes are cleaned by trained personnel and 15 anatomical facial
landmarks were manually labeled by a single trained expert. Figure shows examples
of 3D meshes produced by the 3dMD system. The landmarks are used to register all the

meshes to each other using deformable registration [6].

The experiments were run on an Intel Xeon 2.67GHz/2.66GHz CPU, 16GB RAM in
Windows Server 2008 R2 64bit environment. For a typical result mesh of 15K vertices, the
running time was 92.16s, with 1.2s for preprocessing (finding fiducial points, rigid align-
ment), 83.4s for non-rigid registration, 7.16s for retrieval (calculating features for the input,
warping all the faces, finding the best matching parts), and 0.4s for merging. The non-rigid
registration part (90% of the running time) could be replaced with a real-time registration

method [165)], [7§].

3.7.2  FEwvaluation of similarity function

To evaluate our similarity measure we tested it with seven ground-truth meshes (S1 — S7).
We included the ground-truth meshes in the database, and retrieved the best mesh per facial
part. The inputs were Kinect depth images of the corresponding people. We compared
pseudo-landmarks and azimuth-elevation histogram contributions at different resolutions as
well as our final combined similarity distance. For each person, we obtained the ranking of
the ground-truth in the retrieval results (lower is better). Note that the ground-truth meshes
and Kinect inputs are not exactly the same, since the facial expression of the person may
slightly change between the two captures. Tables [3:2] B-3] and [3.4] show the rankings for
nose, cheeks, mouth and eyes areas respectively. Most of the cases show that increasing the
resolution of pseudo-landmarks does not improve the retrieval result. As shown in Tables
B.1] and [3.2] the similarity function using the combined features worked extremely well on
retrieving based on similarity of the nose and cheeks. For the nose, two individuals were

returned as best matches, two others as second best, and another as third best (out of 1204



14

Color Query
Image (Smoothed Nose Mouth Eyes Right  Left
Raw Input) Cheek Cheek
‘,“; vy
P " ) _(-g-;w r“j*:‘% /
SR |

Figure 3.3: Similar parts that were retrieved using our approach. Photo shown only for

reference.

+ 7 = 1211). For the cheeks, the similarity function with combined features returned the
correct individuals with rankings of five through 68. The mouth region proved to be a little
more difficult with the correct individuals achieving rankings from 1 to 229. The eyes were
the most difficult with rankings from 12 to 482. We note that the eyes are the worst part
of the Kinect depth frames, often not showing up well at all. Most of the obtained rankings
were in the top 10% of the 1211 possible individuals in the expanded database. We show
the five similar parts for input examples in Fig. [3.3] Note that while matching of 3D meshes
is a widely studied research area [77, [15], there is no prior work on matching a noisy depth

frame to high resolution meshes.
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Table 3.1: Ranking from our distance function on the nose region.

Dist. S1 S22 S3 S4 S5 S6 ST

Pts 356x35 157 2 809 1 14 1 58
Pts 65x65 157 2 813 1 14 1 38
A-E hist 24 7 1 33 99 238 9
1

Combined 14 3 2 14 1 2

3.8 Comparisons of reconstructions

We compared our reconstructions to reconstructions by KinectFusion [114](implementation
by Kinect for Windows SDK v1.8 [IT1]) and to ground-truth shapes for people who were
not part of the original database (since the people in the original database are unknown
IRB-protected subjects). KinectFusion requires the subject to stay still and requires a few
dozen Kinect frames, while our method requires a single frame. For each reconstruction we
show the meshes and the error in surface normals (in angles). Fig. shows the results on
three meshes from our test set and includes the angle error for both KinectFusion and our
result. In all tests, our result had a lower error than KinectFusion. We next implemented
the face reconstruction technique by fitting the depth images to a 3D morphable model [164]
and compared the results. Fig. shows the morphable model results reconstructed from
200 principal components (more than 99% of the variances) of our face database. The fitted
results are very dependent on the database and produce more generic results, while our
results capture more individual details. We have also tested the contribution of using the
database vs. just using the generic shape and non-rigid registration for the reconstruction
and filling in the missing details in Kinect depth as shown in Fig. Note that facial

details are not captured with the generic model but appear once the database is used.
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Figure 3.4: Comparison to ground-truth and KinectFusion [114].

Table 3.2: Ranking from our distance function on the cheek region.

Dist. S1 S2 S3 S4 S5 S6 ST

Pts 356x35 17 64 88 64 49 3 89
Pts 65x65 17 76 83 70 47 3 83
A-E hist 229 98 47 314 334 11 38
Combined 12 16 6 68 22 5 31
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Table 3.3: Ranking from our distance function on the mouth region.

Dist. S1 S2 S3 S4 S5 S6 ST

Pts 35x35 229 408 441 73 22 619 342
Pts 65x65 227 382 478 90 22 581 276
A-E hist 27 108 1 119 17 95 262
Combined 20 94 1 60 2 83 229

Color Image Morphable Model Our Result

Figure 3.5: Comparison to reconstructions by fitting the detph to a morphable model [164].
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Table 3.4: Ranking from our distance function on the eyes region.

Dist. S1S2  S3  S4 S5 S6 ST

Pts 35x35 92 57 543 43 102 351 475
Pts 65x65 90 67 544 56 103 395 429
A-E hist 184 617 484 713 334 11 231
Combined 47 226 482 210 75 12 75

-

— ]
a) Details from b) Details from
the generic similar facial
shape components

Figure 3.6: When a single generic shape (rather than the database) is used to fill in high-

resolution details, individual details are not captured.

3.9 Additional results

Fig. shows reconstructions of facial expressions from a single Kinect frame (given a
neutral face frame). It is interesting to observe that the facial shape is reconstructed very
well even though some of the people are not in the age span of the database or have a
different ethnicity. The method is invariant to imaging conditions (light, pose) since the

reconstruction is done based on depth-to-mesh matching and does not use the color channels.
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Figure 3.7: Reconstructions of facial expressions.

3.10 Conclusion

In this section, we described our approach for reconstruction of a high-quality 3D face
mesh from a rough, noisy, low-resolution single Kinect depth frame. We leveraged a large
dataset of high-resolution meshes of distinct individuals. Within that method, we have
defined and tested a similarity measure that uses a linear combination of pseudo-landmark
points and an azimuth-elevation angle histogram to retrieve parts of dataset faces that are
most similar to the semantically equivalent parts of the query face. Our key contribution
is to show that extremely simple part-based matching to a large set of faces enables the
creation of remarkably accurate high-resolution meshes of novel people from noisy single-
frame input. The resultant meshes can be further used for facial expression modeling, as

we also demonstrated.
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Chapter 4

HEAD RECONSTRUCTION FROM INTERNET PHOTOS

4.1 Introduction

In this chapter, we addresses the new direction of head reconstruction directly from Internet
data. We propose an algorithm to create a rough head shape, and frame the problem as
follows. Given a photo collection, obtained by searching for photos of a specific person on
Google image search, we would like to reconstruct a 3D model of that person’s head. Just
like Kemelmacher-Shlizerman et al. [84] (that focused only on the face area), we aim to
reconstruct an average rigid model of the person from the whole collection. This model
can be then used as a template for dynamic reconstruction, e.g., [I35] , and hair growing

techniques, e.g., [67]. Availability of a template model is essential for those techniques.

Consider the top row photos in Fig. The 3D shape of the head is clearly outlined
in the different views (different 3D poses). However, if we are given only one or two photos
per view, the problem is still very challenging due to lighting inconsistency across views,
difficulty in segmenting the face profile from the background, and challenges in merging the
images across views. Our key idea is that with many more (hundreds) of photos per 3D
view, the challenges can be overcome. For celebrities, we can easily acquire such collections
from the Internet; for others, we can extract such photos from Facebook or from mobile

photos.

Our method works as follows: A person’s photo collection is divided to clusters of
approximately the same azimuth angle of the 3D pose. Given the clusters, a depth map
of the frontal face is reconstructed, and the method gradually grows the reconstruction by
estimating surface normals per view cluster and then constraining using boundary conditions
coming from neighboring views. The final result is a head mesh of the person that combines

all the views.
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Figure 4.1: By looking at the top row photos we can imagine how Bush’s head shape looks
in 3D; however, existing methods fail to do so on Internet photos, due to such facts as
inconsistency of lighting, challenging segmentation,and expression variation. Given many
more photos per 3D view (hundreds), however, we show that a rough full head model can
be reconstructed. The head mesh is divided into 7 parts, where each part is reconstructed

from a different view cluster while being constrained by the neighboring view clusters.

4.2 Overview

We denote the set of photos in a view cluster as V;. Photos in the same view cluster have
approximately the same 3D pose and azimuth angle. Specifically, we divided the photos into
7 clusters with azimuths: i = 0, —30, 30, —60, 60, —90,90. Figure 4.2] shows the averages
of each cluster after rigid alignment using fiducial points (1st row) and after subsequent
alignment using the Collection Flow method [85] (2nd row), which calculates optical flow
for each cluster photo to the cluster average. A key observation is that each view cluster has
one particularly well-reconstructed head area, e.g., the ears in views 90 and -90 are sharp
while blurry in other views. Since our goal is to create a full head mesh, our algorithm

will combine the optimal parts from each view into a single model. This is illustrated in

Figure
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After Alignment

After Collection Flow

Figure 4.2: Averages of view clusters’ photos after rigid alignment (1st row) and after
collection flow (2nd row). The arrows visualize head parts that are sharper in each view,
e.g., the ear is sharpest in 90 and -90 degrees (left and right). The key idea is to use the sharp

(well-aligned) parts from the corresponding views to create an optimal mesh reconstruction.

It was shown in previous work that the face can be reconstructed from frontal photos
using Photometric Stereo [84]. Thus, one way to implement our idea, of combining views
into a single mesh, would be to reconstruct shape from each view cluster independently
and then stitch them together. This turned out to be challenging as the individual shapes
are reconstructed up to linear ambiguities. Although the photos are divided into pose
clusters, the precise pose for each pose cluster is unknown. For example, V3¢ could have
a variance from 25 to 35 in the azimuth rotation angle, depending on the dominant pose
of the image cluster. This misalignment will also increase the difficulty of stitching all the
views. We solve those challenges by growing the shape in stages works well. We begin by
describing estimation of surface normals and a depth map for view cluster Vj (frontal view)
in section This will be the initialization for our algorithm. In section [£.4] we describe
how each view cluster uses its own photos and the depth of its neighbors to contribute to
the creation of a full head mesh. Data acquisition and alignment details are given in the

experiments section (Section [4.5)).
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4.3 Head Mesh Initialization

Our goal is to reconstruct the head mesh M. We begin by estimating a depth map and
surface normals of the frontal cluster V, and assign each reconstructed pixel to a vertex
of the mesh. The depth map is estimated by extending the method from Kemelmacher-
Shlizerman et al. [84] to capture more of the head in the frontal face photos, i.e. , we extend
the reconstruction mask to a bigger area to capture the chin, part of the neck and some of

the hair. The algorithm is as follows:

1. Dense 2D alignment: Photos are first rigidly aligned using 2D fiducial points as
the pipeline from Kemelmacher-Shlizerman [86]. The head region including neck and
shoulder in each image is segmented using semantic segmentation by Zhang et al.
[162]. Then Collection Flow [85] is run on all the photos in Vj to densely align them
to the average photo of that set. Note that the segementation works remarkably well
on most photos. The challenging photos do not affect our method; given that the
majority of the photos are segmented well, Collection Flow will correct for inconsis-
tencies. Also, Collection Flow helps overcome differences in hair style by warping all

the photos to the dominant style. See more details about alignment in Section [4.5)

2. Surface normals estimation: We used a template face mask to find the face region
on all the photos. Photometric Stereo (PS) is then applied to the face region of the
flow-aligned photos. The face region of the photos are arranged in an n X py matrix
(@, where n is the number of images and pj is the number of face pixels determined
by the template facial mask. Rank-4 PCA is computed to factorize into lighting and
normals: @Q = LN. After we get the lighting estimation L for each photo, we can

compute N for all p head pixels including ear, chin and hair regions.

Two key components that made PS work on uncalibrated head photos are:



1) resolving the Generalized Bas-Relief (GBR) ambiguity using a template 3D face of

a different individual, i.e., mina || Niemplate — AN facel 2,

2) using a per-pixel surface normal estimation, where each point uses a different subset
of photos to estimate the normal. We follow the per-pixel surface estimation idea as in
previous work, i.e., given the initial lighting estimate L, the normal is computed per
point by selecting a subset of (Q’s rows that satisfy the re-projection constraint. In the
full head case, we extend it to handle cases when the head is partially cropped out,
by adding a constraint that a photo participates in normal estimation if it satisfies
both the reprojection constraint and is inside the desired head area, i.e., part of the
segmentation result from [162]. If the number of selected subset images is not enough

(less than n/3), we will not use them in our depth map estimation step.

. Depth map estimation: The surface normals are integrated to create a depth map
Dy by solving a linear system of equations that satisfy gradient constrains dz/dx =
—ng/ny and dz/dy = —n,/n, where (ns,n,,n.) are components of the surface normal
of each point [I0]. Combining these constraints, for the z-value on the depth map, we

have:

Nz (Zogly — Zay) = Na (4.1)

Nz (Zo gyl — Zay) = Ny (4.2)

In the case of n, ~ 0, we use a different constraint,
Ny(Zay — Zot1y) = Na(Zey — Zoy+1) (4.3)
This generate a sparse matrix of 2p x 2p matrix M, and we can solve for:
argmin || Mz — v]|? (4.4)
z

We do a least squares fit to solve for the z-value for each pixel.
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Potentially, we could run the same algorithm for each view cluster. This, however, does not
perform well, as we will see in the experiments section. Instead we are going to introduce

two constraints, which we describe in the next section.
4.4 Boundary-Value Growing

In this section we describe our “growing” algorithm to complete the side views of the mesh.
Starting from the frontal view mesh Vj, we gradually complete more regions of the head in
the order of V3g, Vio, Voo and V_s30, V_go, V_gg. For each view cluster we repeat the same

algorithm as in Section [4.3 with two additional key constraints:

1. Ambiguity recovery: Rather than recovering the ambiguity A that arises from
Q = LA7'AN using the template model, we use the already computed neighboring
cluster, i.e., for Vi, Ny is used, for Vigg we use Nigg, and for Vigg we use Nigo.
Specifically, we estimate the out-of-plane pose from our 3D initial mesh Vj to the
average image of pose cluster V3p using the method proposed in [135]. We render
the rotated mesh V] as a reference depth map Dy, to pose cluster V3, accounting for
visibility and occlusion using zbuffer. The normals on each projected pixels of Dy will
serve as the reference normals to solve for the GBR ambiguity of the overlapping head

region as well as the newly grown head region.

2. Depth constraint: In addition to the gradient constraints that are specified in
Sec. we modify the boundary constraints from Neumann to Dirichlet. Let g be
the boundary of Dj. Then we impose that the part of Qy that intersects the mask
of D3y will have the same depth values: Ds3(€0) = D((€Q0). With both boundary

constraints and gradient constraints, our optimization function can be written as:

argmin || Mz — || + ||[Wz — W||? (4.5)
z

where 2 is the depth constraint from Dj), and W is a blend mask with values decreasing

from 1 to 0 on the boundary of Dj. We will get the new vertex positions for grown
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Table 4.1: Number of photos we used in each pose cluster

Pose -90 -60 -30 O 30 60 90

Bush 185 62 118 371 113 80 191
Putin 131 58 151 413 121 61 151
Obama 65 51 126 284 177 55 75
Clinton 115 47 114 332 109 61 66

regions and we can also update vertices on the boundary of the already computed
depth map, eliminating the distortion caused by lack of photos and inaccurate n,.

This process is repeated for every neighboring pair of depths.

After each depth stage reconstruction (0,30,60,.. degrees), the estimated depth is pro-
jected to the head mesh. By this process, the head is gradually filled in by gathering vertices

from all the views.

4.5 Experiments

We describe the photo collection, alignment, evaluations and comparisons with other meth-

ods.

4.5.1 2D Photo Collections

We collected around 1,000 photos per person (George Bush, Vladimir Putin, Barack Obama
and Hillary Clinton) by searching for photos on Google image search. The numbers of
images in each pose cluster are shown in Table We noticed that the numbers of side
view photos are usually much smaller than frontal view photos. In order to get more photos,
we searched for “Bush shakes hands”, “Bush shaking hand”, “Bush portrait”, “Bush meets”
etc. to collect more non-frontal photos. The number of photos in each cluster will affect
the final result; we will demonstrate the reconstruction quality vs. number of photos later

in this section.
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We ran face detection and fiducial detection using IntraFace [154]. For extreme side
views, none of the state of the art fiducial detection algorithms was able to perform, and
often times the face was not even detected. We therefore manually annotated each photo

with 7 fiducials.

Once the photos are aligned, we run collection flow [85] on each view cluster. For com-
pleteness we review the method. The idea is to estimate a lighting subspace from all the
photos in a particular cluster V; via PCA. Then each photo in the cluster Vij is projected
to the subspace to produce photo ‘}ij , which has a similar lighting as V;;j but an average
shape. Optical flow is then estimated between VOj and its relighted version X}Oj. The process
is iterated over the whole collection. In the end, all photos are warped to approximately
average shape; however, they retain their lighting which makes them amenable for photo-

metric stereo methods.

4.5.2  Results and Fvaluation

Fig. shows the reconstruction per view that was later combined to form a single mesh.
For example, the ear in 90 and -90 views is reconstructed well, while the other views are
not able to reconstruct the ear. In Figure we shows how our two key constraints work
well in the degree 90 view reconstruction result. Without the correct reference normals
and depth constraint, the reconstructed shape is flat and the profile facial region is blurred,
which increased the difficulty of aligning it back to the frontal view. Fig. shows the
reconstruction result for 4 subjects; each mesh is rotated to five different views. Note that

the back and top part of the head are partly missing due to the lack of photos.

To evaluate how the number of photos affects the reconstruction quality, we took 600
photos for George Bush and estimated pose, lighting, texure for each image. We report
the L2 intensity difference between the rendered photos and original photos. We tested our
reconstruction method with 1/2, 1/4, 1/8 and 1/16 of the photos in each view cluster (see
number of photos per cluster in Table ) The method did not work in 1/16 case because
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Vo Vo : Vo V3o ' Vo

Figure 4.3: Individual reconstructions per view cluster, with depth and ambiguity con-
straints. We can see that the individual views provide different shape components. For

each view we show the mesh in two poses.

Reconstructed Independently With Two Key Constraints

Figure 4.4: Comparison between without and with two key constraints. The left two shapes
show the two views of 90 degree view shape reconstructed independently without two key

constraints. The right two shapes show the two views of our result with two key constraints.
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Image Our Results

Figure 4.5: Final reconstructed mesh rotated to 5 views to show the reconstruction from
all sides. Each color image is an example image among our around 1,000 photo collection

for each person.
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Table 4.2: Reconstruction Quality vs. Number of Photos

Number of photos N N/2 N/4 N/8

N/16

Reprojection Error(intensity) 18.29 +4.07 18.70 £4.07 18.71+4.07 18.80 + 4.04

N/A

f’ ) .
Our Reconstruction Result from Rendered Images

Original 3D model from FaceWarehouse

(a) ' (b)

Figure 4.6: Reconstruction result from the synthetic photos rendered from a 3D model in
FaceWarehouse. The left three shapes are the —90, 0, 90 views for the groundtruth shape,

and the right three shapes are our reconstruction result.

some view clusters have less than 10 photos and there was not enough lighting variation
within the collection for photometric stereo. Generally, we suggest using more than 100
photos for frontal view. The number of photos in side view clusters can be smaller (but

larger than 30) because the side view of a human’s head is more rigid than the frontal view.

We also rendered a 3D model from the FaceWareHouse dataset [29] with 100 lights and 7
poses. We applied our method on these synthetic photos and got a reconstruction result as
shown in Fig Since we use a template 3D model to correct GBR ambiguity, we cannot
get the exact scale of the groundtruth. We do not claim that we have recovered the perfect

shape, but the result looks reasonable with an average reprojection error of 11.1 £ 5.72.
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Input for FaceGen Textured & Shape Result from FaceGen Our Result

Figure 4.7: Comparison to FaceGen (morphable model). We show the textured results
and shape results from FaceGen in the middle and our results are on the right as compar-
isons. Note that the head shape reconstructed by morphable models is average like and not

personalized. Additionally, texture hides shape imperfections.

4.6 Comparison

In Figure [5.8] we show a comparison to the software FaceGen that implements a morphable
model approach. For each person, we manually selected three photos (one frontal view and
two side view photos) and used them as the input for FaceGen. The results of FaceGen are

too averaged out and not personalized. Note that their ears look the same as one another.

We also tried the shape-from-silhouette method [50]. For each subject, we manually
selected about 30 photos in different poses with a neutral expression. We used the segmen-
tation result obtained from Section [£.3] as the silhouette. We assumed the camera focus
length to be 100 and estimated the camera extrinisic parameters using a template 3D head
model. We smoothed the visual-hull shapes using [42] and showed the reconstruction in

Figure The shape-from-silhouette method can produce a rough shape of the head.
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Example Images After Segmentation

Figure 4.8: Comparison to shape-from-silhouette method. 5 example segmented images are
shown on the left for each person. The segmentations were used as silhouettes. We used

around 30 photos per person.

Increasing the number of photos to use does not improve the result.

We have also experimented with VisualSfM [I53], but the software could not find enough
feature points to run a structure from motion method. This is probably due to the lighting
variation and expression change in the photo collection. Similarly, we have tried the software

at http://www.123dapp.com/catch, and it was not able to reconstruct from such photos.

For a quantitative comparison, for each person, we calculated the reprojection error of
the shapes from three methods (ours, Shape-from-Silhouette and FaceGen) to 600 photos
in different poses and lighting variations. The 3D shape comes from each reconstruction
method. The albedo all comes from average shapes of our clusters, since the Shape-from-
Silhouette method and the FaceGen results do not include albedos. The average reprojection
error is shown in Table The error map of an example image is shown in Fig We
calculated the error for the overlapping pixels of the three rendered images. Notice that the
shapes from FaceGen and Shape-from-Silhouette might look good from the frontal view,

but they are not correct when rotating to the target view. See how different the ear part is
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Table 4.3: Reprojection error from 3 reconstruction methods.

Reprojection error  FaceGen  Shape-from-Silhouette Our method

Bush 20.6 + 3.80 19.6 £ 3.55 18.3 £4.04
Putin 20.1 £4.84 17.2 +4.68 15.1 £ 5.06
Obama 21.5 £4.62 20.7£4.58 19.7+ 4.40

in the figure.
4.7 Conclusion

In this chapter, we have shown the first results of head reconstructions from Internet photos.
Our method has a number of limitations. First, we have not reconstructed a complete
model; the top of the head is missing. To solve this we would need to add photos with
different elevation angles, rather than just focusing on the azimuth change. Second, we
assume a Lambertian model for surface reflectance. While this works well for the skin
region, this simple assumption does not work well for hair region. We need a specific model
to reconstruct the hair. Third, fiducials for side views were labeled manually; we want to

propose an automatic pipeline to reconstruct the full head model of a subject.
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Target Image Our Result Shape-from-Silhouette FaceGen

Figure 4.9: Visualization of the reprojection error for 3 methods.
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Chapter 5
VIDEO TO FULLY AUTOMATIC 3D HEAD MODEL

5.1 Introduction

Any future virtual and augmented reality application that includes people must have a
robust and fast system to capture a person’s head (3D hair strands and face). The simplest
capture scenario is taking a single selfie photo with a cell phone and create a digital avatar
[69]. Autohair reconstruction from a single selfie [34], however, by definition, will not
produce high fidelity results due to the ill-posedness of the problem—a single view does
not show sides of the person. Using multiple frames, however, will create an accurate
reconstruction. Indeed, a state-of-the-art method for hair modeling [I61] needs four views,
but it requires spanning the full 360° (front, back, and sides), as well as user interaction.
Our method proposes to use a video as input and introduces solutions to three obstacles
that prevent state-of-the-art work [I61], [34], [69] from being applicable in simple automatic

self capture:

1. Fixed views: Four-view reconstruction method [I61] requires four views (front, back,
and two side views), those are hard to acquire accurately with self capture. In this
algorithm, we don’t constrain the views, instead we use any available video frames in
which the person talks or captures themselves; camera poses are estimated automati-
cally with structure from motion. Results with various view ranges are demonstrated
(as low as 90 degrees range). Autohair [34] and avatar digitalization method [69]

assume a single frontal image.

2. Hair segmentation: Four-view method [161] relies on the user to label hair and face
pixels. In this algorithm, we use automatic hair segmentation and don’t require any
user input. Using general video frames, rather than four fixed views, introduces motion

blur, varying lighting, and resolution issues, all of which our system overcomes.
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Figure 5.1: Overview of our method. The input to the algorithm is a video: (A) structure
from motion is applied to the video to get camera poses, depth maps and a visual hull
shape with view-confidence values, (B) hair segmentation and gradient direction networks
are trained to apply on each frame and recover 2D strands, (C) the segmentations are used
to recover the texture of the face area, and a 3D face morphable model is used to estimate
face and bald head shapes. The core of the algorithm is (D) where the depth maps and 2D
strands are used to create 3D strands, which are used to query a hair database; the strands

of the best match are refined globally and locally to fit the input photos.
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3. Accuracy: our method compares and deforms hair strands in 3D rather than 2D,
and the availability of the back view is not required as in [I6I]. It achieves higher
accuracy results as demonstrated with qualitative, quantitative, and human studies.
Intersection of union rate of the hair region compared to ground truth photos is on
average 80% for our method (compared to 60% by [161]). Amazon Turk raters prefer
our results 72.4% over the four-view method [I61] and 90.8% over the single-view

method of [69].

In addition to [I61] (and a previously multi-view based method by Vanakittistien et al.
[142] that also required user interaction), there is a large body of work for modeling hair
from photos. Earlier works assumed laboratory calibrated photos, e.g., Hu et al. [66]. More
recently single-view hair reconstruction methods [35, [67, [69) [34] showed how to reconstruct
hair from a single photo. Interesting hair-related applications inspire further research, e.g.,
depth-based portraits [34], effective avatars for games [69], photo-based hair morphing [152],
and hair-try-outs [81]. Enabling reconstruction “in the wild” is an open problem where
Internet photos have been explored in Chapter 4}, as well as structure from motion [72] on a
mobile video input. Both methods output a rough structure of the hair and head, without
hair strands. This chapter proposes a system that can take in an in-the-wild video and

automatically output a full head model with a 3D hair-strand model.
5.2 Overview

Figure provides an overview of our method and the key components. The input to the
algorithm is a video sequence of a person talking and moving naturally, as in a TV interview.
There are four algorithmic components (correspond to the labeling of boxes in Figure :

(A) video frames are used to create a structure-from-motion model, estimate camera
poses as well as per-frame depth, and compute a rough visual hull of the person with view-
confidences, (B) two models are trained: one for hair segmentation, and another for hair
direction; given those models, 2D hair strands are estimated and hair segmentation results
are transferred to the visual hull to define the hair region, (C) the masks from the previous

stage are used to separate the hair from the face and run the morphable model (3DMM) to
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Hairstyle H; Voxelized Grid Mesh The rough mesh M; Hairstyle H; Voxelized Grid Mesh The rough mesh M;

Figure 5.2: Example hair styles from the dataset. For each hairstyle H;, we create its

corresponding rough mesh M; as described in the text.

estimate the face shape and later create the texture of the full head.

(D) is a key contribution in which first depth maps and 2D hair strands are combined
to create 3D strands, and then 3D strands are used to query a database of hair styles.
The match is deformed according to the visual hull, then corrected based on the region of
confidence of the visual hull. Finally, it is deformed on the local strand level to fit the input
strands. Texture is estimated from input frames to create the final hair model. The full
head shape is a combination of the face model and the hair strands. In the next sections,
we describe each of these components. We begin by explaining (D), since it is the main

contribution, while the rest of the sections are improvements over previous work.

5.3 3D hair strand estimation

This section corresponds to part (D) in Figure assuming parts (A-C) are done. We
describe those parts later in the chapter. By utilizing a video, we deform the hairstyles in
3D instead of 2D because we are able to take advantage of the shape information of all the
frames and its content continuity to estimate the per-frame pose.

2D to initial 3D strands: Each video frame ¢ has an estimation of 2D strands; those
are projected to depths D; to estimate 3D strands. Large peaks of the 3D hair strands
(distance to the neighboring vertex larger than 0.002 with a reference head width of 0.2) are
removed. A merging procedure is performed to decrease future retrieval time (and reduce

duplicate strands) as follows: for each pair of strands, if their directions are the same, the
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Figure 5.3: In (a), we show a comparison of before and after global deformation. The
retrieved hairstyle is deformed under the control of its rough mesh to fit the visual hull
shape. In (b), we show a comparison of before and after local deformation. A video frame is
shown as a reference that after local deformation, we are able to recover more personalized

hair details.

pairwise point-to-point distances of the vertices in these two 3D strands are checked, and
the overlapping line segments are combined. If the directions are not the same, no merging

occurs. This process iterates until around 100 3D strands are obtained.

3D Strands to Query a Hair Database: The recovered 3D strands in the previous
stage are sparse and incomplete; thus we use them to query a database of hair models
and adjust the retrieved matches with global and local deformations to create a full hair
model. The sparseness is a result of resolution of the video frames, motion blur, quality, and
coverage in views (in all of our input videos, the back of the head is not visible). While being
sparse, the strands do capture the person’s specific hairstyle. We describe the algorithm

below.

We use the hair dataset created by Chai et al. [34], which contains 35,000 different
hairstyles, each hairstyle model consisting of more than 10,000 hair strands. For each
database hair model, we create a voxel grid around each hair strand vertex and combine

all voxel grids into a voxelized mesh. The shape is further smoothed using Laplacian mesh
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smoothing [I33]. In order to remove the inner layer of the shape, a ray is shot from each
vertex with the direction equivalent to the one from the center of the head to the current
vertex. If the ray intersects any other part of the rough shape, the vertex is removed,
because it is in the inner surface; otherwise it is kept. The resulting shape has 5,000 to
7,000 vertices. The final cleaned shape M (shown in Figure will be used for retrieval
and deformation.

For each 3D hair strand in our query hairstyle @, the closest 3D hair strand from a hair
style H is determined using the following distance:

Distance(Q, H) Z Z . Ip(si) — p(s5)] (5.1)

n >0
5:€Q p(sy) p(s ) p(sj)

where s; is a hair strand of @ and p(s;) is a vertex in strand s; of H, np;) is the tangent
vector direction at p(s;).

This point-to-line distance comparison is very time-consuming. We performed exper-
iments to accelerate the retrieval speed by pruning using a rough mesh X} of the head

obtained from step (A) (Section and step (B) (Section as follows:

1. Hairstyle boundary: Only the hairstyles with z-range in the range of (0.8(maz X {X}—
minX{Xp}), 1.2(max X{Xp}—minX{Xy})) and y-range in the range of (0.8(mazY {X,}—
minY {Xp}), 1.2(maxY{Xp} — minY{X}})) are considered.

2. Area of the hairstyle: The surface area of the rough mesh Xj and of each hairstyle
mesh M; are computed. Only the hairstyles with surface area in the range of (0.8Sx, ,1.55x,,)

are considered.

Next, the retrieved matches are deformed in global and local fashion in 3D instead of
2D, taking advantage of the multi-view information in the video. Figure [5.3]illustrates the
deformation process.

View Correction and Global Deformation After the top 20 best matching hairstyles
are found, each retrieved hairstyle M; is deformed towards the rough shape X} (created
by Step (A)(B) and shown in Figure [5.4f(a)) using deformable registration [6] producing

deformed hairstyle mesh M. Furthermore, step (A) defines regions of low-confidence of
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X}, (see Section , so further correction is needed on the corresponding regions of M.
The azimuth angle of each vertex is calculated on M/, and the vertices that are outside the
confident region are considered invalid as shown in Figure[5.4|(c) marked as red. Naturally,
we think of using the original shape of M; to correct the invalid region. The correction
is based on the idea of Laplacian Mesh Editing [133]. We denote the valid view range as
[R1, R2] U [Rs3, Ry] for simplification. We assign a confidence value ¢; to each vertex v} on
M/ and minimize the following energy function.

n

E@f) =Y (1= e)llL(v)) = L)P+ 1Y i — (5:2)

i=1 ci=1
where £ is a Laplacian operator, v; is the vertex position before deformation, x; is the

closest point of v} on X}, after direct deformable registration, A is 1075. The confidence

value ¢; is 1 for the valid region and is defined for the invalid region as follows:

J = 177(1}’2) € (_Trle)
||’Y(v;) - RjHQ j = 277(7);) € (R2a0)
C; = exp(—T) ,
j=3,7(v;) €0, R3)
J= 477(”;) € (R4,7T]

where o0 = 7/18. As shown in Figure (c), the stretched red region of M/ is corrected to
have a natural look in (d). After the correction, a transformation matrix 7" is obtained for
each vertex on M.

We further deform the hair strands in H; as shown in Figure [5.3|a). Each vertex v;
in M; works as an anchor point for the hairstyle deformation. For each point p in H;, its

deformation will be decided by a set of neighboring anchor points as

7, = L Luen Wil (5.3)
P Ot DN Wi

where N (p) is the set of neighboring anchor points chosen to be the top 10 closest vertices

of M;. I is an identity matrix, and w; is defined as a Gaussian function

_Hp—vz'llg)

5 (5.4)

w; = exp(



42

Camerarange [ —
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Invalid Region

a) Hair Shape from Visual Hull on top of Head Mesh b) lllustration of the Visual Hull  c) Before Correction d) After Correction
with Incomplete Views

Figure 5.4: In (a), we show the hair part shape X} extracted from the visual hull (Figure
[.1(A)) plus the hair labels in Figure[5.1B) on top of the head mesh from Figure[5.1(C). (b)
shows an illustration of the top-down view of the visual hull with camera range and invalid

regions. In (c)(d), we show a candidate hairstyle mesh M; before and after correction.

In our experiments, we set o to 0.01 and o to 0.015, while the width of our reference head
is 0.2. We deform the top 20 best matching hairstyles, and use the same distance function
as proposed in Equation to find the final best match. We show a comparison in Figure
(a) before and after global deformation.

Local Deformation To add locally personalized hair details, we follow a method similar
to Fu et al. [51] by converting the deformed hair strands into a 3D orientation field V. The
orientation of the extracted hair strands from the video frames are also added to the 3D
orientation field to bend the hair strands in the surface layer of the hairstyle. For each 3D
query strand, we set an influence volume with a radius of 2 around it and diffuse it to fill
in its surrounding voxels. The best matching hairstyle and the query 3D hair strands all

contribute to the 3D orientation field by

E(vi) =Y AP +wi ) llvi—cil P+ w2 ) llvi—ail (5:5)

eV ieC i€Q
where A is the discrete Laplacian operator, C' is the boundary constraints with the known
directions c¢; at certain voxel grids that contain 3D strands from the best-matching hairstyle,
and @ is the boundary constraints from query hair strands.

In our experiment, we set the 3D orientation grid size to be 80 x 80 x 80, w; to be 1 and

wo to be 0.1. We show a comparison of results with and without the local deformation in
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Figure (b) Notice the personalized hair strands in the red circles. We avoid the artifacts
of hair going inside the head by growing new hair strands out of V' from the scalp region of
the complete head shape of Section with pre-defined hair root points.

Hair Texture The color of the rough hair shape X, is averaged from all the frames,
and the unseen regions are assigned by an average color of the visible regions. The color of

each hair strand vertex is determined by its closest anchor point on Xj,.
5.4 Input Frames to Rough Head Shape

This section describes part (A) in Figure

We begin by preprocessing each frame i using semantic segmentation [162] to roughly
separate the person from the background resulting in masks .S;. Our goal is to estimate
camera pose per frame and to create a rough initial structure from all the frames. Since
the background is masked out, having the head moving while the camera is fixed is roughly
equivalent to the head being fixed while the camera is moving; thus we use structure from
motion [I53] to estimate camera pose P; per frame and per-frame depth D; using multiview
stereo method [57].

Given S; and P; per frame, we estimate an initial visual hull of the head using shape-
from-silhouette [91]. The method takes a list of pairs P; and S; as input and carves a 3D
voxel space to obtain a rough shape of the head. Meanwhile, each segmented video frame is
processed using the IntraFace software [155], which provides 49 inner facial landmarks per
frame. The 2D facial landmarks are transferred to 3D using D; and averaged.

The hair segmentation classifier trained in step(B) (Section 6) is run on all of our video
frames. FEach pixel is assigned a probability of being in the hair region. We drop the video
frames with large motion blurs by calculating the surface area S; of the detected hair region
on each frame. Assuming the head size is relatively fixed across frames, a valid frame should
have a hair region size of at least 0.33S;. The corresponding probabilities of the valid frames
are transferred to the visual-hull shape. A vertex with a mean probability larger than 0.5
is considered hair. Thus, we extract the hair part X} out of the visual-hull as shown in
Figure [5.4[a), and the remaining is the skin part.

The resultant visual-hull shape is relatively rough due to the non-rigid nature of the
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Figure 5.5: Examples of Figure (B) Hair segmentation, directional labels and 2D hair
strands of example video frames. For the color of the directional subregions, red stands for

[0,0.57), pink stands for [0.57, 7), blue stands for [r,1.57) and green stands for [1.57,27).

subject’s head and might be stretched due to the incomplete views. Ideally, assuming the
camera distance is always larger than the size of the head, we will get a complete visual
hull if our video covers a full azimuth range of —90 to 90 degree. However, for in-the-wild
videos, we usually cannot guarantee full coverage. We rigidly align the rough visual hull to a
generic head model using 3D facial landmarks, and each camera pose P; is also transformed
to a corresponding P! based on this alignment. We connect each P/ to the center of the
generic head (the origin point in our case) and calculate the azimuth angle ~; of each camera.
The vertices on the visual hull with an azimuth angle in [min(~;) — 7/2, max(y;) — w/2] U
[min(y;) + 7/2, maz(y;) + /2] as illustrated in Figure [5.4[a) are denoted high-confidence

vertices.
5.5 Images to 2D Strands

This section describes part (B) in Figure Inspired by the strand direction estimation
method by Chai et al. [34], we trained our own hair segmentation and hair directional
classifiers to label and predict the hair direction in hair pixels of each video frame. Unlike

[34] that estimates a direction label per pixel, we chose to estimate a direction label per
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hair region. This is since videos in the wild turn out to have lower resolution heads, as
well as motion blur, thus labeling per pixel produces many ambiguous pixel labels with
low-confidence scores. Additionally, it allows easier creation of continuous 2D and then 3D
strands, which is needed to compare to a hair database in 3D space. More details on our
hair segmentation method can be found in Appendix [A] Results of the classifier are shown
on examples in Figure (1st and 3rd row).

To estimate 2D strands, we select one video frame every 7 /8 degrees according to its
camera azimuth angle v; spanning the camera view range [min(4;), max(A;)]. Similar to
previous hair orientation estimation methods [75], [36], we filter each image with a bank of
oriented filters that are uniformly sampled in [0, 7). We choose the orientation 6, with the
maximum response for each pixel to get the 2D non-directional orientation map for each
image. We further trace the hair strands on each non-directional orientation map following
the method proposed by Chai et al. [36] as shown in Figure (2nd and 4th rows). The
hair-direction labels are used to resolve the ambiguity of each traced 2D hair strand. If half
of the points in a single strand have opposite directions to their directional labels, we flip

the direction of the strand.

5.6 Face Model

This section corresponds to part (C) in Figure Each segmented video frame from the
previous stage is processed using the IntraFace software [I55], which provides head pose,
and 49 inner facial landmarks. From all the frames, the frame that is closest to frontal face
is picked first (where yaw and pitch are approximately 0), and fed to a morphable-model-
based face model estimator 3DMM CNN [I39]. This method generates a linear combination
of the Basel 3D face dataset [I7] with both identity shape, expression weights and texture.
Here, we only use the identity weights to generate a neutral face shape. In the future, it will
be easy to add facial expressions to our method. The result of the estimation is a masked
face model.

We complete the head shape using a generic 3D head model from the Facewarehouse
dataset [28]. We choose to use the Basel dataset instead of using the Facewarehouse dataset

to fit directly, because the Facewarehouse dataset contains only about 11k vertices for the
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whole head, while the Basel dataset contains about 53k for just the face region in which
more facial shape details are provided. We pre-define 66 3D facial landmarks (49 landmarks
on the inner face and 17 landmarks on the face contour and the ears) on both the 3D face
dataset used by 3DMM CNN [139] and the generic head shape. Since all the face shapes
in the 3D face dataset are in dense correspondence, we transfer these 66 landmarks to all
the output 3D faces. We then deform the generic shape towards the 3D face shape using
the landmarks, following [95]. We fuse the deformed generic head shape and the face shape
using Poisson surface reconstruction [79] and get a complete head shape.

For the texture of the head, we project the full head to the selected frontal image and
extract per-vertex colors from the non-hair region of the frontal image. We complete the
side-view textures by projecting the head to all the frames. For the remaining invisible

region, we assign an average skin color.

5.7 Experiments

In this section we describe the parameters used and the data collection process; we show

results as well as comparisons to state-of-the-art methods.

5.7.1 Data Collection and Processing of Video Sequences

We collected 8 video clips of celebrities by searching for key words like ”Hillary speech”,
” Adele award” on YouTube with an HD filter. The typical resolution of our videos is 720p
(1280 x 720) with video duration around 40 seconds sampled at 10 fps (380 frames for
Adele, 340 and 240 frames for Cate Blanchett, 250 and 350 frames for Hillary Clinton, 500
frames for Justin Trudeau, 390 frames for Theresa May, 310 frames for Angela Merkel).
The camera view point is relatively fixed across all the frames, while the subject is making
a speech with his/her head turning. We processed our frames at 10fps. We ran the face
detection method [I55] on all the frames to determine a bounding box around the head (box
height varies from 200 to 600). Our online video sequences typically cover the frontal, left
and right view of the person. The minimum view range we have is for Angela Merkel: only

—15 to 75 degrees. There are no back views of any person’s head in the videos.



47

For mobile selfie videos, 9 subjects were asked to take a selfie video of themselves from
left to right and switch hands in the front using their own smart phones (video resolution
varies from 720p to 1080p). The subjects were not required to stay rigid and could take
the video at their ease. The videos were taken in arbitrary environments and the lightings
were not controlled. Note that the quality of mobile selfie videos are usually worse than
the online videos due to large motion blurs caused by hand moving, auto focus, and auto
exposure from phone cameras, although a higher frame resolution is accessible. The selfie
video is approximately 15 seconds sampled at 20fps (369 frames, 277 frames, 229 frames, 300
frames, 267 frames, 376 frames, 383 frames, 235 frames and 256 frames for each individual
from top to bottom of Figure ).

Later, the semantic segmentation method [162] was run on video frames to remove the
background and foreground occlusions such as microphones. We ran VisualSFM [I53] on
the pre-processed frames. In VisualSFM[I53], the non-rigid face expression change might
cause large distortions in the reconstructed views; thus we set radial distortion to zero.

Runtime We ran our algorithm on a single PC with a 12 core i7 CPU, 16GB of memory
and four NVIDIA GTX 1080 Ti graphics cards. For a typical online video, the preprocessing
and structure from motion plus visual hull in Figure (A) takes 40 minutes. Extracting
2D query strands in Figure (B) takes 3 minutes. The head shape reconstruction and
texture extraction takes 3 minutes to run. Hair database retrieval and deformation in
Figure D) is 40 minutes with 500 candidates. The 3D orientation local deformation and

final hair strand generation from the reconstructed head takes 2 min.

5.7.2  Results and Comparisons

Figure and Figure show the results together with the reference frames from the
videos. We can see that the reconstructions are good for a variety of lighting conditions,
diverse people and hairstyles.

Next, we compared our results to the state-of-the-art hair in-the-wild reconstruction

methods [34] 161, [69]. E| We performed qualitative, quantitative and user study comparisons

"We thank the authors of those papers for helping creating comparison results.
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Figure 5.6: Reconstruction results from mobile selfie videos of different people in different

environments.



49

Figure 5.7: Example results of our method. From top to bottom, the view coverage for
Angela Merkel’s video is 15 degree to —75 degree, 67 to —75 degree for Cate Blanchett and
60 to —74 degree for Hillary Clinton. Note that we can even create a natural looking result

for Angela Merkel with a small view coverage.

below.

Figure shows comparisons for single-view methods. We picked a frontal frame from
each of the 5 video clips of celebrities as input. We compared our untextured results with
autohair [34] and textured results with avatar digitalization work [69]. Note that our 3D
models captured more personalized hairstyles; for example in Adele’s case (the 1st row),
autohair [34] produced a short hairstyle, while Adele has a long hairstyle. Compared to
digital avatars [69], where each hairstyle has a flat back, our results show more variety.

In four-view method [161], frontal, left, and right views are manually chosen from the
same video clip. Since we do not have the back view in our video frames and the back view
is necessary for the four-view reconstruction method, the authors were allowed to use any
back view image they could find to reconstruct (the authors did not reconstruct Adele). In
our algorithm, we did not use the back view photo of the person. Our results are similar
to [I61]; however ours are closer to the input; this can be seen by looking at the result of
Justin (the 4th row) produced by four-view method [161] which has a larger volume.

We did a quantitative comparison by projecting the reconstructed hair as lines onto

the images, computing the intersection-over-union rate to the ground truth hair mask (man-
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Figure 5.8: This figure shows our results compared to the state-of-the-art methods. For
each subject, we show the results in frontal and side views. For each view, the first column
shows a reference frame from the video, then we show in the order of the untextured results
from autohair [34], four-view method [I61], our method and the textured results from avatar
digitalization method [69], our method. Note how our result captures more personalized

hair details, as also indicated by human studies and quantitative comparisons.
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Table 5.1: IOU accuracy between the projected reconstructed hair and the hair segmentation

(manually labeled ground truth).

Subject Frames four-view [161] Ours

Hillary 266 0.6295 £ 0.0411 0.8294 + 0.0446
Theresa 252 0.6598 £0.0258 0.8111 + 0.0216
Cate 255 0.5991 £0.0474 0.7749 £+ 0.0669
Justin 307 0.4787 £0.0882 0.8028 + 0.0187

ually labeled, but not used in our training or testing of the hair classifiers) per frame. We
show the average IOUs over all the frames of each subject in Table A larger IOU means
that the reconstructed hair approximates the input better. In total, our reconstruction
results get an average IOU rate of around 0.8, while the four-view reconstruction method
gets an average IOU of around 0.6. We showed the projection and ground truth hair mask
of some example frames in Figure Our results resemble the hairstyles better in all the

frames.

User Study We performed Amazon Mechanical Turk studies to compare our results to
other methods. We showed two results side by side with the ground truth image in different
views and asked which shape was more similar to the input, ignoring the face, shoulder and
rendering qualities. For each subject, we did 3 groups of studies comparing the frontal, left,
and right views. To remove bias, we switched the order of the two results and did 3 more
groups of studies. Each view was rated by 40 Turkers, giving a total of 120 different Turkers
for each subject. We reported the rate of preference to our results over total in Table
Our results achieved an average preference rate of 72.7% in all the study groups. Similarly,
we did a comparison of the textured results to the avatar digitalization work [69] showing
the 0°, 15° and 90° views. The ratio of preferences is reported in Table In total, our
results were considered better by 90.8% of the Turkers. All the comparison results can be

found in Appendix
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A Gilobal |

Groundtruth Annotation Our Projection [Zhang et al. 2017] Groundtruth Annotation Our Projection [Zhang et al. 2017]

Figure 5.9: This figure shows four example frames comparing the silhouettes of the re-
constructed hairstyles to the hair segmentation results. The red mask is the annotated
groundtruth hair mask over the image frame. The green mask shows the projected silhou-
ettes from our method over the image and the blue mask shows the projected silhouettes

from four-view method [161].

Table 5.2: The ratio of preference to our results over total compared to four-view method

[161] based on Amazon Mechanical Turk tests.

Subject frontal left right total

Hillary  39/40 27/40 27/40 93/120
Theresa 13/40 26/40 27/40 66/120
Cate 30/40 26/40 32/40 88/120
Justin  27/40 37/40 38/40 102/120




93

Table 5.3: The ratio of preference to our results over total compared to avatar digitalization

method [69] based on Amazon Mechanical Turk test.

Subject 0° 15° 90° total

Adele  29/40 32/40 38/40 99/120
Hillary 35/40 38/40 36/40 109/120
Theresa 35/40 37/40 39/40 111/120
Cate  40/40 40/40 40/40 120/120
Justin  39/40 35/40 32/40 106,120

5.8 Limitation and Applications

5.8.1 Limitations

Our method cannot work on highly dynamic hairstyles due to the high non-rigidity of the
hair volumes across the in-the-wild videos. See the example video frames of Olivia Culpo
in Figure a). The human hand interaction and body occlusion make the segmentation
difficult. Our method also fails on videos where the background is too complicated as shown
in Figure [5.10b). The other people or crowds in the background make it hard to estimate
the head silhouette of the person and will lead to incorrect correspondences when running

structure-from-motion.

For the low-confidence view corrections, we require an input video covering a view range
of at least 90 degrees. Fewer views will cause the visual hull to be extremely distorted
as shown in Figure [5.10|c), where our deformable registration will fail with a large fitting
error. Note that as the view coverage decreases, this problem will be reduced to a single-view

reconstruction problem.
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(a) Highly Non-rigid Hair (b) Complicated Background c) Fewer view coverages

Figure 5.10: Limitations of our algorithm. In (a) we show example video frames of highly
non-rigid hairstyle. In (b) we show an example video frame with a complicated background.
In (c) we show the back of a deformed hair mesh towards a visual hull from a small view

coverage input.

5.8.2  Applications

Our reconstructed models can be now used for a variety of applications as shown in Figure
[6.11](a)(b); we can also change the overall color of the hairstyle, making it darker or lighter,
or morphing it to another hairstyle.

Since the hair roots of all our hair models are transfered from the generic shape used
to compute the head model, we can assume that hair root points and hair strands are
in correspondence for the same person. We resampled all the hair strands with the same
number of vertices (50 in our implementations), which can be used for applications such as
personalized strand-level hairstyle morphing.

In Figure c¢), we show the hair morphing result of Cate Blanchett in two hairstyles
from two different videos. The intermediate results are created by a one-to-one strand
interpolation of the source and target hair strands. We can also morph the reconstructed
hairstyle to a given hairstyle from the dataset as shown in Figure (d) The given

hairstyle was re-grown from its 3D orientation field using the same set of scalp points to
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Figure 5.11: Hairstyle change examples. We show a darker and lighter version of Cate
Blanchett’s hairstyle in (a)(b). (c¢) shows the hair morphing intermediate results from two
different hairstyles of the same person. (d) shows the hair morphing from the person’s

reconstructed hairstyle to a given hairstyle from the dataset.
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create correspondences to the original hairstyle. We trimmed the hair strands that intersect

with the face during interpolation.

5.9 Discussion and Future Work

We have described a method that takes as input a video of a person’s head in the wild and
outputs a detailed 3D hair strand model combined with a reconstructed 3D head to produce
a full head model. This method is fully automatic and shows that a head model with higher
fidelity can be recovered by combining information from video frames. Our method is not
restricted to specific views and head poses, making the full head reconstruction from in-the-
wild videos possible. We showed our results on several celebrities as well as mobile selfie
videos and compared our work to the most recent state of the art.

However, there are still a number of limitations and possible extensions to explore. One
direction is to refine the rough hair mesh estimation for non-rigid hairstyles. Currently
in our input, the person’s head moves gently and our rough hair mesh is generated from
the visual hull, which is only an approximation of the real hair volume, since the hair is
non-rigid. We might explore using the ARKkit of a smart phone to provide extra depth
information to align the hair volume densely across frames. Also, we currently rely on the
rigid camera poses estimated using structure from motion with SIFT features to connect all
the views. In the future, we want to use facial features and hair specific features to increase
the robustness of the frame alignment.

We created face textures from video frames, which caused artifacts due to hair occlusions,
decoration occlusions and low resolution of the faces. In the future, we can use generate
photo-realistic textures as proposed by Saito et al. [128]. Finally, a future extension to
incorporate a facial blend shape model or estimate per frame facial dynamics as proposed

by Suwajanakorn et al. [I35] to create a fully animatable model would be desirable.
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Chapter 6

CONCLUSION AND FUTURE WORK

The purpose of this work was to reconstructing a personalized 3D head shape of a subject
from easy inputs using data-driven approaches. We developed algorithms and pipelines to
reconstruct a high-detailed face from a single depth image taken from a commercial RGB-D
camera and move on to reconstruct more parts of the head from in-the-wild photos and

videos.

We first reconstructed a high-quality 3D face mesh from a rough, noisy single Kinect
depth image as presented in Chapter [3| We defined a similarity measurement that uses a
combination of pseudo-landmarks and azimuth-elevation angle histogram to retrieve from a
large 3D face database for the most similar parts of the input face. We did both quantitative

comparison and visual comparison to other face reconstruction methods.

Then, in Chapter [ aiming at reconstruct more parts of a subject’s head and totally free
the subject out of the capturing session, we designed a new pipeline of head reconstruction
from Internet photos. We divided a subject’s photos into several pose clusters. A depth map
of the frontal cluster was first reconstructed assuming the head is a lambertian surface. The
method gradually growed the reconstruction by estimating surface normals per-view cluster
and then constraining the depth of current cluster with boundary conditions, resulting a
head mesh of the subject that combines all the views. Results of several celebrities were

shown using their online photo collections.

Finally, to solve the limitations in Chapter [4] and reconstruct a complete head model
with hairs, we developed a fully automatic pipeline to reconstruct a subject’s head from a
in-the-wild video in Chapter [5| We start with the visual hull of the head shape from the
video frames and automatically extracted hair directional informations. A best matching
hairstyle was retrieved from a synthetic hairstyle database and deformed to fit the subject’s

personalized hairstyle. We collected 8 celebrities videos, added 9 subjects from mobile selfie



58

videos and showed the reconstruction results.

The key contribution of this work is that we showed 3 pipelines that led to the per-
sonalized reconstruction of a subject’s face or hair from easy inputs, taking advantage of
some pre-collected 3D shape databases. For future work, an important extension is to add
personalized dynamics to both the face and hair of the subject. From a video sequence, we
could extract a personalized facial blend shape to model the expression. Personalized hair
motion could also be extracted and analyzed.

Furthermore, we could potentially improve the skin and hair textures from the video.
In our current pipeline, we simply take the per-vertex color from the frames as textures
regardless of the lighting conditions. In the future, we want to be able to model the envi-
ronment lighting from the video and extract true albedos for both the skin and hair regions.
Moreover, in addition to using SIFT features for frame alignments, we want to investigate
on face and hair specific features to get a better correspondence for head pixels across video

frames.
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Appendix A
HAIR CLASSIFIERS

Hair segmentation is an important part of face parsing and full head reconstruction.
Yacoob et al. [I57] detected hair based on the position relationship between face and hair
and a simple color model. Wang et al. [146] proposed a coarse-to-fine hair segmentation
method that starts from a coarse candidate region and performs graph-cuts to segment
the hair. A CNN-based face parsing method by Luo et al. [107] hierarchically combined
several detectors to detect face components. Liu et al. [100, Q9] proposed multi-objective
learning frameworks that could parse facial components as well as hair regions, but this
model requires facial landmarks as prior inputs and can only handle simple hairstyles. To
allow robust hair segmentation on various hairstyles, Chai et al. [34] trained a deep network
specifically for the hair regions. However, their method requires pre-alignment of the face
to detect the hair region. In recent years, fully convolutional networks (FCN) by Long et
al. [102] have been widely used for pixel-level segmentation. We adopted the FCN model
for robust hair segmentation and trained a network to segment hair regions across various
poses.

We collected 15,977 hair salon images from a hairstyle design website [61] E] and 3,923
Internet images of celebrities from Google image search in various head poses and different
hairstyles total of 19,900. Each pixel in those images was labeled manually as hair or non-
hair. To preserve continuity of the hair region, hair accessories were labeled as hair. The

training images were not cropped nor aligned to increase robustness.

A.1 Hair Segmentation Classifier

We trained the hair segmentation classifier using a fully convolutional network with 13,900

images out of all the collected photos, and the remaining were used for testing. Specifically,

"http://www.hairbobo.com/faxingtupian
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the FCN-32s model [102] was used, and it was fine-tuned with PASCAL VOC data from
the ILSVRC-trained VGG-16 model. To only detect the hair category, we changed the
output number of the last convolution layer to one and add a sigmoid layer to get scores
between 0 and 1. The output score represents the probability that the pixel belongs to
hair. In our implementation, we resized all our input images to 500 x 500. With FCN-32s,
we downsampled the output with a factor of 32. We later used bilinear interpolation to
upsample the output heatmap to obtain the final segmentation result. We fine-tuned the
pretrained FCN-32s with the following parameters: minibatch size 1, learning rate 107,
momentum 0.99, and weight decay 0.0005. We froze all the layers except the last score
layer in the first 100, 000 iterations. Then we fine-tuned all the layers in the next 100, 000
iterations.

We tested our segmenter on the 6,000 test images. The hair segmentation network was
implemented with Caffe [76] and C++ and ran on a NVIDIA GTX 1080 GPU with an
inference time of 150ms for a 500 x 500 input image. The accuracy on the test images
reached 0.9613, and the IOU rate reached 0.8585.

Using automatic hair segmentation (that works well across views, even back views) is
the key to enabling a fully automatic hair modeling system. Our algorithm is capable of
segmenting the hair region successfully in different views and head poses. However, it still
fails to segment some hairstyles correctly when the hair color is too close to the background
or when the image has a large motion blur.

We compared our classifier to two methods: Liu et al.’s work [99] and DeepLab [37]
(which was compared to by Chai et al. [34], but Chai et al. [34] does not provide code so
we compared with DeepLab). We fine tuned and ran DeepLab on all of our test images and
got a pixel accuracy of 0.8892 and IOU rate of 0.7173. For the method of Liu et al. [99],
we used the pre-trained model to run on only 41.3% of our test images, since it requires
pre-detection of the face and fails on back and side views. The pixel accuracy for the 41.3%

test images was 0.8462, and IOU rate was 0.5573.
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A.2 Hair Directional Classifier

Hair areas were divided to regions based on their general growing trends. Omne of four
directional labels was assigned in the labeling stage: [0,0.57), [0.57, ), |7, 1.57), [1.57, 27).
Hair accessories and hair occlusions were labeled as undetermined region, and background
pixels were labeled as background. We trained a modified VGG16 network as proposed by
Chai et al. [34] on the hair regions, using a multi-class approach with 6 classes (4 directions,
1 background, 1 undetermined).

To train our hair directional classifier, we cropped and extracted the hair region, resized
each image to 256 x 256 and downsampled 8 times with a bilinear filter. The output result
was then upsampled to the original image size with bilinear interpolation and then followed
by a CRF for per-pixel labels. In the training stage, we utilized the same set of 13,900
images and augmented the dataset to 20,000 images by image rotation, translation, and
mirroring.

We implemented the classifier in the same environment as the segmenter and set the
minibatch size to 32 and the initial learning rate to 0.0001 with exponential decay. Our
network converged after 50k steps. The inference time was 59ms for a 256 x 256 input
image. We ran the directional classifier on the same test set of 6,000 images and got an
accuracy of 0.9425.

Our classifier typically fails to generate a correct direction label for some small regions
on the side of the face. However, in our pipeline, since we have video sequences, we can still
get a correct direction from a different view. The availability of many views compensates

for individual failure cases.
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Appendix B
AMAZON MECHANICAL TURK SURVEYS

B.1 Comparison to Four-view Method [161]

To ensure the diversity of the answers, we separated each result into 6 surveys and assigned
each survey to 20 different mechanical turks. The result of each subject is evaluated by 120
different mechanical turks. The instruction of each survey is as following:

In the photo you see three columns:

Input || Hair model #1 || Hair model #2

Which of the two hair models resembles in 3D hair shape more to the input? Ignore:
face, shoulders, and rendering quality.

o Hair Column 2

o Hair Column 3

Figure B.1: Survey 1.1
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Figure B.3: Survey 1.3

Figure B.4: Survey 1.4




Figure B.7: Survey 1.7
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Figure B.8: Survey 1.8

Figure B.9: Survey 1.9

Figure B.10: Survey 1.10
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Figure B.11: Survey 1.11

Figure B.12: Survey 1.12

Figure B.13: Survey 1.13
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Figure B.14: Survey 1.14

Figure B.16: Survey 1.16



Figure B.17: Survey 1.17

Figure B.19: Survey 1.19
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Figure B.21: Survey 1.21

A Global Br

A Global Britain

Figure B.22: Survey 1.22



Figure B.23: Survey 1.23

Figure B.24: Survey 1.24
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B.2 Comparison to Digital Avatar Method [69]

To ensure the diversity of the answers, we separated each result into 3 surveys and assigned
each survey to 20 different mechanical turks. The result of each subject is evaluated by 60
different mechanical turks. The instruction of each survey is as following:

In the photo you see three colums:

Input || Hair model #1 || Hair model #2

Which of the two hair models resembles in 3D hair shape more to the input? Ignore:
face, shoulders, texture and rendering quality.

o Hair Column 2

o Hair Column 3

Figure B.25: Survey 2.1

Figure B.26: Survey 2.2



Figure B.27: Survey 2.3

Figure B.28: Survey 2.4

Figure B.29: Survey 2.5
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Figure B.30: Survey 2.6

Figure B.31: Survey 2.7

Figure B.32: Survey 2.8
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Figure B.33: Survey 2.9

Figure B.34: Survey 2.10

Figure B.35: Survey 2.11
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Figure B.36: Survey 2.12

Figure B.37: Survey 2.13

Figure B.38: Survey 2.14




Figure B.39: Survey 2.15
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